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Abstract
English neologisms, or newly coined words, have previously been shown to emerge in sparser semantic
neighborhoods (filling semantic gaps) and near other neologisms (in growing semantic areas). In this work, we
investigate where in semantic space Spanish neologisms emerge, and whether this mirrors English neologism
development. We find that Spanish neologisms, in comparison to non-neologisms, do indeed appear both nearer to
other neologisms and further from non-neologisms. We additionally investigate the prevalence of loanwords from
other languages through time in Spanish neologism production and manually assess the topics that appear as
loanwords at four years: 1810, 1900, 1950, and 1990. Our findings show that on average, the Spanish neologisms in
our dataset have fewer neighboring words in semantic space compared to non-neologisms and tend to cluster more
tightly in the semantic space, indicating that patterns of neologism emergence span languages. This suggests that
novel methods for neologism detection may be cross-lingually applicable, with these features serving as multilingual
predictors of neologism emergence.
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1. Introduction

Neologisms are newly coined words that have been
accepted in speech communities (Picone, 1996),
and emerge across the world’s languages. Ryskina
et al. (2020) investigate how English neologisms
relate to other words in semantic space, finding
that English neologisms are more likely to (1) ap-
pear in sparser semantic neighborhoods (filling
semantic gaps), and (2) emerge near other neol-
ogisms (in growing semantic areas). In this work,
we investigate how typological diversity impacts
how neologisms emerge, specifically examining
whether these two findings by Ryskina et al. (2020)
apply for Spanish neologisms. We perform this
analysis through a temporal lens, performing this
investigation on Spanish texts at various points in
time and with multiple thresholds of “closeness” for
semantic similarity (cosine similarities of at least
0.35, 0.45, and 0.55).

To address these research questions, we pro-
duce static embeddings of Spanish words appear-
ing in the Google Ngram Viewer corpus (Michel
et al., 2011), which contains frequencies of Span-
ish words used in books from 1500-2019. We
classify these unigrams as neologisms or non-
neologisms based on their proportion of usage
before and after the year being analyzed. We then
compare the embeddings of the Spanish words for
each year via cosine similarity, counting how many
words are at least as similar as the specified simi-
larity lower bound. Then, we can use these counts
to evaluate whether neologisms are more likely
to emerge in (1) sparser areas, i.e. have fewer
close semantic neighbors, and (2) growing seman-

tic neighborhoods, i.e. have a higher proportion of
neologisms as close semantic neighbors and tend
to be grouped together in semantic space.

Next, we inspect clusters of Spanish neologisms
to identify the topics that have grown in popularity
over each of the various years, and assess the role
that language contact has played in the creation of
new words across time, by identifying the source
language of the neologisms for each year.

We find that new Spanish words, like new En-
glish words, do indeed emerge in sparser and
growing neighborhoods. We also find that lan-
guage contact and globalization tend to impact the
loanwords that appear in Spanish text over time.
These findings indicate that neologisms tend to
emerge in similar areas of semantic space across
languages, given that these patterns appear to
be consistent multilingually. This result opens up
new avenues of multilingual neologism detection,
which corresponds with one persistent challenge
for large language models (LLMs) in the modeling
of contemporary speech: unknown token handling.

2. Related Work

Neologisms reflect cultural, technological, and so-
cietal change. Consequently, it is important to
be able to accurately detect and infer the mean-
ing of neologisms from limited context in order to
keep language models current and effective for
real-world applications. In fact, Zheng et al. (2024)
introduce NEO-Bench, a benchmark that serves to
evaluate LLMs’ robustness in handling neologisms,
and conclude that LLMs are not yet fit to generalize
on neologisms.
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Prior work related to neologisms has largely fo-
cused on detecting their presence in corpora, in
particular for English (Würschinger et al., 2016;
McCrae, 2019; Zalmout et al., 2019). Kulkarni et al.
(2018) propose leveraging the appearance of neol-
ogisms to help estimate when a document was writ-
ten by tracking their appearance and frequency. In
a non-English setting, prior work has investigated
detecting neologisms in Persian (Megerdoomian
and Hadjarian, 2010), Mandarin (Liu et al., 2013),
French (Falk et al., 2014; Lejeune and Cartier,
2017), Russian (Lejeune and Cartier, 2017), and
Japanese (Breen et al., 2018). Mizrahi et al. (2020)
introduce a model which, rather than detecting or
analyzing existing Hebrew neologisms, is designed
to create new words with the goal of reducing re-
liance on loanwords.

In this work, we focus on characterizing the se-
mantic qualities of Spanish neologisms, in par-
ticular for nouns. On the other hand, Rello and
Basterrechea (2010) present the first system able
to identify and conjugate Spanish verb neologisms,
and Wein (2020) categorizes utterances in a Span-
ish language learner corpus as being neologisms,
loanwords, or errors.

As discussed in Section 1, Ryskina et al.
(2020) propose two hypotheses surrounding neolo-
gism emergence, in order to analyze neologisms
through the lens of distributional semantics. Sepa-
rate Word2Vec embeddings are trained on the Cor-
pus of Historical American English (COHA; Davies,
2010) and the Corpus of Contemporary American
English (COCA; Davies, 2008), and then aligned.
Neologisms are identified as nouns that occur at
least 20 times more frequently in the contemporary
corpus, following Ryskina et al. (2020). Semantic
density is measured by counting words that fall
within certain cosine similarity thresholds ranging
from 0.35 to 0.55, and frequency growth is calcu-
lated by averaging the change in frequency of a
given word’s neighbors over time. In concluding
that both semantic sparsity and frequency growth
serve as strong predictors, with frequency growth
outperforming, this study offers valuable insight into
neologism emergence for English words. These
findings motivate our work on Spanish neologisms.

3. Methods

To test our hypotheses, we represent words us-
ing word embeddings and measure the semantic
similarity between them. In doing so, we are able
to define neighborhoods around each word via a
similarity threshold in order to measure the density
of the neighborhood as well as the presence of
nearby neologisms.

3.1. Data

We utilize the unigram data from the 2020 Spanish-
language Google Ngram Viewer corpus (Michel
et al., 2011), which contains frequency counts of
words in Spanish books published between 1500
and 2019. Each entry within this dataset contains
a word and its frequency for each year.

Following Ryskina et al. (2020), before classify-
ing neologisms, we filter the data to include only
nouns using the part-of-speech tagger from the
SpaCy package (Honnibal et al., 2020). Addition-
ally, we filter out words beginning with capital let-
ters as well as words with special characters or
numbers. This preprocessing limits our dataset to
just nouns, because they are an open-class part-
of-speech, and helps reduce some of the noise
from our large dataset by filtering out some named
entities.

We identify neologisms at four cutoff years:
1810, 1900, 1950, and 1990. We select these four
years given the amount of data available in each
of those four intervals and the cultural shifts that
occurred between those times. We then calculate
the amount of times each word is used before and
after each cutoff and their proportion of modern
usage, which we define as the ratio of occurrences
after the cutoff to occurrences before. We deter-
mine which words to label as neologisms based
on their proportion of modern usage, ultimately la-
beling the 1,000 words with the highest proportion
at each year as neologisms (we discuss examples
of these neologisms in Section 4). We select the
top 1,000, which follows Ryskina et al. (2020) and
is affirmed by our qualitative assessment of the
point at which the modern usage proportion drasti-
cally declines. The average ratios for these 1,000
highest-proportion items are as follows: 76,649 for
1810, 12,716 for 1900, 3,877 for 1950, and 564
for 1990. The decrease in these proportions over
the years is an expected trend that likely reflects
the amount of time each word had to accumulate
usage after each cutoff year. For example, words
that emerged around 1810 had over 200 years to
become widely used, while words that emerged
around 1990 had only a few decades until the end
of the dataset in 2020.

3.2. Approach

In order to represent our words as vectors, we use
static embeddings from fastText (Bojanowski et al.,
2017),1 as our dataset consists of isolated words
and frequencies.

To address the first hypothesis, which is that ne-
ologisms tend to appear in less dense areas of the

1Specifically, we use the embeddings produced by
the cc.es.300.bin Spanish-language model, which is pre-
trained on Common Crawl and Wikipedia data.
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Language Neologism Non-neologism
Spanish 403 293429
English 198 95880
Portuguese 69 61794
Italian 61 52669
French 31 35193

Table 1: Source languages identified for neolo-
gisms and non-neologisms for words in the year
1990.

Figure 1: Technology Cluster: 1990 Cutoff. Words
that are redder (darker) are closer in semantic
space to smartphone.

semantic space, we calculate the cosine similar-
ity between the each word and all other words in
the dataset. Then, for each word, we count the
number of similar words above a certain thresh-
old. We choose to analyze several lower bound
thresholds in order to explore varying degrees of
similarity: 0.35, 0.45, and 0.55 following Ryskina
et al. (2020); these thresholds are defined as the
minimum cosine similarity that is required for a
word to be considered “similar” to a given word, i.e.
to be a part of that word’s semantic neighborhood.
This allows us to determine how many words are
similar to the original word, and thereby ascertain
the density of a given word’s semantic space.

We operationalize the second hypothesis, which
is that neologisms tend to arise in growing seman-
tic neighborhoods, in terms of proximity of neolo-
gisms to each other. Accordingly, we perform the
same calculation as for the first hypothesis, but
now only focus on how many neologisms are near
the word, indicating whether the area is growing.

Finally, to investigate the question of language
contact’s role in neologism creation, we perform
language identification of the neologisms for each
year. We leverage fastText’s pretrained model for
language identification, which supports 176 lan-
guages (Joulin et al., 2017).2 We count the amount
of words identified as belonging to each language
by the model.

2Specifically, we use the lid.176.bin fastText model.

4. Results

First, we perform a qualitative analysis of the neolo-
gisms that emerge in the dataset at each year. We
are able to notice clear trends in the types of words
classified as neologisms. For the interval starting
at 1810, we notice words like fotografía (photog-
raphy), vodka (vodka), and fútbol (soccer/football)
being labeled as neologisms. All of these words
not only give insight into what terms are growing
in popularity at the time, but are also examples of
globalization’s impact on language, as all of these
terms are either loanwords or adapted from other
languages—mostly from English, but with vodka
being a Russian loanword. In the 1900-1950 data
split, we see words like telenovelas (television soap
opera), ecologismo (environmentalism), and neu-
rociencia (neuroscience) reflecting a growing fo-
cus on scientific, environmental and media-related
domains for the time period. For 1950-1990, we
see feminicidio (femicide), rockero (rocker), hip-
pie (hippie), interculturalidad (interculturality), and
even píxeles (pixels), which reflects more mod-
ern developments. Finally, in the data split with
cutoff year 1990 (which spans 1990 to 2020), we
notice more contemporary concepts that are em-
blematic of 21st century advancements, such as
smartphone (smartphone), bitcoin (bitcoin), and
ibuprofeno (ibuprofen). Overall, this progression
underscores the influence of globalization, tech-
nological innovation, and societal shifts on the
Spanish language, revealing predictable patterns
for neologism emergence. When visualizing the
neologisms into cluster via T-SNE (Figure 1), we
are able to observe similar clusters developing, in-
cluding technologically- and scientifically-focused
terms clustering together for each year.

When examining the amount of neologisms iden-
tified as belonging to each language for each cutoff
year, we observe an increase in the proportion of
neologisms that are non-Spanish words over time,
with Portuguese and English appearing most fre-
quently. In 1810, Portuguese is the most common
non-Spanish source of neologisms, with English
behind it. However, in 1900, English not only sur-
passes Portuguese, but continues to increase and
ultimately makes up more than double the amount
of Portuguese neologisms by 1990 (Table 1). This
shift suggests a rise of English influence on Span-
ish vernacular.

Addressing the first hypothesis, our results (Ta-
ble 2) show that on average, neologisms have
fewer neighboring words in the semantic space
compared to non-neologisms. Noticeably, the ab-
solute counts are large, which is due both to the
size of the dataset and to the use of a relatively
low similarity threshold, such as 0.35, permit the
inclusion of many loosely related words. For this
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Lower Bound
Year Type 0.35 0.45 0.55
1810 Neologism 497,530 73,111 10,147
1810 Non-neologism 693,953 569,252 324,618
1900 Neologism 473,241 104,741 17,723
1900 Non-neologism 693,985 569,210 324,608
1950 Neologism 461,496 139,012 28,781
1950 Non-neologism 694,001 569,165 324,593
1990 Neologism 488,120 233,502 102,150
1990 Non-neologism 693,965 569,039 324,495

Table 2: Average number of similar words within the threshold for neologisms and non-neologisms, at
each lower bound. For example: for the year 1810, for all 1,000 neologisms the average number of similar
words from the dataset in each neologism’s neighborhood is 497,530 with a cosine similarity of 0.35 ≤ x
≤ 1.

Lower Bound
Year Type 0.35 0.45 0.55
1810 Neologism 37.4 9.25 2.59
1810 Non-neologism 3.44 0.309 0.045
1900 Neologism 34.0 8.53 2.53
1900 Non-neologism 7.19 1.18 0.190
1950 Neologism 32.7 8.60 2.55
1950 Non-neologism 15.8 2.87 0.336
1990 Neologism 57.4 21.6 6.00
1990 Non-neologism 53.6 13.3 1.87

Table 3: Average number of similar neologisms for neologisms and non-neologisms within each threshold.
For example: for the year 1810, for all 1,000 neologisms the average number of similar neologisms in a
given word’s neighborhood is 37.376, for a cosine similarity of 0.35 ≤ x ≤ 1.

reason, the values are best interpreted in compari-
son to one another rather than in isolation. The fact
that neologisms have fewer neighboring words in
the semantic space compared to non-neologisms
indicates that neologisms are indeed more likely
to emerge in sparser areas of the semantic space,
suggesting that Spanish, like English, follows this
supply-driven pattern. This is indicative of a cross-
linguistic trend of conceptual gaps that exist in se-
mantically sparse regions, which neologisms fill.

Conversely, when assessing the proximity of ne-
ologisms to each other (Table 3), the average simi-
larity count is higher than that of non-neologisms
across all years and thresholds. This suggests that
new words tend to cluster more tightly in semantic
space, in line with the second hypothesis, which
outlines the demand-driven theory that neologisms
emerge in areas of growing popularity. Our findings
suggest that Spanish neologisms are also subject
to such cultural trends and shifts, and thus that
neologisms are not just filling gaps in the seman-
tic space, but responding to increased demand in
culturally relevant spaces.

These findings and the similarity of Spanish ne-
ologism emergence to English neologism emer-
gence indicates that both semantic sparsity and
growing popularity serves as a multilingual predic-
tor of future neologism emergence.

5. Conclusion

In this work, we explore where in semantic space
Spanish neologisms emerge in relation to other
words. We specifically investigate whether Span-
ish neologisms are more likely to fill semantic gaps
(thus appearing in sparser neighborhoods and hav-
ing fewer close neighbors than non-neologisms do)
and emerge in areas of growing popularity (thus
being closer to other neologisms). As Ryskina
et al. (2020) find for English, we find that Span-
ish neologisms do emerge in both sparser and
growing semantic neighborhoods, suggesting that
these phenomena carry across languages. Our
qualitative analysis reveals that words related to
technology and global politics regularly emerge as
neologisms in our data. We additionally investigate
the role of loanwords, finding that more English
loanwords appear with increasing frequency over
the centuries. Our findings motivate future work
detecting multilingual neologisms given their rela-
tionships with other words and known neologisms.
In particular, given that handling unknown tokens
(such as neologisms) is a persistent challenge for
LLMs, this work provides critical insight into how
we may detect new words across languages, which
would prove useful for enhancing performance of
multilingual LLMs.
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6. Limitations

We select the Michel et al. (2011) n-gram dataset
because of its size, historical scope, and well-
documented temporality metadata. The words
appear as individual unigrams, and thus we are
not able to leverage the context that the words
appear in for our analysis (or use contextualized
embeddings). A limitation of our approach is that
semantic neighborhoods are computed in a mod-
ern embedding space. Because the dataset only
contains isolated word usage per year and no text
sequences, we cannot train embeddings that re-
flect the historical usage of each neologism. Future
work using time-stamped corpora with contextual
information and embeddings over time could ad-
dress these issues, allowing analyses of historical
semantic structure and the dynamics of emerg-
ing words, following the approach of Ryskina et al.
(2020).

Further, our static embeddings do not allow us
to determine whether semantically sparse regions
existed prior to the emergence of neologisms or
appear sparse because neologisms are newly in-
troduced.

Additionally, we focus on Spanish nouns in partic-
ular, removing nouns with capital letters or special
characters. While we filter out all nouns that begin
with capital letters, some proper nouns remain in
the dataset (such as “iPhone”).
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