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Abstract

Living languages are shaped by a host of con-
flicting internal and external evolutionary pres-
sures. While some of these pressures are uni-
versal across languages and cultures, others dif-
fer depending on the social and conversational
context: language use in newspapers is subject
to very different constraints than language use
on social media. Prior distributional seman-
tic work on English word emergence (neology)
identified two factors correlated with creation
of new words by analyzing a corpus consisting
primarily of historical published texts (Ryskina
et al., 2020b). Extending this methodology
to contextual embeddings in addition to static
ones and applying it to a new corpus of Twit-
ter posts, we show that the same findings hold
for both domains, though the topic popularity
growth factor may contribute less to neology on
Twitter than in published writing. We hypoth-
esize that this difference can be explained by
the two domains favouring different neologism
formation mechanisms. !

1 Introduction

Hypotheses about the mechanisms of language evo-
lution have traditionally been tested by comparing
linguistic data over long periods of time (Aitchi-
son, 2001). Until the end of the last century, the
majority of the textual sources preserved across
many decades have been books, periodicals, or
other forms of published writing. Though analy-
ses of such texts can yield important discoveries,
they do not represent the entirety of their time’s
everyday language use. Institutions like publishers
and news agencies tend to favour standardization
(Milroy and Milroy, 2012) and adopt linguistic in-
novation less readily than individuals: by the time
a word appears in print, it is likely already widely

'Code, word lists, and tweet IDs can be found at
https://github.com/ryskina/twitter-neology/

used.” Historical print media data is also unlikely
to reflect the language of underrepresented and
marginalized communities—a fertile ground for lin-
guistic creativity (Montgomery, 2008; Lefkowitz
and Hedgcock, 2017).

The Internet has opened up new avenues for ob-
serving and studying language change (McCulloch,
2020). Chats, blogs, and social media contain un-
precedented amounts of linguistic data and repre-
sent a greater diversity of voices and styles. This
richness makes online communication especially
well-suited for population-level analysis of the evo-
lutionary forces (Bowern, 2019) that drive innova-
tion, such as social prestige, cognitive economy, or
communicative need—the language users’ collec-
tive desire to express certain meanings.

We have previously tested two hypotheses for-
malizing the role of communicative need in word
emergence (neology; Ryskina et al., 2020b). Ana-
lyzing a historical corpus primarily comprised of
books and other publications, we found that new
words are created both to give names to new con-
cepts in domains of growing cultural importance
and to fill in gaps in the word distribution over the
space of possible meanings, with the former fac-
tor being more significant. In this paper, we ask:
will an analysis of the same factors in social media
neology yield similar findings? And if there are
differences, are they simply due to the limitations
of historical published corpora (e.g., sparsity), or
are the underlying pressures of word emergence
different between the two domains?

We collect a corpus of 260M English-language
tweets (§4.2) and extend our original methodol-
ogy (Ryskina et al., 2020b) to study the correlates
of neology both on social media and in published
writing. Experimenting with different operational-
izations (e.g., using both static and contextual word

2Rogers and Schoemaker (1971, p. 255) conclude that
adoption of innovation in general is more likely to spread
through interpersonal channels than through mass media.
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embeddings; §5.2) of our two hypotheses (§3), we
robustly reproduce our earlier findings for a corpus
of published writing (support for both hypothe-
ses; §6.1). We then perform the same analysis for
Twitter and observe similar trends (§6.2), though
frequency growth of the neighbouring words may
play a less important role there.

2 Related work

NLP studies of neology and word decline Sev-
eral computational studies have focused on the
mechanisms and driving factors of word emergence
(and loss) in languages, building on cognitive and
linguistic models (Xu et al., 2019, 2023; Karjus
et al., 2020, 2021). One line of work uses this
knowledge to trace the etymological origins of
neologisms (Kulkarni and Wang, 2018; Wu and
Yarowsky, 2020), especially lexical blends (Cook
and Stevenson, 2010; Pinter et al., 2020). Other
studies model the process as a whole, predicting
what makes words or senses likely to emerge (Hof-
mann et al., 2020; Sun and Xu, 2022), persist (Stew-
art and Eisenstein, 2018), or decline (Francis et al.,
2021; Kali et al., 2024). Most relevant to the cur-
rent study is our prior work (Ryskina et al., 2020b)
which tests two hypotheses about intra- and extra-
linguistic pressures that facilitate word emergence
(§3); this study builds primarily on the experimen-
tal methodology introduced there.

Processing of novel words remains a significant
challenge in NLP applications. Neologisms, along
with synthetic nonce words, are used to test model
generalization in domains like translation (Zheng
et al., 2024; Lerner and Yvon, 2025), morphology
(Weissweiler et al., 2023; Mortensen et al., 2024),
and definition generation (Malkin et al., 2021).

Diachronic analysis of published writing Large
time-stamped corpora of texts lend themselves to
comparative analyses of historical language change.
Such corpora typically span decades or centuries
and include literature (Michel et al., 2011; Bouma
et al., 2020), news articles (Popescu and Strappar-
ava, 2015; Basile et al., 2020), or both (Onelli et al.,
2006; Davies, 2009, 2012).

In the computational linguistics community,
such corpora have most often been used for track-
ing the evolution of word meanings (Kutuzov et al.,
2018; Tahmasebi et al., 2021), typically quanti-
fied by measuring changes in word embeddings
across time. Earlier approaches included learn-
ing static embeddings from different time periods

(Kulkarni et al., 2015; Hamilton et al., 2016) or
building temporally-aware dynamic embeddings
(Del Tredici et al., 2016; Rudolph and Blei, 2018),
and the rise of pretrained language models made
contextual embeddings more popular (e.g., Giu-
lianelli et al., 2020; Martinc et al., 2020; Montariol
et al., 2021; Periti and Tahmasebi, 2024; see Periti
and Montanelli, 2024 for a survey).

Diachronic book corpora are also used for evalu-
ating text-dating models (Kulkarni et al., 2018; Ren
etal., 2023), analyzing change in syntactic phenom-
ena (Krielke et al., 2022; Mileti¢ and Schulte im
Walde, 2025), and applications in digital humani-
ties (Ruiz Fabo et al., 2017; Klaussner and Vogel,
2018; Haider and Eger, 2019).

Diachronic analysis of social media Social me-
dia is an exceptionally rich domain for studying
language change. Users adopt novel words and
spellings to express their creativity, signal commu-
nity membership, or avoid moderation in scenarios
ranging from protecting marginalized users from
censorship (Ungless et al., 2025) to disguising dog
whistles (Kruk et al., 2024; Sasse et al., 2025).
Most existing quantitative work on language
change in social media focuses on tracking the
life cycle of emergent words (Danescu-Niculescu-
Mizil et al., 2013; Wiirschinger et al., 2016; Stewart
and Eisenstein, 2018; Wiirschinger, 2021) and the
social, demographic, and geographical factors that
affect it (Eisenstein et al., 2014; Grieve et al., 2018;
Ananthasubramaniam et al., 2024, 2025). To our
knowledge, ours is the first study of the semantic
factors driving word emergence on social media.

3  Question and hypotheses

We define ‘neologism’ broadly as a novel form—
meaning pair that at some point enters more gen-
eral use (as reflected by a substantial increase in
the form’s usage frequency; Ryskina et al., 2020b).
This includes new coinages (yeet), combinations of
known elements (tiktoker, cryptocurrency), or ex-
isting words paired with new senses (transformer).
In particular, we are interested in what kinds of
meanings such neologisms are likely to express.
We reuse the supply-driven and demand-driven
neology hypotheses introduced in our prior work
(Ryskina et al., 2020b). These competing hypothe-
ses rely on the concept of a semantic space—a
manifold of meanings where certain points corre-
spond to words—and posit where in such a space
neologisms are likely to emerge. We operationalize
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the hypotheses under the distributional semantics
paradigm (Lenci and Sahlgren, 2023), using word
embedding spaces informed by the co-occurrence
statistics within our corpora as a proxy for the un-
derlying semantic space.

Supply hypothesis This hypothesis suggests that
neologisms are more likely to emerge in sparser
areas of the semantic space. It is derived from
Bréal’s (1904) law of differentiation, which states
that the semantic space tends towards uniformity;
if two existing words are too close in meaning, they
will either diverge or one of them will fall out of
use. By extension, we posit that the existence of
gaps in the semantic space could create pressure
on the language to repair uniformity by populating
them with neologisms.

Demand hypothesis The second hypothesis
states that neologisms are more likely to emerge
in semantic neighbourhoods of growing popularity.
Growing popularity of a certain semantic cluster—
i.e., growing frequency of use for the words that
make it up—can be viewed as a reflection of the in-
creasing importance of the corresponding domain
of discourse. Rapidly developing domains such as
technology might produce novel concepts faster,
and the need for words to refer to these new con-
cepts could also be a driving factor of neology.

4 Data

4.1 Published writing corpora

As in our 2020b work, we consider two col-
lections of American English texts from non-
overlapping time periods: HISTORICAL (1800-
1989) and MODERN (1990-2012). We will denote
these two datasets as DLU2 . .. and DDLU - re-
spectively. Both are drawn from existing multi-
genre diachronic corpora: COHA (Davies, 2012)
for DL ciea. @and COCA (Davies, 2009) for
phub . In both corpora, all texts are already
annotated for genre and time period (decade or
year for COHA and COCA respectively), prepro-
cessed, and tokenized; we do not perform any addi-
tional preprocessing besides sentence-splitting. In
order to be able to estimate the frequency trends
in DU - s, We split this dataset into decades
using the temporal labels provided with the COHA
corpus. We restrict both datasets to published ma-
terials only: fiction, non-fiction, academic articles,
and popular magazine and newspaper articles. The

statistics for both DL - . and DLUb . are re-
ported in Table 1.

4.2 Twitter data collection

We collect a corpus of ~260M tweets using the
Twitter APL?> spanning the period from January
2007 to December 2021. Aiming for uniform cov-
erage, we randomly sample 100K unique tweets
per day; if the total number of tweets available for
a given day is <100K (e.g., in the early days of the
platform’s existence), we use the entire set. We
restricted the tweets to be in English only and ex-
cluded retweets or tweets from bots. Since there
were much fewer users on the platform in the initial
years after its launch in 2007, the tweet distribu-
tion in our corpus is skewed: the number of tweets
per year grows from ~80K in 2007-2008 to 7M in
2009 to 18-24M in 2010-2021. We discard tweets
that contain only URLSs or other special tokens
(0.3% of tweets total; details in Appendix B.1).

We split the collected data into the HISTORICAL
(representing the “baseline” distribution of word
use) and MODERN (in which the neologisms ap-
pear) subsets, denoted DIW! . .. and DIV .
All tweets are labelled by year; we allocate tweets
from 2007-2010 to the HISTORICAL subset and
tweets from 2011-2021 to the MODERN subset.
The statistics for both DEWE - .. and DIWE o
are reported in Table 1.

S Methodology

We build upon the methodology proposed in our
previous study (Ryskina et al., 2020b), with sev-
eral modifications detailed in this section and in
Appendix A. First, neologisms are identified au-
tomatically and filtered (§5.1). Second, each of
them is paired with a non-neologism control word
that is similar to the neologism in several aspects
(§5.3). Finally, we compare the distribution of the
statistics of interest across the neighbours of the
neologisms and the control words (§5.4).

5.1 Neologism selection

Published writing We reuse the list of neolo-
gisms extracted from the COCA-based DU
data used in our 2020b study. It includes 1000
nouns that appear substantially more frequently in
the DL .. split than in the DL . ., one.

3Last accessed in January 2023.

*Note that the D528 .« corpus from the 2020b study is a
superset of the one in this work: it included speech transcripts,
excluded from this study due to focus on published writing.
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Texts Sentences Tokens

Types Avg. text length Avg. sentence length

DI ea 93K 21IM 385M 1.8M 4,140 tokens 18 tokens
DL x 151K 24M 406M 2.5M 2,704 tokens 17 tokens
Dlwt ea. 3IM 48M 409M 3.0M 13 tokens 9 tokens
DLwt s 229M  331M  3,206M 9.6M 14 tokens 10 tokens

Table 1: Corpus statistics for the published writing data (rows 1-2) and the Twitter data (rows 3—4). The data for

each domain is split into a HISTORICAL and a MODERN

subset as described in §4. For the published writing domain,

‘text” = book, story, or article; for Twitter, ‘text’ = tweet. All texts are split into sentences using the NLTK toolkit
(Bird et al., 2009). DFub  and Db data is already split at the token level (Davies, 2009, 2012), and we

use NLTK’s Twitter-specific tokenizer for tweets. The

‘Tokens’ column shows the total number of tokens in each

subcorpus, while the ‘Types’ column shows the number of unique tokens in each subcorpus.

Twitter Since social media data exhibits much
greater lexical diversity than published works,
simply comparing frequencies in DIw! . .
and DLW . results in a noisy set of candi-
dates. Instead, we follow the method of Kulka-
rni et al. (2018), which for a given word esti-
mates the year when it came into popular us-
age. Given a diachronic corpus spanning timesteps
{1,...,T} (here corresponding to years y €
{2007, ...,2021},i.e.,t = y — 2006) and a word
w, they find the timestep ¢ when the cumulative
usage of w first exceeds a specific percentage of its
total cumulative usage through the entire corpus:

t T

t* = arg min ZCi(w)>a‘ZCJ‘(w) ’

i=1 j=1

where ¢;(w) represents how many times the word
w was used in the timestep ¢t. Words which came
into popular usage during the MODERN period
(y* =t* + 2006 > 2011) are selected as potential
neologisms. Empirically we set o« = 1/300.

We further refine the resulting list using part-of-
speech tagging (e.g., to remove proper nouns) and
frequency-based heuristics (to remove rare variants
or filter out auto-generated tweets); see Appendix
B.2 for details. Unlike our 2020b study, here we
do not restrict the neologisms to nouns only. After
this step, 938 potential neologisms are left.

Manual filtering For a stricter analysis, we use
dictionaries and other resources to filter out words
that would not be considered neologisms per our
definition (§3). For the published writing domain,
we remove candidate neologisms that have been in
use prior to 1900 and have not gained new senses
since then. For Twitter, we manually classify all
candidate neologisms to remove all proper names,

foreign words, typos and errors, and words that
have been in use before 2000 and have not gained
new senses since. The details of the filtering pro-
cedure are described in Appendix B.3. The results
reported in the following sections are based on this
filtered set of neologisms; the same for the non-
filtered word list can be found in Appendix D.

5.2 Embeddings

One common approach in modelling semantic shift
is learning separate sets of static word embeddings
from subcorpora that represent different time peri-
ods and then projecting them into a common space
for comparison (Tahmasebi et al., 2021). Recently,
contextual embeddings extracted from BERT (De-
vlin et al., 2019) or related models have replaced
static embeddings as the tool of choice (Periti and
Tahmasebi, 2024). We experiment with both types
to test our word emergence hypotheses.

Static embeddings We train separate Word2Vec
SkipGram embeddings (Mikolov et al., 2013; win-
dow size = 5, dimension = 300) on the HISTORI-
CAL and the MODERN subcorpora. In prior work
on language change, static embedding spaces from
distinct time periods are often projected into the
same axes via a linear transformation, which seeks
to align a set of anchor points between the two
spaces (Kulkarni et al., 2015; Zhang et al., 2015,
2016; Hamilton et al., 2016). Specifically, we use
an orthogonal Procrustes transformation (follow-
ing the setup of Hamilton et al., 2016) with all
words that exist in the vocabularies of both models
used as anchors. The alignment step is necessary
for finding the neighbourhoods in the HISTORICAL
space where neologisms eventually appear: as most
neologisms are not in the vocabulary of the HIS-
TORICAL Word2Vec model, we approximate their
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positions in the HISTORICAL space by projecting
their MODERN vectors into the HISTORICAL axes.

We set the minimum word frequency threshold
for both the HISTORICAL and the MODERN vo-
cabularies to keep them under 100K words (re-
sulting in ~98K vocabulary words for DY .
~99K words for DEub - . and ~100K words for
DIwt ear and DIV ). These vocabularies, de-
noted Vi and V4, are used for the rest of the exper-
iments with both static and contextual embeddings.

Contextual embeddings These embeddings are
richer and better for capturing sense variation.
However, having many embeddings for the same
word makes it difficult to define the “neighbour”
relationship between words, which is central for
our hypotheses. To avoid this, we average the em-
beddings to reduce them to their static versions
(Bommasani et al., 2020).

We extract the 768-dimensional contextual em-
beddings from the RoOBERTa model, pretrained on
a large corpus of English-language books, news ar-
ticles, Wikipedia articles, and other online content
(Liu et al., 2019). During pretraining, 15% of the
words in each sentence were randomly masked, and
the model was trained to predict the masked words
based on their bidirectional context. We download
the pretrained 12-layer RoOBERTa-Base model from
the Hugging Face Hub.’

We follow the procedure of Timkey and van
Schijndel (2021) for obtaining the embeddings.
For each of the ~99-100K HISTORICAL vocab-

ulary words we sample 250 context sentences from
D{Pub,th} 6
HISTORICAL*

Similarly, for each neologism word
we sample 500 context sentences from D&gggg\?t} .
Each word’s embedding in each sampled context
(mean-pooled over subword tokens) is extracted
from the last layer of RoBERTa-Base. We z-score
all obtained vectors to get rid of the “rogue dimen-
sions” that affect word vector similarity (Timkey
and van Schijndel, 2021). Finally, we average each
word’s embeddings across its sampled contexts to

obtain one static, decontextualized vector per word.

5.3 Control set selection

To see how the neighbourhoods of neologisms dif-
fer from the neighbourhoods of other similar non-
neologism words, we pair each neologism with a

5https ://huggingface.co/FacebookAI/
roberta-base

®Some vocabulary words have fewer/no contexts because
of tokenization mismatches between RoBERTa and the tok-
enizer used to create the vocabulary (Appendix B.1).

control word (Dubossarsky et al., 2017). As in prior
work, we control for word frequency and length
(Ryskina et al., 2020b; Francis et al., 2021), and ad-
ditionally constrain the control to be semantically
similar to the neologism. Formally, for each neolo-
gism w,, we select a counterpart w, satisfying the
following constraints:

* Frequency ranks of the two words in the
corresponding corpora are in the same per-

centile: Zlﬁ/(w") —zulw) | < 001, Here
M| Vi |

1 <zy() <|Vgland 1 < zp(-) < |Viy]

are ranks of the words in the HISTORICAL and

MODERN vocabularies, sorted by frequency;

* The length of the two words is identical up to
3 characters;

* The cosine similarity between the neologism
and its control counterpart in the HISTORICAL
embedding space is above a certain threshold:
cosine (vy,, , Vw,) > 0.4. Since we want to
keep the neologism—control pairs consistent
in all experiments, we only use Word2Vec
embeddings for this pairing step. Here v, de-
notes a projected MODERN static embedding
if w is a neologism or a HISTORICAL static
embedding if w is a control word.

We use a maximum bipartite matching algorithm
(Hopcroft and Karp, 1973) to pair neologisms and
controls, finding matches for 231 of the 459 Twitter
neologisms and 557 of the 746 published writing
neologisms. After this step, neologisms and con-
trols are only compared as sets; we do not perform
any statistical comparison within individual pairs.

Domain Neologism Control
Published e-mail message
e sunblock nicotine
writing sitcom cinema
(1810-2012) dysfunction functional
cringiest silliest
Tweets softblock  un-followed
(2007-2021) bruhhhhh niceeeee
baecation staycation

Table 2: Example neologism—control word pairs ex-
tracted from either corpus.

Example neologism—control pairs for either data
domain are shown in Table 2. We find that the
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Figure 1: Experimental comparison between the neighbourhoods of neologisms (blue bars) and control words (red
bars) in the published writing domain. The three plots in each row correspond to three measures: the number of
HISTORICAL neighbours a word has (left), how monotonically these neighbours grow in frequency (centre), and

the linear regression slope of their growth (right). The

x-axis on all plots corresponds to the neighbourhood size

(defined by the cosine similarity threshold 7). The top and bottom rows show the results with the static Word2Vec
embeddings and the contextual RoOBERTa embeddings respectively. Error bars represent standard error over words.
The number of asterisks above a pair of bars indicates the statistical significance of their difference per Wilcoxon
signed-rank test: *** for p < 0.001, ** for 0.001 < p < 0.01, * for 0.01 < p < 0.05, none for p > 0.05.

cosine similarity constraint often adds an extra
semantic or morphological connection to the re-
sulting word pairs. It can manifest as concep-
tual similarity (e-mail:message), morphological
overlap (baecation:staycation), matching part
of speech and form (cringiest:silliest), or
creative spelling choice (bruhhhhh:niceeeee).

5.4 Experimental setup

We operationalize the supply and demand hy-
potheses following our prior work (Ryskina et al.,
2020b), with minor modifications to make the anal-
ysis more robust (detailed comparison in Appendix
A). Let N, (w) denote a neighbourhood of a word
w, i.e., the set of words in the HISTORICAL embed-
ding space whose cosine similarity to w exceeds
a given threshold 7. If w is a neologism, which
may not be present in the HISTORICAL vocabulary
Vi, we use its MODERN embedding (Procrustes-

projected for Word2Vec or as-is for ROBERTa).
To quantify the supply hypothesis, we measure
a function of the neighbourhood density:
d(w, ) = log(|N-(w)| + 1). (1
The demand hypothesis measures how the neigh-
bourhood words change in popularity. At each
timestep ¢t € {1,...,T}, we measure how much
of the corpus do the words in N, (w) account for:

ZUENT(w) ci(u)

2
S ey o) @

pT(w7 t) =

We measure the monotonicity of this time series
(Spearman correlation p with the timesteps):

p({ LT Apr(w, )} 1) (3)

m(w, ) =
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Figure 2: Experimental comparison between the neighbourhoods of neologisms (blue bars) and control words (red
bars) in the Twitter domain. The three plots in each row correspond to three measures: the number of HISTORICAL
neighbours a word has (left), how monotonically these neighbours grow in frequency (centre), and the linear
regression slope of their growth (right). The x-axis on all plots corresponds to the neighbourhood size (defined by
the cosine similarity threshold 7). The top and bottom rows show the results with the static Word2Vec embeddings
and the contextual RoOBERTa embeddings respectively. Error bars represent standard error over words. The number
of asterisks above a pair of bars indicates the statistical significance of their difference per Wilcoxon signed-rank
test: *** for p < 0.001, ** for 0.001 < p < 0.01, * for 0.01 < p < 0.05, none for p > 0.05.

and the linear regression slope of its growth:

1
r(w,7) = A7) X
Zthl(t B ZT/)(pT(w, t) B p’?’(w)) (4)
i (t—1)? ’
where p, (w) = K37 pr(w,t)] and F = £,

In the experiments described in the next section,
we compute the mean values of these three met-
rics for the neighbourhoods of neologisms and the
neighbourhoods of control words over a range of
neighbourhood sizes defined by the threshold 7.

6 Results
6.1 Published writing

Figure 1 shows how the mean neighbourhood
density (left) and the mean neighbour frequency

growth rate (middle, right) differ between neolo-
gisms and controls in the published writing corpus
over a range of neighbourhood sizes. The top row
of charts shows the results for the static embed-
dings experiment, which we perform to ensure that
our original findings (Ryskina et al., 2020b) still
hold given the changes in the neologism—control
pairing criteria (§5.3) and the operationalization of
the hypotheses (§5.4). We successfully reproduce
the original results, finding support for both the sup-
ply and the demand hypotheses: neologisms have
fewer neighbours than the control words (Figure 1,
top left) but their neighbours grow in frequency
faster (Figure 1, top centre & right).

The bottom row of charts shows the results with
the RoBERTa embeddings: we confirm that the
trends remain the same when we perform the ex-
periment using contextual embeddings. However,

168



Neologism formation

Published writing (1810-2012)

Twitter (2007-2021)

mechanism 9% neologisms (examples) % neologisms (examples)
Abbreviation 6% (blog, condo, postdoc) 20% (bae, afab, incel)

Blend 4% (pixel, camcorder) 14% (presstitutes, weeksary)
Borrowing 14% (falafel, video) 11% (mukbang, dololo)
Compound 45% (laptop, cyberpunk) 19% (deepfake, headcanon)
POS conversion 7% (startup, aerobics) 8% (snapchatting, mutuals)
Derivation 29% (wellness, facilitator) 20% (anti-mask, unalive)
Sense 4% (analog, firewall) 4% (catfishing)

Spelling <1% (byte, gangsta) 13% (bz, 5ever, sksksk)

Table 3: Percentage of neologisms in each domain by their formation mechanism. Our manual categorization draws
on the Oxford English Dictionary where available, and allows for the same word to fall into multiple categories.
Category definitions (details in §C): abbreviation = clipping, shortening, acronym; blend = combining parts of
existing words; borrowing = loanwords from other languages; compound = combining full existing words; POS
conversion = change in part of speech; derivation = morphological derivation, e.g., affixation; sense = widely used
existing words acquiring new senses; spelling = any creative spellings, including alterations of existing words.

the significance of the findings for the demand hy-
pothesis is less conclusive: the difference in neigh-
bour frequency growth between neologism and con-
trol neighbourhoods is less pronounced for the re-
gression slope metric (Figure 1, bottom right) than
for the monotonicity metric (Figure 1, bottom cen-
tre), unlike the static embedding experiment where
both metrics show a significant difference for most
neighbourhood sizes.

6.2 Twitter

The results for our Twitter corpus are presented in
Figure 2. As in the published writing corpus, we
find significant evidence for the supply hypothesis
(left column), suggesting that neology on social
media is also partly driven by the pressure to fill
in gaps in the lexicon. However, the evidence for
the demand hypothesis is weaker: the frequency
growth monotonicity metric (middle column) does
not show a significant difference between neolo-
gisms and controls, and the frequency growth slope
(right column) is higher for neighbours of neolo-
gism than for neighbours of control words only
with Word2Vec embeddings (top right). This sug-
gests that the frequency growth is less important in
Twitter neology, though we discuss some alterna-
tive explanations in the following section.

7 Discussion

Domain and corpus differences The informal
and participatory nature of social media encour-
ages creativity (Peppler, 2013). With language in
particular, additional constraints like automated

moderation (Ungless et al., 2025) or typing and
text rendering issues (Ryskina et al., 2020a) further
incentivize users to experiment with spelling and
word creation. These domain-specific pressures
are reflected in how social media neologisms are
formed and in what neighbourhoods they emerge.

We categorize all verified neologisms by the
mechanism of their formation, using dictionaries
and other resources (Table 3; details in Appendix
C). Vast majority of the neologisms in published
writing are created by recombining existing mor-
phemes, either through compounding (e.g., airfare)
or morphological derivation (e.g., interconnected-
ness). As shown in Table 3, Twitter neologisms
are much more diverse and creative. Blends and
portmanteaus are more prominent, especially in
fandom culture (e.g., Bettie + Archie — Barchie).
Expressions of orthographic creativity are com-
mon, including phonetic respellings of existing
words and phrases (e.g., on that — onnat), ex-
pressing intonation or emotion (e.g., stop — stahp,
lit — littttt), puns and wordplay (e.g., forever —
4ever — Sever, democrats — demonrats), and even
completely novel coinages (e.g., sksksk to express
laughter). Twitter’s character limit also encourages
abbreviation, such as clipping (cryptocurrency —
crypto), shortening (season — szn), and acronyms
(one of my followers — oomf). Finally, our pub-
lished writing corpus focuses on American English
and is mostly representative of its “standard” vari-
ety (Milroy and Milroy, 2012), while the Twitter
data features African American English (known to
be one of the main sources of lexical innovation on
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the platform; Grieve et al., 2018), other World En-
glishes, and code-switching with other languages
(Dogruoz et al., 2021). Although the overall share
of neologisms of foreign origin (see ‘Borrowing’ in
Table 3) is lower for Twitter than for the published
writing corpus, these words come from a more di-
verse set source languages and often include slang
from other cultures (e.g., ahre; De Luca, 2021).
In many ways, Twitter neologisms are less typical
than the published writing ones, which could ex-
plain the differences in the neighbourhood statistics
between the two domains.

The differences in the corpus construction also
impact the experimental results: DL . 4. con-
tains 18 timesteps (decades from 1800s to 1980s),
while DIwt ... has only four (years from 2007
to 2010). As a result, the estimates of the frequency
growth monotonicity measure (introduced origi-
nally for the published writing corpus; Ryskina
et al., 2020b) are too noisy for Twitter (Figure 2,
middle column). However, our frequency growth
slope measure shows support for the demand hy-
potheses both on Twitter (Figure 2, top left) and in
published writing (Figure 1, top left) for neighbour-
hoods in the static embedding space.

Finally, we should note that our definition of a
neologism—a new form—meaning pair that spreads
beyond its initial user(s) to a wider community—
does not distinguish between true broadening of
use and the growth of the user community itself.
Especially for Twitter, the trends we see might be
affected by how the platform’s user base changes.
The increased use of South African slang words in
English contexts could be due to an influx of users
from South Africa, and the growing popularity of
terms associated with K-pop (Korean popular mu-
sic) could be explained by more of the platform’s
users becoming interested in K-pop. Future work
on social media neology could focus specifically
on posts aimed at a more general audience (such as
the r/CasualConversation subreddit), addition-
ally evaluate the degree of a neologism’s social
or geographic diffusion (Eisenstein et al., 2014;
Grieve et al., 2018), or jointly consider the two do-
mains explored in this paper: a word’s adoption by
the published/mass media is a strong indicator of it
entering the mainstream vocabulary.

Impact of embedding choice The experimental
results for the demand hypothesis differ depend-
ing on whether static or contextual embeddings are
used. The difference is especially notable for Twit-

ter, where the neighbours of the neologisms in the
RoBERTa space seem to grow in frequency less
than the neighbours of the control words (Figure 2,
bottom right)—the opposite of what the hypothe-
sis predicts. After inspecting the neighbourhoods
of the neologisms, we find that the distance in the
RoBERTa space is substantially affected by sub-
word token overlap, especially if any of the sub-
words are rare. Words sharing a root tend to be
closer in this space, which is useful for neologisms
created by derivation or compounding, as is com-
mon in published writing (Table 3). However, Twit-
ter abbreviations, blends, and creative spellings of-
ten contain unusual character sequences and end up
being over-segmented by the RoOBERTa tokenizer.
For example, the nearest neighbours for smol are
other spelling variants starting with sm- (smthin,
smtimes, smoooooth) rather than semantically simi-
lar words like cute. This suggests that contextual
embeddings may not be the best tool for studying
social media neologisms specifically. In general,
contextual embeddings might be better suited for a
different operationalization of the hypotheses (e.g.,
using neighbourhoods of senses rather than words).

8 Conclusion

In this paper, we compare two semantic correlates
of neology between two domains: historical pub-
lished writing (books and articles) and social me-
dia (Twitter). We collect a large corpus of En-
glish tweets and extend our earlier methodology
(Ryskina et al., 2020b) to this data in order to test
two hypotheses about neology: that new form—
meaning pairs emerge to fill semantic gaps (supply
hypothesis) and that they emerge in topics that are
rising in popularity (demand hypothesis). We op-
erationalize the hypotheses using either static or
contextual word embeddings, though we find the
latter less suitable for social media data due to the
impact of tokenization. For published writing, we
reproduce our earlier results, finding evidence for
both hypotheses. For Twitter, we find that though
both hypotheses are supported, the evidence for the
demand hypothesis is less conclusive. While it can
be partially attributed to the differences in the cor-
pus construction, we hypothesize that the creative
tendencies of social media language use (evident
in the neologism formation mechanisms prevalent
on the platform) might be competing with the de-
mand for word creation driven by the development
of novel concepts in topics of growing popularity.
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Limitations

As acknowledged in §7, there are limitations to
extending our frequency-based framing of neol-
ogy from books and newspapers to social media.
While social media provides a unique opportunity
to study linguistic innovation in a much wider and
more diverse population of language users, the
composition of this population can also change
rapidly, and it can be difficult to tell whether the
observed frequency effects are due to the neolo-
gism’s spread across communities of users or sim-
ply to the growth of the particular community it
originated from. Public social media posts, despite
being accessible to any user, are also not necessar-
ily meant to be understood by a general audience,
which further obscures the distinction between oc-
casional in-group language play and more lasting
and widespread language change.

We would also like to acknowledge several
methodological caveats. Because of the strict
neologism—control matching criteria, not all iden-
tified neologisms are matched to control words
(§5.3) and therefore included in the final analysis,
which may affect its findings. Certain differences
in the design choices made for each of the two
domains (the relative lengths of the HISTORICAL
and the MODERN time periods, the choice to limit
neologisms to nouns only or to allow other parts of
speech) might also contribute to the observed differ-
ences. Finally, pretrained contextual embeddings,
while commonly used in language change studies,
inevitably depend on their original pretraining cor-
pus, which is not specifically aligned with either
of our domains or time periods; future work could
explore using domain- and time-specific masked
language models instead.
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A Differences from Ryskina et al.’s
(2020b) experimental setup

Our opertionalization of the hypotheses (§5.4)
builds on that of Ryskina et al. (2020b), with sev-
eral differences:

* Since the differences in neighbourhood den-
sity between neologisms and controls can be
dramatic, we measure it as log(| N, (w)| + 1)
(Eq. 1) rather than the raw number of neigh-
bours | N, (w)].

* We propose a more robust estimation for the
frequency growth monotonicity measure: in-
stead of estimating each neighbour word’s
growth monotonicity and averaging, we mea-
sure the growth of the neighbourhood as a
whole (Eq. 2) and estimate the monotonicity
of that (Eq. 3).

* To test the demand hypothesis more thor-
oughly, we also compute the regression slope
of the frequency growth (Eq. 4) as an addi-
tional metric.

We also use different criteria for neologism selec-
tion (§5.1) and neologism—control pairing (§5.3),
use different hyperparameters for Word2 Vec (§5.2),
and additionally repeat all experiments with con-
textual embeddings (§5.2).

B Data preprocessing and filtering

B.1 Tweet preprocessing and tokenization

At the preprocessing step, all tweets are lowercased
and tokenized using NLTK’s TweetTokenizer
(Bird et al., 2009). Using regular expression-based
heuristics, we remove the following from all tok-
enized tweets: URLs; phone numbers; hashtags;
tokens consisting exclusively of emoji, numbers,
punctuation, or special characters; single-character
tokens; and tokens longer than 50 characters. This
leads to an extra 0.3% of all tweets being filtered
out entirely. We use this tokenized data to:

* extract the vocabulary and estimate token fre-
quencies, which are then used to select candi-
date neologisms (§5.1) and to pair neologisms
with controls (§5.3);

e train the static Word2Vec models (§5.2).

Since RoBERTa uses its own tokenizer, we
extract the contextual embeddings (§5.2) us-
ing the original, non-preprocessed tweet text.
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However, some vocabulary words extracted by
TweetTokenizer do not match RoBERTa’s token
boundaries. For example, in

RT@<USERNAME>:Parenting tip ...

TweetTokenizer considers :P to be a separate
emoticon token, leading to arenting appearing
in the historical vocabulary. Such tokenization mis-
matches are excluded from the historical vocabu-
lary in all RoBERTa-based analyses.

B.2 Automatic Twitter neologism filtering

The initial list of neologism candidates obtained
by thresholding the MODERN Twitter vocabulary
by the first year of popular use (§5.1) consists of
3554 words. First, we refine the resulting list using
part-of-speech tagging: for each word, we sam-
ple 100 tweets containing it at random and run
them through the Flair English POS tagger’ (Akbik
et al., 2018). Any potential neologisms for which
the most frequent tag was NNP or NNPS (proper
nouns), FW (foreign), CD (number) or NFP (su-
perfluous punctuation) are discarded. Second, we
filter out rare variants by removing any words that
occur fewer than 500 times in the entire corpus.
Finally, we remove any words whose frequency
distribution is sparse and sharply peaked (usually
associated with auto-generated, templatic tweets).
For example, theweatherchannel has 130K oc-
currences in 2016 and none in 2017-2021, and all
2016 occurrences follow the same template:

Get Weather Updates from
theweatherchannel <TIMESTAMP>

The 938 words remaining after this step are addi-
tionally filtered manually, as described in the next
section. The results with the non-filtered list of
words are reported in §D.

B.3 Manual neologism filtering

Published writing We look up each of the 1000
potential neologisms extracted by Ryskina et al.
(2020b) in the Oxford English Dictionary (OED).}
An OED entry typically provides etymological in-
formation as well as the usage statistics for each
recorded distinct sense of the word. For each word,
we note the year it was first used in its latest sense
in any part of speech (e.g., icon in the computing
sense) or as a part of its newest OED-recorded com-
pound (such as in-vitro fertilization for in-vitro).

"https://huggingface.co/flair/pos-english
8https://www.oed.com/

We discard any words for which this year is earlier
than 1900. For words not found in OED entries
(e.g., p-value), we rely on either the first use date
per the Merriam-Webster dictionary® or the year of
the word’s first appearance in the OED quotation
bank. Finally, we discard the nine remaining words
not found in either dictionary.

Twitter Starting with the list of 938 neologism
candidates, obtained as described in §5.1, we look
up each word’s context in our Twitter dataset, as
well in the variety of online sources.

We design the following filtering rules:

* We discard foreign words for which no evi-
dence of natural code-switched use was found
in our corpus. These occur in tweets created
by sharing from other websites (e.g., “... via
YouTube”):

Need for Speed - Most Wanted
Soundtrack (Full) <URL> przez
@YouTube

We keep foreign words used in code-switched
contexts:

Nha Bafethu the Messi saga is
difficult to accept

* We discard proper names, including names
of people, works of art, products, and compa-
nies:

VOTE SUNGHOON ON TIKTOK!

We keep derivations or abbreviations of prod-
uct names that have gained common use (e.g.,
per Urban Dictionary):'°

I just found a bunch of old
selfies/insta posts

We also keep product names converted into

verbs:
using snapchat for the
memories >>> actually
snapchatting
* We discard typos:
DM US ON OUR INSTRAGRAM

ACCOUNT

ghttps://www.merriam-webster.com/
Yhttps://www.urbandictionary.com/
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We use the Urban Dictionary to differentiate
them from deliberate creative spellings, which
we keep:

i literallt!! cant

We discard tokenization errors, such as 11ed
being identified as a neologism candidate be-
cause of incorrectly splitting a token:

i forgot to censor k!lled

We discard words which have been in use prior
to 2000 per the Oxford English Dictionary
(OED) and have not gained new senses since
(e.g., unvaccinated). We rely on both the
OED and the Urban Dictionary for identifying
senses: for example, the OED lists only the
currency-related sense of demonetization
(in use since 1795), while the Urban Dictio-
nary lists its newer content-related sense.'?

C Neologism formation categorization

We primarily rely on the Oxford English Dictionary
(OED) to categorize neologisms by how they were
created. For non-dictionary words or ones where
the etymological information is not provided, we
reconstruct it using Wiktionary'® and other online
resources.

The statistics for both corpora are reported in
Table 3. We use the following categories:

» Abbreviation: clippings or shortenings (infor-
mation — info), acronyms (canola), and ini-
tialisms (aka). Following the OED labels, we
also include clipped compounds (sitcom) and
loan-phrases shortened to single words (caffe
latte — latte).

Derivation: morphological derivatives, pri-
marily words created by affixation (light —
ultralight). Words that the OED annotates as
created by back formation (grungy — grunge)
are included in this category.

* Borrowing: loanwords from other languages,
including cases where a borrowed root is com-
bined with an English affix (Greek ‘leptos’
+ -in — leptin). For Twitter neologisms, we
include foreign words used in code-switched
contexts in this category.

11https://www.urbandictionary.com/define.php?

term=Literallt

12https://www.urbandictionary.com/define.php?
term=Demonetization

Bhttps://waw.wiktionary.org/

Compound: words combined in their entirety
(bodysuit, business-to-business) or words com-
bined with affixes that the OED classifies as
combining forms (such as bio-, tele-; Mc-
Cauley, 2006).

Blend: words combined in a way that al-
ters at least one of their original forms (e.g.,
cell(ular) + phone — cellphone, t(rans)- +
am(ine) + oxy- + phen(ol) — tamoxifen). Bor-
rowed roots combined in such a way with En-
glish elements (Greek ‘ergon’ + (econ)omics)
— ergonomics. The OED does not differen-
tiate between blends and compounds, so we
classify them manually.

Spelling: orthographic alterations of an ex-
isting word or phrase (gangster — gangsta).
Orthographic renderings of pronunciation or
accent (both of them — boffum, heart —
hearteu), onomatopoeia (skrrt), and keysmash
(sksksk; McCulloch, 2020) are also included
in this category.

Sense: a commonly used word acquiring an
new sense. While the OED provides both the
original etymology (e.g., borrowing for ana-
log) and the timelines for the various senses
(e.g., 1941- for analog as ‘non-digital’), for
many words (e.g., browser) it is hard to say
whether the new sense was transferred onto an
existing form or the form itself was re-coined
from scratch. We chose to use this label (in
addition to the original OED-annotated cate-
gory) primarily for neologisms acquiring figu-
rative senses.

POS conversion: an existing word taking on
a new part of speech (e.g., aerobic, adj. —
aerobics, noun). If a word has multiple OED
entries for different parts of speech listing dif-
ferent etymologies (e.g., derivation for inter-
face, n. and conversion for interface, v.), we
use labels from all the entries where the first
use of the most recent sense is in 1900 or later.
Where the OED combines parts of speech in
the same entry, we follow the dictionary and
do not use this label.

Many Twitter neologisms do not appear in the

OED, so we annotated them manually, aiming for
consistency with the OED categorization. The
same word can fall into multiple categories (e.g.,
bodycam is both a compound and an abbreviation).
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D Results for non-filtered neologisms

Figure 3 shows the results for the non-filtered list
of published writing neologisms (755 neologism—
control pairs). No suitable control words were
found for the remaining 245 neologism candidates.

Figure 4 shows the results for the non-filtered
list of Twitter neologisms (451 neologism—control
pairs). No suitable control words were found for
the remaining 487 neologism candidates.
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Figure 3: Experimental comparison between the neighbourhoods of neologisms (blue bars) and control words (red
bars) in the published writing domain. Results are reported for 755 neologism—control pairs created from the
original, non-filtered neologism list of 1000 candidate neologisms. The three plots in each row correspond to three
measures: the number of HISTORICAL neighbours a word has (left), how monotonically these neighbours grow in
frequency (centre), and the linear regression slope of their growth (right). The x-axis on all plots corresponds to
the neighbourhood size (defined by the cosine similarity threshold 7). The top and bottom rows show the results
with the static Word2Vec embeddings and the contextual RoOBERTa embeddings respectively. Error bars represent
standard error over words.
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Figure 4: Experimental comparison between the neighbourhoods of neologisms (blue bars) and control words
(red bars) in the Twitter domain. Results are reported for 451 neologism—control pairs created from the original,
non-filtered neologism list of 938 candidate neologisms. The three plots in each row correspond to three measures:
the number of HISTORICAL neighbours a word has (left), how monotonically these neighbours grow in frequency
(centre), and the linear regression slope of their growth (right). The x-axis on all plots corresponds to the neighbour-
hood size (defined by the cosine similarity threshold 7). The top and bottom rows show the results with the static
Word2Vec embeddings and the contextual RoOBERTa embeddings respectively. Error bars represent standard error
over words.
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