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Abstract

Anxiety is the unease about a possible future negative outcome. In recent years, there has been growing interest
in understanding how anxiety relates to our health, well-being, body, mind, and behaviour. This includes work on
lexical resources for word—anxiety association. However, there is very little anxiety-related work on larger units of
text such as multiword expressions (MWE). Here, we introduce the first large-scale lexicon capturing descriptive
norms of anxiety associations for more than 20k English MWEs. We show that the anxiety associations are
highly reliable. We use the lexicon to study prevalence of different types of anxiety- and calmness-associated
MWEs; and how that varies across two-, three-, and four-word sequences. We also study the extent to which the
anxiety association of MWEs is compositional (due to its constituent words). The lexicon enables a wide variety
of anxiety-related research in psychology, NLP, public health, and social sciences. The lexicon is freely available:

https://saifmohammad.com/worrylex.html
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1. Introduction

Anxiety is the feeling of unease or nervousness
one feels because they anticipate some possible
future negative outcome. It is a normal part of the
human experience and has evolved for our ben-
efit: the sense of unease can be a useful driver
of actions that lead to safety, security, prosperity,
and social harmony (Bateson et al., 2011). Further,
anxiety (both normal and clinical) and, its converse,
calmness have been been shown to impact produc-
tivity, cognitive outcomes (e.g., accuracy on mental
tasks), and even our physical bodies (Kim and Gor-
man, 2005; Siddaway et al., 2018). Thus, anxiety
and calmness are active areas of research in Psy-
chology, Medicine, Public Health, Social Science,
Economics, and even the Humanities.

Language is a powerful medium for expressing
anxiety (consciously and unconsciously) and
language-resource work has produced large
repositories of word—emotion associations and
sentences annotated for emotions (including
for anxiety). However, we are not aware of
any large-scale work on multiword expressions
(MWESs) and anxiety. MWEs have been defined
with some differences in past works, but here we
simply consider sequences of two or more words
(often with some interesting semantic, syntactic, or
functional property) as MWEs. Broadly speaking,
MWEs are important in NLP, linguistics, social
sciences, and psychology because meaning is
often not compositional (Smolka and Schulte im
Walde, 2020) and MWEs reveal insights about
the structure of language, social interaction, and
cognitive processing. Yet, unlike their lexical or
sentence cousins, far fewer language resources

exist for MWEs. Our work at the intersection of
anxiety and MWEs makes three contributions:

1. We make a comprehensive case for why
anxiety- and calmness-associations of MWEs
matters in various disciplines (§3).

2. We conduct a large crowdsourcing effort to
determine anxiety- and calmness associations
for more than 20k English MWEs (§4). We
will refer to it as the WorryMWEs lexicon.
The lexicon captures descriptive norms (how
people use language and how they perceive
MWE-anxiety associations); these are not
normative (how people should use language).

3. We use WorryMWEs to study prevalence
of different types of anxiety- and calmness-
associated MWEs (§5.1). We also study the
extent to which the anxiety association of MWEs
is compositional (due to its constituent words)
(§5.2).

WorryMWEs (with entries for 20k MWEsS) is bun-

dled together with WorryWords (with entries for 44k

words) and released as WorryLex v2.'

2. Related Work

MWE work in NLP has largely focused on the au-
tomatic discovery, processing, and understanding
of MWEs from corpora (see surveys such as (Con-
stant et al., 2017; Smolka and Schulte im Walde,
2020)). Relatively less work has gone into manu-
ally compiling large lists of MWEs. Notable in such
efforts is work by Muraki et al. (2023a), who man-

'https://saifmohammad.com/worrylex.html
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ually compiled a lexicon of about 62,000 MWEs.
They added concreteness ratings for the MWEs, as
well as the frequencies of the MWEs in a subtitles
corpus (Brysbaert et al., 2012). Takahashi et al.
(2024) compiled a lexicon of 160,000 Japanese
MWEs. Tong et al. (2024) compiled a 10k English
metaphor-literal paraphrase pairs dataset. There
is even less work on annotating MWEs for infor-
mation such as sentiment, despite work on many
*word*—emotion association lexicons for a hand-
ful of categorical emotions (as in the NRC Emotion
Lexicon (Mohammad and Turney, 2010, 2013)) and
for valence, arousal, and dominance (Warriner et al.
(2013) and Mohammad (2018) for English; Moors
et al. (2013) for Dutch, and V& et al. (2009) for Ger-
man). The recently released NRC VAD Lexicon v2
includes valence, arousal, and dominance entries
for 10k MWEs and 44k words (Mohammad, 2025).
Jochim et al. (2018) crowdsourced the sentiment
annotation of 5000 English idioms. Ibrahim et al.
(2015) annotated 3600 Modern Standard Arabic
idioms for sentiment.

Mohammad (2024a) created a word—anxiety as-
sociation lexicon for 44,000 English words.? The
lexicon has been used to detect and study human
values (Yeste and Rosso, 2026), temporal trends in
the expression of anxiety on social media (Moham-
mad, 2026b), and mental health memes (Mazhar
et al., 2025).

Going beyond words, there exist some
sentence/post-level datasets of social media posts
manually annotated with anxiety or stress labels
(Rastogi et al., 2022; Mitrovic et al., 2024; Turcan
and McKeown, 2019). However, there are no
large datasets of MWEs annotated for anxiety. We
discuss some challenges in creating such lexicons
and how such lexicons can be widely useful, in the
next section.

3. Why Anxiety- and Calmness-
Associated MWEs Matter

Even though there is considerable NLP work on
words (such as the creation of large lexicons and
lexical-semantic analysis) and on sentences (such
as the creation of large corpora, sentences anno-
tated for emotions, and automatic systems for sen-
tence classification), there is relatively much less
work on multiword expressions. Arguably, this is be-
cause it is easier to deal with words and sub-word
units in NLP, whereas MWEs blur the boundary
between vocabulary and grammar by often acting
as a single unit and having varying levels of fixed-
ness. (Also see Multiword expressions: A pain in
the neck for NLP (Sag et al., 2002).) Yet, MWEs
are important in NLP, linguistics, social sciences,

2https://saifmohammad.com/worrywords.html

and psychology because their meaning is often

not compositional and so they can reveal insights

about the structure of language, social interaction,

and cognitive processing. See Ramisch (2015);

Sag et al. (2002); Smolka and Schulte im Walde

(2020) for a discussion on the applications of MWE

resources in general. Below, we make a case for

why research on anxiety-related MWEs matters and
how anxiety lexicons can be useful (even in the era
of large language models).?

1. Semantics and Human—Computer Interaction
(HCI). MWEs such as on edge, at peace with
myself, jumping out of my skin, and keep your
cool have non-literal meanings that cannot be
determined simply from the meanings of their
constituents. They can be especially revealing in
how people store and retrieve language chunks
of meaning. Thus, both linguists and develop-
ers of artificial chat agents benefit from a large
repository of MWE—-anxiety associations.

2. Pragmatics, Emotions, and Framing. MWEs
are often laden with rich connotative meaning,
conveying subtle nuances of emotional intensity,
politeness, formality, or social acceptability (Sag
et al., 2002; Zgusta, 1967; Citron et al., 2019;
Allawama et al., 2025). MWEs such as losing
control, on edge, can't take it anymore (anxiety),
at peace with myself, or taking it in stride (calm-
ness) encode folk psychological concepts of emo-
tional states. These expressions reveal how peo-
ple naturally talk about and categorize emotion,
which helps researchers build models of affect.
MWEs often have an emotional punch, thereby
influencing perception, recall, and judgment (Cit-
ron et al., 2019). Thus, MWEs like war on drugs
or family values are used to frame complex is-
sues in persuasive ways. Therefore, MWEs, es-
pecially those associated with anxiety, are highly
relevant to analyzing online discourse and politi-
cal rhetoric.

3. Cognitive Science, Cognitive Linguistics, Cogni-
tive Psychology. MWEs often draw on physical
and embodied metaphors (Kacinik, 2014). Exam-
ples of anxiety and calmness-related embodied
MWEs include: jumping out of my skin, butter-
flies in my stomach, my heart’s racing, smooth
sailing, cool as a cucumber, and a weight lifted.
Thus MWEs are a window into embodied and
metaphorical thinking. Anxiousness associated
MWEs can be used to study how emotional lan-
guage is grounded in sensorimotor experience
and is organized metaphorically.

4. Lexicon and Mental Representation. Many emo-
tionally charged MWEs are stored as chunks in
the mental lexicon (Villavicencio et al., 2004).

3Note that all of the work described for the disciplines
below are relevant to NLP, and so we do not list a sepa-
rate bullet point just for NLP.
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Their processing shows that language users
treat them as formulaic units, not constructed
from scratch each time. Anxiousness associated
MWEs can be used to study how emotional lan-
guage is lexically represented, and whether they
facilitate faster retrieval and use in communica-
tion (thereby providing evolutionary benefits).

5. Affective Science. MWEs frequently reflect emo-
tion regulation strategies, both maladaptive and
adaptive (Nichter, 2010; Lee, 2017; Cole et al.,
2010). Examples of anxiety-associated MWEs
pertaining to emotion regulation, include: bot-
tling it up, trying to push it down, taking a deep
breath, and letting it go. They give insight into
implicit self-regulatory processes people engage
in during emotional episodes. MWEs provide lin-
guistic evidence for how affect interacts with at-
tention, memory, appraisal, and prediction—core
components of emotion theories. Anxiety MWEs
often reflect future-oriented, uncertain, or threat-
focused cognition (e.g., what if something goes
wrong?). Calmness MWEs often reflect present-
centered, grounded cognition (e.g., taking things
as they come). WorryMWEs can be used to study
emotion regulation strategies and inform theories
of emotion by showing how people encode ap-
praisals and attention patterns in language.

6. Computational Social Science (CSS). Anxiety
and fear are particularly relevant to CSS in recent
years with growing anxiety over issues such as
climate change, immigration, health care, and
civil rights. On the one hand, a healthy level of
anxiety can push people towards collective ac-
tion to solve big problems; yet, on the other hand,
heightened anxiety can be used as a manipu-
lative tool by politicians for votes, and to take
away rights and civil liberties (Cap, 2016). Large
MWE-anxiety lexicons can help track levels of
anxiety towards these issues in various stake
holders.

7. Sociolinguistics and Discourse Analysis. Ex-
pressions and norms of anxiousness vary across
cultures, communities, and situational contexts
(Heinrichs et al., 2006). This applies to MWEs as
well: for example, in North America one may com-
monly hear spinning out and losing it, whereas
in India one may come across my head is heavy
(overwhelming emotions). Thus MWEs associ-
ated with anxiousness and calmness can act as
discursive markers of identity, emotional stance,
and cultural framing of emotional experience.
Anxiousness MWEs local to different commu-
nities can be used to study social norms of emo-
tional regulation or cultural values around anx-
iousness and composure.

8. Corpus Linguistics and Public Health Research.
Linguists and public health researchers can ana-
lyze the frequency and context of MWEs linked

to emotional states in clinical narratives, social
media, and everyday speech.

9. Sentiment and Emotion Analysis. Availability
of an MWE-anxiety lexicon can improve senti-
ment analysis, emotion detection, and affective
computing models.

10. Construction Grammar and Language Acqui-
sition. Some MWEs linked to anxiety or calm-
ness occur in fixed syntactic patterns: e.g., /can’t
take it anymore, I'm losing control, | finally feel
at ease, and It's going to be okay. Both children
and second-language learners rely heavily on
formulaic expressions for fluent communication
(Jackendoff, 1997). Thus, anxiety-related MWEs
can be used to study how some emotional ex-
pressions become fixed over time as well as how
children acquire and develop the language of
emotions.

Thus language resources at the intersection of
MWEs and anxiety are foundational to our under-
standing of a wide variety of phenomena. Note that
automatic prediction of anxiety from individual text
instances is only a small part of the use cases. In
addition to presenting the broad overview above, in
Sections 5.1 and 5.2 ahead, we show how we use
WorryMWEs to obtain new insights about MWEs
(insights that are most directly answered by the
lexicon rather than by using some ML system or
LLMs). Finally, even though LLMs can be prompted
to generate anxiety lexicons, any inferences drawn
from an automatic approach requires manual val-
idation. Portions of the manually created anxiety
lexicon presented here can be used to improve the
generations of the LLM and held out portions can
be used to validate the LLM generations.

4. MWE Annotations for Anxiety

Key steps in creating the MWE—-anxiety lexicon:
. Selecting the terms to be annotated

. Developing the questionnaire

. Developing measures for quality control (QC)
. Annotating terms on a crowdsource platform
. Discarding data from outlier annotators (QC)
. Aggregating data from multiple annotators to
determine the anxiety association scores

7. Determining reliability (quality) of annotations
8. Distribution

We describe each of these steps below.

1. Term Selection. We wanted to include various
kinds of MWEs, including common phrases, light
verb constructions, and idiomatic constructions.
However, identifying MWEs from a large corpus
of text is not trivial. Further, we wanted to include
terms for which other linguistically interesting
annotations already exist (such as concreteness
ratings). Thus, for our anxiety associations
work we chose the 10,000 most frequent MWEs

OOk~ —=

8028



compiled by Muraki et al. (2023a). These were
all bigrams (two-word sequences) and were
annotated first as described in the steps below. We
then selected an additional 10,600 most frequent
trigrams (three-word sequences) and fourgrams
(four-word sequences) for annotation.

2. Anxiety Questionnaire. The questionnaire
used to annotate the data was essentially the
same as that used for the WorryWords project
(Mohammad, 2024a), with minor changes such
as replacing “words" with “terms" or "MWEs", and
including MWEs in the set of examples provided.
Detailed directions and example questions (with
suitable responses) were provided. The primary in-
struction and the question presented to annotators
is shown below.

Consider anxiety to be a broad category that includes:
jittery, antsy, insecure, nervous, unease, unnerving,
worried, tense, nerve-racking, apprehensive, troubled,
fretful, self-doubting, discontented, concerned

Consider calmness to be a broad category that includes:
calm, relaxed, comforted, serene, at ease, peaceful,
carefree, composed, collected, untroubled, contented,
self-assured, unconcerned, indifferent, uninvolved

If you do not know the meaning of a multiword expression
or are unsure, you can look it up in a dictionary (e.g., the
Merriam Webster) or on the internet.

Quality Control: Some questions have pre-determined
correct answers. If you mark these questions incorrectly,
we will give you immediate feedback in a pop-up box. An
occasional misanswer is okay. However, if the rate of
misanswering is high (e.g., >20%), then all of one’s HITs
may be rejected.

Select the options that most English speakers will agree.

Q1. <term) is often associated with feeling:

3: very anxious -1: slightly calm

2: moderately anxious -2: moderately calm
1: slightly anxious -3: very calm

0: not associated with feeling anxious or calm

3. Quality Control Measures. We annotated 2%
of the data ourselves first and interspersed these
with the rest. We refer to these questions as gold
(aka control) questions. Half of the gold questions
were used to provide immediate feedback to the
annotator (in the form of a pop-up on the screen) in
case they mark them incorrectly. We refer to these
as popup gold. This helps prevent the situation
where one annotates a large number of instances
without realizing that they are doing so incorrectly.
As an annotator may unbeknownst to us share
answers to gold questions with others (despite this
being against the terms of annotation), the other
half of the gold questions were also separately
used to track how well an annotator was doing
the task. For these gold questions no popup was
displayed in case of errors. We refer to these as
no-popup gold.

4. Crowdsourcing. We setup the anxiety
annotation task on the crowdsourcing platform,
Mechanical Turk. In the task settings, we specified
that we needed annotations from nine people for
each MWE. We obtained annotations from native
speakers of English residing around the world. An-
notators were free to provide responses to as many
terms as they wished. The purpose of the task
and how their annotations will be used was made
clear, and consent was obtained. The annotation
task was approved by our institution’s review board.

Demographics: About 83% of the respondents who
annotated the MWEs live in USA. The rest were
from India, United Kingdom, and Canada. The aver-
age age of the respondents was 35 years. Among
those that disclosed their gender, about 58% were
female and about 42% were male.*

5. Filtering. If an annotator’s accuracy on the gold
questions (popup or non-popup) fell below 80%,
then all of their annotations were discarded.

6. Aggregation. Every response was mapped to
an integer from -3 (very calm) to 3 (very anxious).
The final anxiety score for each term is the average
score it received from each of the annotators. We
also created a categorical version of the lexicon by
labeling MWEs that got a score > 2.5 as associ-
ated with high anxiety, > 1.5 and < 2.5 as moderate
anxiety, > 0.5 and < 1.5 as slight anxiety, > —0.5
and < 0.5 as neither anxiety nor calmness, and so
on. We refer to the list of MWEs along with their
real-valued final scores and categorical labels as
the WorryMWEs Lexicon. See Table 1 for summary
statistics. We include details from the WorryWords
dataset (past work on English unigrams by Moham-
mad (2024a)) for easy reference.

Figure 1 (a) shows the distribution of the different
classes for the ~44k words in the WorryWords
lexicon; whereas (b) shows the distribution of
the different classes for the ~20k words in the
WorryMWEs lexicon we created. We observe that
MWEs are markedly more polar (associated with
some degree of anxiety or calmness): 53% of
the MWEs; compared to unigrams: 39.9% of the
unigrams. Further, almost twice as many MWEs
are associated with anxiousness (~36%) than with
calmness (~18%). These numbers are consistent
with the idea that MWEs are an important linguistic
mechanism to convey anxiety and calmness.

7. Assessing Reliability of the Annotations We
measure quality of the produced lexicon through a
metric of reproducibility—repeated independent
manual annotations from multiple respondents

“Respondents were shown optional text boxes to dis-
close their demographic information as they choose; es-
pecially important for social constructs such as gender,
in order to give agency to the respondents and to avoid
binary language.
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Table 1: A summary of the WorryWords and WorryMWEs annotations. MAT = mean annotations per term.
SHR, measured through both Spearman rank and Pearson’s correlations (last two columns), indicate
high reliability.

Dataset Terms #Terms #Annotators #Annotations MAT SHR(p) SHR(r)
WorryWords  unigrams 44,450 1,020 375,796 8.45 0.82 0.89
WorryMWEs  bigrams 9,891 217 72,286  7.31 0.81 0.89
trigrams 7,287 285 53,174 7.30 0.93 0.96
fourgrams 3,352 229 24,301 7.25 0.95 0.96

very anxious: 3 [l 2.2% (994)
7.7% (3,435)
17.1% (7,592)

moderately anxious: 2
slightly anxious: 1
neither anxious nor calm: 0 60.1% (26,723)
slightly calm: -1 7.6% (3,378)
moderately calm: -2 [l 3.2% (1,406)
very calm: -3 [l 2.1% (921)

0% 10% 20% 30% 40% 50% 60%

% of terms A

(a) unigrams

neither anxious nor calm: 0

very anxious: 3 [l 4.5% (926)
14.7% (3,012)
15.6% (3,208)

moderately anxious: 2
slightly anxious: 1
47.0% (9,643)
11.8% (2,420)
moderately calm: -2 4.9% (1,006)
very calm: -3 ] 1.6% (322)

slightly calm:-1

0% 10% 20% 30% 40% 50% 60%
% of terms #

(b) multi-word expressions

Figure 1: Distribution of terms in (a) WorryWords (unigrams) and (b) WorryMWEs (MWESs): percentage of
terms associated with each class. (The total number is shown in parenthesis.)

should result in similar scores. To assess this
reproducibility, we calculate average split-half
reliability (SHR) over 1000 trials. Note that SHR is
a common way to determine reliability of responses
used to generate scores on an ordinal scale (Weir,
2005). All annotations for an item are randomly
split into two halves. Two separate sets of scores
are aggregated, just as described in bullet 6 above,
from the two halves. Then we determine how
close the two sets of scores are (using a metric of
correlation). This is repeated 1000 times and the
correlations are averaged. The last two columns
in Table 1 show the results (split half-reliabilities).
Scores for WorryWords are shown for comparison.
SHR scores of 0.81 (Spearman rank correlation)
and 0.89 (Pearson correlation) for bigrams indicate
high reliability of the aggregated real-valued
anxiety values obtained from the annotations.®
These scores are comparable to those reported
in Mohammad (2024b) for WorryWords. The
scores for trigrams and fourgrams are even higher
(greater than 0.9).

8. Distribution. WorryMWEs is freely available
for research. Terms of use are listed on the project
page.® WorryMWEs (with entries for 20k MWESs)
is bundled together with WorryWords (with entries
for 44k words) and released as WorryLex v2 (Mo-
hammad, 2026a).”

SFor reference, if the annotations were random, then
repeat annotations would lead to an SHR of 0. Perfectly
consistent repeated annotations lead to an SHR of 1.

Shttps://saifmohammad.com/worrylex.html

"v2.0 included about 10k MWESs; whereas v2.1 in-
cludes more than 20k MWEs.

5. Using WorryMWEs and
WorryWords to Study Anxiety

Even though anxiety is a common emotion, there
is much that we do not know in terms of how it
manifests in language (in words, in expressions, in
grammatical function, etc.). As part fo this work,
we use WorryMWEs and WorryWords to explore:
1. What is the distribution of anxiety and calmness

classes in different types of words and MWEs?
2. To what extent do neutral and anxious/calmness

terms come together to create anxious/calmness

MWEs (anxiousness compositionality)?

We explore these in the subsections below.

5.1. How Common are the Anxiousnhess
and Calmness Classes in Different
Types of Words and MWEs?

A broad question of interest at the intersection of
language and anxiety, is how language conveys
anxiety. We use WorryWords to explore the extent
to which we see anxiety- and calmness-associated
words in different categories of grammatical func-
tion in English; and WorryMWEs to explore the
extent to which we see anxiety- and calmness-
associated words in different types of MWEs.

Types of Words: We determined grammatical cate-
gory, specifically the most common parts of speech
(PoS) associated with a word, from the SUBTLEX
corpus (Brysbaert and New, 2009) (SUBTIitled
movie and TV corpus). SUBTLEX has word fre-
quency and PoS information for a large collection
of movie and TV show subtitles. It is widely used in
psycholinguistics and cognitive science research.
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We used the PoS information in combination with
the ordinal class labels of words in WorryWords to
compute the distributions for each PoS.

Figure 2 (a) shows percentage of words in Wor-
ryWords pertaining to each part of speech. Figure
2 (b) shows the percentage of words pertaining
to different anxiety and calmness classes within
each of the four main PoS classes and Interjection.
Other classes were predominantly neutral. (The
numbers within each PoS sum up to 100%.)

From (a) we see that nouns are the most frequent
class in WorryWords (58%), followed by adjectives
and verbs (which are less than half as frequent).
Adverbs form 1% of the lexicon, and the rest of the
classes have very small numbers. Interjections
have a markedly highest percentage of non-neutral
words (60%), whereas conjunctions, determiners,
prepositions, and pronouns are predominantly
neutral. Among the more frequent PoS categories,
adjectives and verbs have a markedly higher
number of non-neutral words, about 50%, which is
14 to 18% higher than that for Nouns and Adverbs,
respectively. In general, for all of these classes
there is a greater percentage of anxiety associated
words compared to calmness associated words;
however, the trend is the opposite for interjections.

Types of MWEs: MWEs can be of different types
such as noun compounds (noun—noun colloca-
tions), idioms/fixed expressions, particle verb con-
structions, etc. MWEs of each of these types are
relevant to expressing anxiety and calmness. For
example, walking on egg shells, bundle of nerves,
and at the edge of my rope are idiomatic expres-
sions conveying various levels of anxiety. Similarly,
make a decision, have a breakdown, take control,
and feel pressure are light verb constructions that
convey different levels of anxiety. Further, panic
attack, stress response, worry loop, death spiral,
comfort food, taste explosion, morning calm, etc.
are noun compounds conveying various levels of
anxiety. Yet, we do not know the extent to which
these different types of MWEs are associated with
anxiety and calmness: e.g., how common is anxiety
association in light verb constructions? Knowing
these distributions will shed more light on how we
use MWEs to express anxiety.

Each MWE entry in the MWE concreteness
norms dataset (Muraki et al., 2023b) is marked
with information about its MWE type. We make
use of this to determine (a) percentage of differ-
ent types of MWEs — shown in Figure 3 (a); and
(b) the percentage of MWEs pertaining to various
anxiety—calmness classes within various types of
MWEs in WorryMWEs — shown in in Figure 3 (b).
(The numbers within each type sum up to 100%.)
Results: From Figure 3 (a) we see that idioms are
the most frequent class of MWEs in WorryMWEs
(~61%), followed by compound nouns and then par-

ticle verbs. The anxiety distributions are markedly
different in different types of MWES — Figure 3
(b). Specifically, the percentage of terms associ-
ated with some degree of anxiousness is markedly
higher in idioms (~40%) than in compound nouns
(~25%) or particle verbs (~32%).

Figure in the Appendix shows the distribution
of different types of MWEs in bigrams, trigrams,
and fourgrams, separately. Figure in the Appendix
shows the distribution of different anxiety classes in
different types of MWEs in bigrams, trigrams, and
fourgrams, separately.

Types of MWEs Across Different Ngrams: The
different types of MWEs may be more or less fre-
quent in different ngrams. Figure 5 in the Appendix
shows the distribution of different types of MWEs
in bigrams, trigrams, and fourgrams, separately.
Results: The vast majority of noun compounds
and particle verb constructions occur as bigrams; a
much smaller number as trigrams, and only a hand-
ful a fourgrams. Idioms occur most in trigrams, but
also occur in good numbers in bigrams and four-
grams (albeit about half as much as in trigrams).
We find that bigram MWEs are predominantly com-
posed of noun compounds (~48%), whereas tri-
grams and fourgrams are predominantly composed
of idioms (~85% and ~99%, respectively). Figure
6 in the Appendix shows the distribution of different
anxiety classes in different types of MWE—ngram
combinations (in bigrams, trigrams, and fourgrams,
separately). Notable here is that the percentage
of polar idioms increases steadily (neutral class
decreases) as we move from bigrams (~48%) to
trigrams (~60%) to fourgrams (~70%). The trend
is opposite for compund nound—neutral class in-
creases with length of ngram.

Overall, these results show that all three types of
MWEs and all three types of ngrams considered are
important sources of terms associated with anxiety
and calmness.

5.2. To what extent do anxious consti-
tuent words create anxious MWEs?

A key feature of many MWEs is that they are non-
compositional (to varying degrees).This raises the
question: to what extent is the anxiety of multiword
expressions stemming from the anxiety of its con-
stituent words; and to what extent are multiword ex-
pressions associated with anxiety/calmness when
none of their constituents are associated with anxi-
ety/calmness?

To explore this, we focused on the 8,323 bigram
(two-word sequence) in WorryMWEs whose con-
stituents are in the WorryWords lexicon. We will
refer to the first word in the MWE as word1 and sec-
ond as word2. We partitioned them into 49 (7*7)
bins corresponding to every anxiety/calmness class
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a. Percentage of words pertaining to each PoS in
WorryWords unigrams

Adjective
Adverb
Conjunction
Determiner 0.08% (23)
Interjection
Noun N 58.37% (16,793)
Preposition 0.15% (43)
Pronoun
Verb 17.35% (4,991)

23.04% (6,628)

0% 20% 40% 60% 80%

% of terms

b. Percentage of words pertaining to each of the
anxiety--calmness classes (within each PoS)

Type Ordinal Class

Adjective  very anxious |2.1%
moderately anxious [ 10.4%
slightly anxious 20.2%
neither anxious nor calm 50.4%
slightly calm 8.2%
moderately calm B52%
very calm 135%

Adverb very anxious | 0.5%
moderately anxious | 1.0%
slightly anxious 11.4%
neither anxious nor calm 67.8%
slightly calm 11.4%
moderately calm ] 4.0%
very calm I 4.0%

Interjection moderately anxious [1110.0%
slightly anxious 10.0%
neither anxious nor calm 40.0%
slightly calm 23.3%
moderately calm ¥ 10.0%
very calm Be7%

Noun very anxious |2.2%
moderately anxious 7.4%
slightly anxious 15.1%
neither anxious nor calm 63.9%
slightly calm 7.5%
moderately calm | 2.6%
very calm [1.3%

Verb very anxious |2.5%
moderately anxious | 11.1%
slightly anxious 22.2%
neither anxious nor calm 50.6%
slightly calm 8.9%
moderately calm 131%
very calm |1.7%

0% 50% 100%

% of terms

Figure 2: Unigrams - The distribution of grammati-
cal categories in WorryWords (unigrams) (a) and
the distribution of anxiety—calmness classes within
the grammatical categories of WorryWords (b).

combination of word1 and word2: very anxious—
very anxious, very anxious—moderately anxious,...,
neutral-neutral,...,vary calm—very calm. We then

a. Percentage of MWEs of different typesin
WorryWords

Typel
Compound noun 26.5% (5,450)

Idiom/Fixed expression | N | N NI 51.4% (12,597)

Particle verb 12.1% (2,483)

0.0% 50.0% 100.0%

% of terms

b. Percentage of MWESs pertaining to each of the
anxiety--calmness classes within each MWE type

Typel Ordinal Class =
Compound  very anxious: 3 l2.0%
hotn moderately anxious: 2 7.0%
slightly anxious: 1 13.6%
neither anxious nor calm: 0 59.1%
slightly calm: -1 10.9%
moderately calm: -2 3.7%
very calm: -3 | 1.7%
Idiom/Fixed very anxious: 3 l5.3%
expression  moderately anxious: 2 19.1%
slightly anxious: 1 15.5%
neither anxious nor calm: 0 40.3%
slightly calm: -1 12.3%
moderately calm: -2 6.0%
very calm: -3 |1.6%
Particle verb very anxious: 3 [1.7%
moderately anxious: 2 9.1%
slightly anxious: 1 20.8%
neither anxious nor calm: 0 53.9%
slightly calm: -1 11.2%
moderately calm: -2 2.2%
very calm: -3 |1.2%
0% 50%

% of terms

Figure 3: MWEs - The distribution of types of MWEs
in WorryMWEs (a) and the distribution of anxiety—
calmness classes within types of MWEs (b).

determined the average anxiety scores of all the
MWEs in each bin. We show the results in Figure 4
(a). For each of the 49 bins, we also computed the
percentage of the 8,323 bigram MWEs associated
with anxiety (Figure 4 (b)) and the percentage of
the 8,323 bigram MWEs associated with calmness
(Figure 4 (c)).

Results: Observe in (a) that as word1 and word2
bin scores increase, the average anxiety score of
the bigram bins also increases. This is particularly
noteworthy for word1 and word2 bin associated with
anxiety (scores > 0). The trend is weaker when
word1 and word2 are associated with calmness.
Overall this suggests a marked degree of composi-
tionality (more so when the constituent terms are
associated with anxiety than with calmness).
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a. Average anxiety score of bigrams (words1 word2)

Word2-Class
Word1-Class -3 -2 -1 0 1 2 3
3 022 084 -0.39

-2 -0.07 0.40 -0.02
-1 -0.21 -0.15 0.41
-0.36 0.10 0.08 0.04
0.24 0.32 0.27

Avg. anxiety score of bigram

3.00 I, T 300

b. Percentage of bigrams associated with anxiety (anx score > 0.5)

Word2-Class

Word1-Class -3 -2 -1 0 1 2 3

3 006 001 001 058 011 011  0.05
2 001 000 004 040 005 014  0.05
1 000 000 002 046 008 007 001
0 043 023 066 159 144 077
1 023 004 011 309 028 008 014
2 0.08 004 008 181 014 024 014
3 0.04 001 007 09 007 014 007

%terms  -0.54[ NN 1135

c. Percentage of bigrams associated with calmness (anx score < -0.5)

Word2-Class

Word1-Class -3 -2 -1 0 1 2 3

3 019 000 014/ 178 007 007 001
2 005 000 000 042 001 000  0.00
1 012 001 005 074 006 000  0.00
0 090 017 042 053 012 006
1 010 002 006 062 002 000  0.00
2 005 000 001 019 000 000  0.00
3 000 000 000 006 000 000  0.00

wterms  -0.48[ | [N 10.20

Figure 4: Measures of Anxiousness Compositionality. The percentages shown in b and c are for the
8,323 bigram MWEs considered.
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However, an examination of (b) reveals that: the
percentage of anxiety-associated words that have
word1 and word2 associated with anxiety is rela-
tively small (<0.3%); the percentage that have ex-
actly one of word1 and word2 associated with anx-
iety while the other is neutral is somewhat higher
(0.75 to 1.6%); whereas the percentage of bigrams
that are associated with anxiety even though both
their constituents are neutral is markedly higher
(11.35%). This shows that by far most of the bi-
grams associated with anxiety have neutral con-
stituents — indicating a substantial amount of non-
compositionality. We observe the same trend in (c)
for calmness-associated bigrams. 10.2% of the bi-
grams associated with calmness have constituents
that are both neutral on their own.

6. Conclusion

We created WorryMWEs — the first large lexicon of
MWE-anxiety association scores by crowdsourc-
ing. These are descriptive norms of how people
use language and perceive MWE—-anxiety associa-
tions. We showed that association scores obtained
from the annotations are highly reliable (split-half
reliability scores between 0.81 to 0.95). We used
WorryMWEs to examine the distribution of anxiety
and calmness classes in different types of words
and MWEs. We also examined the extent to which
neutral and anxious/calmness terms come together
to create anxious/calmness MWEs, and showed
that idioms are a frequent source of conveying anx-
iety and calmness (especially in trigram and four-
gram MWEs). Overall, we showed that MWEs are
a common and important way we express anxiety
and calmness.

We also examined the degree to which anxiety
associations are compositional. We showed that
even though some bigrams associated with anx-
iety have one or more constituents that are also
associated with anxiety, by far, most of the MWEs
associated with anxiety have neutral constituents —
indicating a substantial amount of noncomposition-
ality. We observed the same trend for calmness-
associated MWEs. Finally, we made a compre-
hensive case for how MWE-anxiety association
resources (such as WorryMWES) are useful in wide
array of disciplines, including linguistics, psychol-
ogy, cognitive science, HCI, digital humanities, and
NLP. We make WorryMWEs freely available to en-
able a wide variety of anxiety associated research.

This work was on English and the annotators
were mostly from US, UK, India, and Canada. Fu-
ture work will explore creating MWE-association
lexicons for other languages. Not only will such
lexicons be useful resources for those languages
but also help towards a broader understanding of
the role MWEs play in expressing anxiety and calm-

ness. Work on data from many cultures will also
reveal differences in how anxiety and calmness are
expressed and experienced differently in different
parts of the world.

7. Limitations

WorryMWEs is the largest MWE lexicon of MWEs
with annotations for anxiety; with wide coverage
and a large number of annotators (hundreds of
people as opposed to just a handful). However,
people express anxiety in many creative ways, and
different norms exist around anxiety expression
around the world. No lexicon can cover the full
range of linguistic and cultural diversity in anxiety
expression. The lexicon is restricted to MWEs that
are most commonly used in Standard American
English and they capture anxiety associations as
judged by American native speakers of English. An-
notators on Mechanical Turk are not representative
of the wider US population. However, obtaining an-
notations from a large number of annotators (as we
do) makes the lexicon more resilient to individual
biases and captures more diversity in beliefs. We
see this work as a first step and hopefully much
more work will follow for various other groups of
people and in various other languages. We built our
lexicon using many of the principles and ideas listed
in Mohammad (2023), which provides a detailed
discussion of the limitations and best-practices in
the creation and use of emotion lexicons.

For limitations associated with the general use
of the dataset, please refer to the Ethics Statement

(§8).

8. Ethics Statement

Emotions are complex and nuanced mental states.
Additionally, each individual expresses anxiety dif-
ferently through language, which results in large
amounts of person-to-person variation. We dis-
cuss below notable ethical considerations when
computationally analyzing anxiety.

Importantly, WorryMWEs should not be used as
a standalone tool for detecting anxiety disorders.
We hope future research, led by clinicians and med-
ical practitioners, will assess the usefulness of Wor-
ryMWEs in mental health applications, in combina-
tion with various other sources of information.

The crowd-sourced task was approved by our
Institutional Research Ethics Board. The individ-
ual MWEs selected did not pose any risks beyond
occasionally reading text on the internet. The anno-
tators were free to do as many MWE annotations
as they wished. The instructions included a brief
description of the purpose of the task.

Any dataset of emotion-association norms entails
several ethical considerations. See Mohammad
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(2023) for a discussion of good practices and ethical
considerations when using emotion lexicons. See
Mohammad (2022) for a broader discussion of eth-
ical considerations relevant to automatic emotion
recognition. We discuss below notable points of
discussion as well as some new and updated points
especially relevant for anxiety and MWE norms.

1. Coverage: We included a large number of En-
glish MWEs; yet, the MWEs included do not
equally cover all domains, genres, and people of
different locations, socio-economic strata, etc. It
likely includes more of the vocabulary common in
the United States with a socio-economic and ed-
ucational backgrounds that allow for technology
access.

2. Socio-Cultural Biases: Many multiword expres-
sions have origins and connotations in historic
racism and bigotry, e.g., sold down the river,
grandfathered in, and black sheep. Many have
argued that, in everyday speech, choosing alter-
native expressions fosters more inclusiveness.
On the other other hand, use of such expressions
in research can shed light on the historical and
social context of racism and stereotypes perme-
ate language.

The annotations for anxiety capture various hu-
man biases. These biases may be systematically
different for different socio-cultural groups. Our
data was annotated by mostly US and Indian
English speakers, but even within the US and In-
dia there are many diverse socio-cultural groups.
Notably, crowd annotators on Amazon Mechani-
cal Turk do not reflect populations at large. In the
US for example, they tend to skew towards male,
white, and younger people. However, compared
to studies that involve just a handful of annota-
tors, crowd annotations benefit from drawing on
hundreds and thousands of annotators (such as
this work).

Our dataset curation was careful to avoid words
and MWEs from problematic sources. We also
asked people annotate terms based on what
most English speakers think (as opposed to what
they themselves think). This helps to some ex-
tent, but the lexicon may still capture some histor-
ical VAD associations with certain identity groups.
This can be useful for some socio-cultural stud-
ies; but we also caution that anxiety associations
with identity groups be carefully contextualized.

3. Perceptions (not “right” or “correct” labels): Our
goal here was to identify common perceptions of
anxiety association. These are not meant to be
“correct” or “right” answers, but rather what the
majority of the annotators believe based on their
intuitions of the English language.

4. It is more appropriate to make claims about
anxiety word and MWE usage rather than
anxiety of the speakers. For example, ‘the use of
anxiety terms grew by 20%’ rather than ‘anxiety
grew by 20%’. A marked increase in anxiety
words and MWEs is likely an indication that
anxiety increased, but there is no evidence that
anxiety increased by 20%.

5. Comparative analyses can be much more useful
than stand-alone analyses. Often, anxiety word
counts on their own are not useful. For example,
‘the use of anxiety words and MWEs grew by
20% when compared to [data from last year, data
from a different person, etc.]’ is more useful than
saying ‘on average, 5 anxiety words and MWEs
were used in every 100 words’.

6. Inferences drawn from larger amounts of text
are often more reliable than those drawn from
small amounts of text. For example, ‘the use of
anxiety words and MWEs grew by 20%’ is infor-
mative when determined from thousands, tens
of thousands, or more instances. Do not draw
inferences about a single sentence or utterance
from the anxiety associations of its constituent
words.

We recommend careful reflection of ethical consid-
erations relevant for the specific context of deploy-
ment when using WorryMWEs.

The use of the Muraki et al. (2023b) MWE dataset
was in accordance with its terms of use. They have
made the resource freely available for research.
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Ngram

bigram trigram fourgram
Compound noun [ 48.4% (4,791) 8.9% (647) 0.4% (12)
Idiom/Fixed expression 30.9%(32,053) B s53% (5,215) | o5 .3% (=2.228)
Particle verb 20.7% (2,047) 5.8% (424) 0.4% (12)
% of Terms 0.0% 100.0% 200.0%0.0% 100.0% 200.0%0.0% 100.0% 200.0%
- % of terms % of terms % of terms

0.4% 99.3%

Figure 5: Distribution of Types of MWEs across different ngrams in WorryMWEs: Percentage of terms
of a given ngram (bigram, trigram, or fourgram) associated with each MWE type. (The total number is

shown in parenthesis.)
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Figure 6: Distribution of anxiety and calmness classes in each of the MWE types and ngram pairs:

percentage of terms associated with each class. (The total number is shown in parenthesis.)
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