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Abstract

This paper addresses the question whether
generics are associated with stereotyping, a
claim often found in the literature. Most of the
work, however, has been based on a small num-
ber of hand-crafted examples. We contribute to
the discussion by looking at the use of gener-
ics in political tweets, written by members of
the U.S. Congress, and present a framework
for comparing the usage patterns of generics to
other linguistic constructions that have been dis-
cussed as devices for stereotyping and othering.
Our initial findings suggest that generics are
not strongly associated with stereotypes while
framing might play a more important role for
stereotyping in political tweets.

1 Introduction

The construction of in-groups and out-groups, also
refered to as othering, describes the categorisation
of individuals as belonging to a specific group that
is perceived as different from (and often inferior
to) the social norm. In doing so, individuals consid-
ered as the other are usually depicted as a coherent
and homogenuous group, based on stereotypes and
overgeneralisation, making them an easy victim of
discrimination (Staszak, 2009).

Othering is a common rhetorical move in polit-
ical communication, and in particular in populist
rhetoric (see, e.g., Fielder and Catalano (2017)). It
can be strategically used to create a sense of shared
identity among party supporters and mobilise them
against a perceived enemy. While othering can
have positive effects on the in-group, such as in-
creasing group cohesiveness and cooperation, it
also comes at the cost of prejudice, conflict and
discrimination for the out-group.!

"Early work investigating the effects of othering on human
behaviour is the classic Robbers Case Study (Sherif et al.,
1961) where young boys have been divided into groups to
study how they behave when having to compete or cooperate
with members of the out-group.

The creation of in- and out-groups plays an im-
portant role in political communication and is often
associated with stereotyping. By stereotype, we
refer to “a set of cognitive generalizations (e.g.,
beliefs, expectations) about the qualities and char-
acteristics of the members of a group or social
category”, following the definition of the APA Dic-
tionary of Psychology.”

Several linguistic devices have been discussed
as a means for othering and stereotyping, among
them generic statements (Novoa et al., 2023; Bosse,
2024; Davani et al., 2024), the use of pronouns
(Ifiigo-Mora, 2004; Bull and Fetzer, 2006; Proctor
and Su, 2011; Tyrkko, 2016; Alavidze, 2017), fram-
ing by word choice (Sheshadri et al., 2021; van den
Berg et al., 2020; Dreier et al., 2022), or entity
framing (Entman, 1993; Mahmoud et al., 2025).

In the paper, we look at othering and stereo-
typing in political tweets written by members of
the U.S. Congress. The focus of our work, how-
ever, is not so much on investigating stereotyping
of in- and out-groups from a social science per-
spective but, instead, on studying the linguistic
devices used for stereotyping in political tweets.
Our work contributes to the linguistic discussion
on whether generics are a common means to ex-
press stereotypes, as has often been argued (Geurts,
1985; Leslie, 2014; Radden, 2009; Novoa et al.,
2023; Bosse, 2024; Ralston, 2024) but also refuted
(Krifka et al., 1995).3 In particular, we examine the
role of generics, universals, and quantified state-
ments based on real data from the political domain,
where previous studies have mostly relied on a
small number of constructed examples. We intro-
duce a framework for extracting real-world generic
statements about social groups and present a quali-
tative analysis of our findings.

https://dictionary.apa.org/stereotype.
3For a more detailed discussion, see Section 2.
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2 Related work

Generic statements are often described as a pow-
erful tool to control the perception of groups as
in-groups and out-groups by ascribing them certain
characteristics and attributes and by creating an oth-
erness (Staszak, 2009). One property that makes
the use of generics so compelling is their tolerance
toward exceptions. In contrast to universal state-
ments like “all birds fly”, which would be rejected
by everybody with at least minimal knowledge of
ornithology, the generic sentence “birds fly” will
be accepted as true even though there are birds that
do not have this capacity. Interestingly, this is also
the case for statements that are true only for a small
subset of its group members, such as ‘“mosquitoes
transfer the West Nile Virus” which holds for only
a small percentage of mosquitoes.

In addition, Novoa et al. (2023) point out another
striking feature of generics, namely that “despite
expressing general claims that gloss over excep-
tions, they are endorsed in the face of variable or
even minimal evidence”. This tolerance to excep-
tions and ignorance towards a lack of evidence
seems to make generics especially suited to trans-
port stereotypes. Bosse (2024, p.3878), for ex-
ample, describes generics as “mental states that
associate properties with social groups”.* How-
ever, there are also other means to associate prop-
erties with groups, such as explicitly quantified
statements (“most birds can fly”) and universals
(“all birds can fly”).

Othering and generics have both been discussed
in relation to polarisation (Erdogan and Uyan-
Semerci, 2025; Iyengar and Westwood, 2015).
Novoa et al. (2023) investigate the role of generics
for partisan polarisation in the US and show that
not only generics but also explicitly quantified state-
ments can be interpreted by humans as universally
true, pointing at a tendency of the human brain to
convert more nuanced, quantified statements into
generic, categorising ones. In three experiments,
the authors show that generic expressions and, to a
lesser extent, explicitly quantified statements can
evoke polarised political judgments.

Some works in NLP have focussed on the de-
tection of stereotypes (Blodgett et al., 2020; Sap
et al., 2020), often using artificial data based on
(identity term, attribute) tuples (Jha et al., 2023).
One recent example is the Multilingual SeeGULL

4Others, however, have questioned the idea that generics
express stereotypes. See, e.g., Krifka et al. (1995, p.48).
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11 Alexandria Ocasio-Cortez reposted
== Congressman Greg Landsman B @RepGreglandsman - May 6 (2 -+
Tens of millions of Americans are about to lose their healthcare.

Congressional Republicans are working to cut nearly $1 trillion in healthcare
to pay for tax cuts for the uber-wealthy...but they’re not coming right out to
say that.

3 ways they'll try to spin it. [l 8
Q 1.4K 11 3.8k Q 11K il 1M [

Figure 1: Example tweet including a numerically modi-
fied statement about Americans.

dataset of Bhutani et al. (2024) which includes
LLM generated tuples, validated by human coders.
Davani et al. (2024) focus on the use of generic sen-
tences for stereotyping and present a multilingual
dataset that combines specific group mentions with
attributes, annotated for genericity. Their schema
also distinguishes mentions of generalisations (e.g.,
reporting what others have said) from promoting it.
The authors show that the co-occurrence of group
mentions and attributes are not a reliable incdicator
of generalisation, thus questioning the widespread
approach of using group, attribute pairs for stereo-
type detection. They present a classifier that detects
generalisations, reporting a PR-AUC (Area Under
the Precision Recall (PR) Curve) of 58.7.

More linguistically inspired work has focussed
on the annotation and detection of generics in lan-
guage (Mitchell et al., 2003; Doddington et al.,
2004; Walker et al., 2006; Suh, 2006; Herbelot
and Copestake, 2008; Zirn et al., 2008; Mathew
and Katz, 2009; Reiter and Frank, 2010; Friedrich
et al., 2015b; Friedrich and Pinkal, 2015; Friedrich
et al., 2016). We take this as the starting point for
our framework to extract generic and generalising
statements from real-world political text.

3 Framework

We now describe the different steps in our frame-
work for extracting instances of generic, universal
and quantified statements about groups, in order to
investigate their function in discourse (Figure 2).

Data The data we use in our case study are daily
tweets of both houses of congress, from over 1,000
campaign, office, committee and party accounts.’
The data has been collected over a time period from
June 2017 to October 2020 and amounts to ca. 9.8
mio tweets. For an example, see Figure 1.

>The data is available from https://github.com/
alexlitel/congresstweets.


https://github.com/alexlitel/congresstweets
https://github.com/alexlitel/congresstweets
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Figure 2: Framework for the extraction of real-world
linguistic examples from U.S. Congress tweets.

Preprocessing We do some basic clean-up dur-
ing preprocessing where we extract the tweet mes-
sages and filter out noise. Preprocessing includes
the removal of non-ascii characters, empty lines
and punctuation at the beginning of a tweet. We
remove duplicates and tweets with no lowercase
letters and delete URLs, at-mentions and hashtags
at the beginning or end of the tweet.

Keyword-based filtering In the next step, we
collect a list of keywords representing in- and out-
groups in the migration discourse, i.e., alien, ameri-
can, asylum, migrant, refugee. We then do a string-
based keyword search for these group terms, ig-
noring case, and extract all tweets that include
(at least) one of the terms. Please note that this
also extracts tweets that include collocations like
American dream, American economy or immigrant
rights which are not in the center of our interest.
We remove those in the next step, syntactic filter-
ing. Keyword-based filtering reduces the overall
amount of tweets from 9.8 mio to a much smaller
set of 245,943 tweets (see Table 1) that can be
processed more efficiently.
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group is-subj generic
alien 2,593 224 92
american 205,986 46,500 8,525
asylum 5,781 362 166
migrant 26,996 2,895 1,565
refugee 4,587 452 214
total 245,943 50,433 10,562

Table 1: Number of tweets after the different filtering
steps (group: keyword-based filtering; is-subj: tweets
where the group term is in subject position; generic:
generic and generalising statements, according to the
predicted Situation Entities classifier).

Syntactic filtering Next, we use a dependency
parser® to extract tweets where the group terms
occur in subject position. This filters out adjectival
uses of the terms and extracts plausible candidates
for generic statements about groups. We specify
two exceptions, American people, asylum seeker,
that we include in the data. This syntactic filtering
step further reduces the data from roughly 246,000
messages to 50,433 tweets where one of the group
terms appears in subject position in the tweet.

3.1 Classifying genericity

To identify generic and generalising statements,
we train a supervised text classifier on the Situa-
tion Entities (SitEnt) dataset (Friedrich and Palmer,
2014; Friedrich et al., 2015b). Situation Entities
are clause-level semantic annotations that introduce
situations to the discourse (Smith, 2003), such as
EVENTS, STATES, GENERICS, GENERALIZING
SENTENCES, REPORTS or QUESTIONS (see A.1).
We use a simple text classifier, based on a pre-
trained RoBERTa model (Liu et al., 2019). For
more training details, see §A.2 in the appendix.

Table 2 shows results on the SitEnt test set for all
classes. Overall, results are high with an accuracy
of 0.8 and a weighted F1 of 0.79. Not surprisingly,
we get higher scores for classes with more train-
ing instances and also high results for Situation
Entity types that have some easily identifiable fea-
tures (such as questions, reports or speech acts).
Results for GENERIC are substantially lower than
for EVENT, even though both classes have roughly
the same number of instances, and generalising
sentences seem even harder to detect.

Our results are in the same range as the state-
of-the-art (Rezaee et al., 2021) which combines
a BERT model (Devlin et al., 2019) with GPT-2
(Radford et al., 2019) and reports an F1 of 0.79

®We use the spaCy v2.3.9 dependency parser with the
English model en_core_web_sm.



Prec  Rec F1 Support
STATE 082 0.89 0.85 3,174
EVENT 085 0.83 0.84 1,524
GENERIC 0.80 0.72 0.76 1,429
UNDECIDED 0.67 0.63 0.65 465
GENERALISING 054 047 0.50 294
REPORT 0.86 0.81 0.84 274
QUESTION 0.89 092 091 132
GENERALSTATIVE 0.00 0.00 0.00 86
IMPERATIVE 0.51 090 0.65 51
SPEECHACT 1.00 1.00 1.00 1
Accuracy 0.80 7,430
Fl(weighted) 0.79 0.80 0.79 7,430

Table 2: Results for the RoOBERTa-based Situation En-
tity classifier on the test set. Support shows the number
of instances for each class in the test set.

(acc: 0.81) on the SitEnt corpus.7 The lower results
for generic and generalising statements shows the
difficulty of the task, which is in line with previous
work (e.g., Davani et al. (2024), see §2 above). For
an error analysis, see §A.3.

We apply our classifier to the Twitter dataset
and extract all messages that have been predicted
as either generic or generalising. As a result, we
obtain a dataset with 10,562 tweets (see Table 1).

3.2 Extracting clusters of similar sentences

To find out whether there is an association between
form and function for the different linguistic de-
vices (i.e., generic, universal and quantified state-
ments), we need to compare those constructions in
context, i.e., in sentences with similar meaning. To
extract those, we proceed as follows.

Subtree extraction As input, we use the set of
tweets where instances of each group term appear
in subject position. This includes all different state-
ment types. Next, we identify the verb governing
the group term and extract its syntactic subtree.
This can be done, using the spaCy subtree func-
tion which extracts a token and all its syntactic
dependents. For the example sentence below, the
extracted subtree is the clause that includes the
group term in subject position (Ex 1).

Ex 1. “Climate change is expected to create hun-
dreds of millions of refugees, but right now climate
refugees have no legal rights.”

Subtree: “refugees have no legal rights”

"Please note that we do not report averaged results over
different model initialisations, as we are not interested in
benchmarking our models on the Friedrich et al. (2015b) data
but only in identifying and extracting generic and generalising
statements from social media.
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Clustering We encode the subtree strings, using
sentence embeddings, and cluster the embeddings
to obtain semantically similar sentences.® For ad-
ditional details on the clustering process, see A.4.
We use a high cosine similarity threshold for clus-
tering. As a result, we loose many instances that
are below the threshold. However, for our use case,
we are not interested in high coverage (i.e., being
able to assign every instance to a cluster), but rather
in identifying usage patterns of similar sentences in
order to examine the variation in the use of different
constructions. Table 3 shows an example cluster of
statements expressing the americans’ support for
law and order. All but one sentence in this clus-
ter use generic statements while the remaining one
uses a quantified statement.

Ranking Finally, we rank the resulting clusters
to identify similar sentences that show a high pref-
erence for specific constructions (i.e., a strong form-
to-meaning association), providing us with linguis-
tic evidence for further qualitative analysis. For
ranking, we use the ratio of instances for the respec-
tive construction (i.e. generic, universal, etc.), rela-
tive to the total number of instances in the cluster.’
To identify generic and generalising statements, we
rely on the predictions of the SitEnt classifier (see
§3.1). Universal and quantified statements can be
easily extracted, based on heuristics. For universal
statements, we extract sentences where the group
term in subject position is modified by either all
or every while for quantification, we search for the
modifiers most, many, some, few, several.

4 Exploration of generics and stereotypes
in political tweets

To explore to what extend generics are used to
stereotype social groups in political tweets, we ap-
ply our framework to the U.S. Congress Tweets
dataset described above. We present a qualitative
analysis, focussing on clusters of similar sentences
that show a strong preference for one particular
construction.

5We use the Fast Clustering algorithm https://
sbert.net/examples/sentence_transformer/
applications/clustering/README.html#
fast-clustering from the Sentence Transformer
(Reimers and Gurevych, 2019) library.

There are many more sophisticated measures that could be
used, however, for the purpose of exploration our simple rank-
ing metric already works well in identifying semantic clusters
with a strong preference for one particular construction.


https://sbert.net/examples/sentence_transformer/applications/clustering/README.html#fast-clustering
https://sbert.net/examples/sentence_transformer/applications/clustering/README.html#fast-clustering
https://sbert.net/examples/sentence_transformer/applications/clustering/README.html#fast-clustering
https://sbert.net/examples/sentence_transformer/applications/clustering/README.html#fast-clustering

ID Cluster 1112, 10 elements  ratio: 0.9 Aliens 224 mentions in subject position:
1 Americans want LAW & ORDER! illegal (155), criminal (30), deported (4),
2 The American people stand with law enforcement. convicted (3), dangerous (3), charged (2)
3 Americans support law enforcement and want Immigrants 2,917 mentions in subject position:
law & order. illegal (223), undocumented (154),
4 Americans support our # police officers and law young (62), legal (30), working (14)
and order in our cities. Asylum s. 365 mentions in subject position:
vulnerable (5), fleeing (5), cuban (3),
10 Most Americans support law & order, the fair transgender (3), legitimate (3)
application of it, and pray for our police. Refugees 457 mentions in subject position:

Table 3: Example cluster for the group term “ameri-
can”, including 9 generic sentences (ratio: 0.9) and one
explicitly quantified statement (Most Americans).

Cluster 267, 23 elements  ratio: 1.0

ALL Americans have the constitutional right to marry

ALL Americans have the right to marry no matter whom
they love

Cluster 813, 11 elements ratio: 1.0

all Americans have the opportunity to achieve success
every American has the opportunity to succeed
Cluster 838, 11 elements ratio: 1.0

all Americans can enjoy freedom & equality

every American is equal

Table 4: Examples for clusters with a high ratio of
universal statements.

Generics Generic statements about the in-group
in our data mostly express political demands (see
A1,5 bCIOW).

Americans
(A1) deserve better
(A2) want the truth / want transparency
(A3) should know / need to know
(Ay) are tired of waiting
(As) need help
For the out-group, clusters that show a strong

preference for generics include mostly positive
statements about the group (see B;_4 below).

Immigrants / refugees / asylum seekers
(B1) enhance our economy

(B2) make America stronger

(Bs3) are not criminals / animals

(B4) deserve protection

We did not find instances of generics used for
negative stereotyping of social groups.

Universals Table 4 shows examples for semantic
clusters that exclusively included universals. It is
obvious that those instances do not contain stereo-
types but express normative generalisations about
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welcome (15), fleeing (14), rohingya (9),
syrian (9), american (4), somali (4),
liberian (4), clean (3)

Table 5: Entity framing of social groups in tweets.

how the world should be, rather than how it is. All
of the clusters with a high ratio of universal sen-
tences in our analysis are of that type.

Quantified statements When comparing gener-
ics to sentences that include explicit quantification,
we did not see similarly strong associations be-
tween form and meaning (also see Table 9 in the
apendix).

Entity framing While we did not see strong ev-
idence for an assiciation between generics and
stereotypes in our data, we found numerous in-
stances of entity framing. Table 5 shows the most
frequent modifiers for each group term, extracted
from the spaCy dependency parse. It is obvious
that the terms aliens, immigrants are mostly framed
in negative terms. Aliens in particular are portrayed
as dangerous and criminal, which is reflected in
framing through word choice. Politicians with a
more positive stance towards immigration did not
use the term alien but preferred refugee, shown by
the lack of negative attributes for this term.

5 Conclusion

In the paper, we present a framework for extracting
generic and generalising statements about social
groups and apply it to tweets written by members
of the U.S. Congress. Our framework allows us
to extract linguistic evidence for the various con-
structions while controlling for sentence meaning.
This enables us to study usage patterns for generics,
universals and quantified statements in a controlled
setting with real-world data. While generics are of-
ten considered as an important device for stereotyp-
ing, our initial findings suggest that the association
is less strong as expected and that framing might
play a more important role for stereotyping social
groups in political tweets.



Limitations

We would like to point out some limitations of our
work. First, we would like to emphasize once again
that the framework is not suitable for comparing the
use of stereotypes across parties or across time. In
the paper, we only consider three constructions that
have the potential to be used for stereotyping but do
not aim to measure the total amount of stereotypical
statements overall.

Second, while this short paper introduces a
framework for extracting real-world examples in
context for comparative linguistic analysis, it does
not (yet) present a validation of the framework.
Third, while the clustering step manages to pro-
duce clusters of sentences with similar meaning,
it is conceivable that the surface form of the dif-
ferent constructions also has some impact on the
clustering process and that this results in artificially
“clean” groups of statements where the different
constructions end up in separate clusters. One way
to address this issue is to mask the markers for
the various constructions so that the input to the
clustering process is normalised (see example be-
low) while keeping the information on the original
statement type for further analysis.

Orig: AlllMostl  Americans support the law.
Cluster input —  Americans support the law.
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A Appendix

A.1 Situation Entity types

Table 6 illustrates the different Situation Entity
types. Most relevant for our work are the classes
GENERIC and GENERALISING. GENERIC sen-
tences have a generic main referent while GEN-
ERALISING sentences make statements about indi-
viduals that generalise over situations and report
regularities.
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A.2 Classification setup

We follow the suggested train-test splits, ' resulting
in 30,859 instances for training and 7,430 instances
for testing. We further split the training data into
a training and development set (29,316 and 1,543
instances).

Preprocessing The original dataset has been au-
tomatically segmented into clauses. As the seg-
mentation step introduces noise, we do not rely
on the provided clause boundaries but extract the
left and right context within the sentence for each
clause and mark the relevant clause information by
inserting an underscore before the verbal head of
the clause. This means that the same sentence can
be included multiple times, but with different verbs
highlighted within the sentence. This enables the
model to learn which clause to focus on while, at
the same time, providing the necessary contextual
information.

Hyperparameter tuning We do hyper-
parameter tuning on the development set and
obtain best results of 0.86 Fl(micro) and 0.63
(macro) across all 10 labels. We use the following
hyperparameter configuration:

* learning rate: 3.134214402336582e-05
» weight decay: 3.215675091397119¢-05
* batch size: 16

* warmup ration: 0.0936967038422192

* number of train epochs: 2

For implementation, we use the huggingface
transformers library: https://huggingface.
co/docs/transformers.

A.3 Error analysis

The training data for the Situation Entity classifier
includes texts from 13 different genres and text
types, including blogs, emails, essays, fiction, let-
ters, news, and wikipedia articles. To get an idea
about the error rate for predicting generics and
generalising sentences, we randomly sample 20 in-
stances for each group and manually inspect the
classifier’s predictions.

Our error analysis shows that the overall accu-
racy of the classifier on the twitter data is quite high
with 0.84. For the term aliens, most instances are
predicted as GENERALISING as this term is mostly

Ohttps://github.com/annefried/sitent/
tree/master.
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SitEnt type Definition Example
STATE States introduce specific properties of Joseph loves cake.
specific individuals to the discourse.
EVENT Events introduce a specific event to the Mira won the race.
discourse: things that happen or happened.
GENERIC Generic sentences make statements about kinds. ~ Lions are carnivores.
GENERALISING  Generalising sentences report regularities Rob often feeds my cat.
related to specific individuals.
REPORT SitEnt introduced by verbs of speech. “Let’s go home” said Tim.
SPEECH ACTS
IMPERATIVE ~ Commands, requests, advice. Stay calm.
QUESTION Functional speech act to elicit information. Are you tired?

Table 6: Description and examples for the different Situation Entity types, adapted from Friedrich et al.
(2015a) (available from https://www.coli.uni-saarland.de/projects/sitent/page.php?

id=resources).

group term  correct acc.
alien 15 0.75
american 18 0.90
asylum 16 0.80
migrant 18 0.90
refugee 17 0.85
all groups 84 0.84

Table 7: Number of correctly predicted labels (predicted
as either GENERIC or GENERALISING by the classifier)
for a random sample of 100 instances (20 instances per
group) and accuracy for each social group.

used in combination with the adjective illegal, thus
making this a reference not to a kind but to a spe-
cific subgroup of the kind (here: all aliens that are
illegal). This is different from the other group terms
where the main referent is generic at least for half
of the instances (Americans) or for the majority of
the messages (asylum seekers, migrants, refugees).

We observe the highest error rate for asylum seek-
ers where our filtering heuristic does not seem to be
accurate enough. Here we find 4 instances where
the term asylum does not refer to the group, thus
making the extracted instances irrelevant. Some
other errors are due to mistakes made by the depen-
dency parser failing to identify the correct subject.

A.4 Clustering similar clauses

We use the Fast Clustering algorithm!! from the
Sentence Transformer (Reimers and Gurevych,
2019) library. Cluster similarity is determined,
based on cosine similarity. We set the minimum
cluster size to 10 and the similarity threshold to 0.8,
meaning that sentences need to have a similarity of
> (.8 to be considered as similar. Sentences that
do not meet this criterium are ignored.

"https://sbert.net/examples/sentence_
transformer/applications/clustering/
README.html#fast-clustering.
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group term  no. clusters no. instances
alien 0 0
american 1,129 29,027
asylum 4 215
migrant 53 1,402
refugee 8 229

Table 8: Number of clusters and clustered instances for
each social group term.

We cluster the tweets for each group term sepa-
rately and use the a11-MiniLM-L6-v2 model'?
to map the extracted clauses to a 384 dimensional
dense vector space, as input for clustering. Table
8 shows the number of clusters and clustered in-
stances for each group.

For the term alien, we do not get any clusters,
due to the small number of instances and rather
high similarity threshold. However, for our use
case we are not interested in high coverage (i.e.,
being able to assign each instance to a cluster) but
rather in identifying usage patterns of similar sen-
tences to study the variation in the use of the differ-
ent constructions.

Table 9 shows examples for the clusters with
the highest ratio of quantified statements for the
term American. We only find two clusters where
the ratio of quantified statements is higher than
0.5, indicating that explicit quantification does not
seem to have a similar function in the discourse as
universals.

Phttps://huggingface.co/
sentence-transformers/all-MiniIM-L6-v2
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Cluster 551, 14 elements ratio: 0.86

Americans are struggling to pay their rent and mortgages.

Many Americans are struggling to pay their rent or mortgage
mortgage.

Cluster 725, 12 elements  ratio: 0.73
The American people overwhelmingly support this measure .
most Americans from both parties are in support
Cluster 1072, 10 elements  ratio: 0.30
Americans still face too many barriers at the ballot box
too many Americans still face barriers at the ballot box
with voter ID

Table 9: Examples for clusters with a high ratio of
quantified statements.
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