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Abstract

While we often think of words as having a fixed meaning that we use to describe a
changing world, words are also dynamic and changing. Scientific research can also be
remarkably fast-moving, with new concepts or approaches rapidly gaining mind share.
We examined scientific writing, both preprint and pre-publication peer-reviewed text,
to identify terms that have changed and examine their use. One particular challenge
that we faced was that the shift from closed to open access publishing meant that

the size of available corpora changed by over an order of magnitude in the last two
decades. We developed an approach to evaluate semantic shift by accounting for both
intra- and inter-year variability using multiple integrated models. This analysis revealed
thousands of change points in both corpora, including for terms such as‘cas9; ‘pan-
demic; and ‘'sars: We found that the consistent change-points between pre-publication
peer-reviewed and preprinted text are largely related to the COVID-19 pandemic. We
also created a web app for exploration that allows users to investigate individual terms
(https://greenelab.github.io/word-lapse/). To our knowledge, our research is the first

to examine semantic shift in biomedical preprints and pre-publication peer-reviewed
text, and provides a foundation for future work to understand how terms acquire new
meanings and how peer review a ects this process.
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Introduction

e meaning of words is constantly evolving. For instance, the word “nice” used to mean
foolish or innocent in the fifteenth-seventeenth centuries, before it underwent a shift to
its modern meaning of “pleasant or delightful” [1].  is change can be attributed to writ-
ers using new metaphors or substituting words with similar meanings, a process known
as metonymy [1]. By studying these shifts, we can gain a more nuanced understanding of
how language adapts to describe our world.

Scientific fields of inquiry are constantly evolving as researchers develop and test new
hypotheses and applications. For example, in the interval studied the CRISPR-Cas9 sys-
tem has been repurposed as a tool for genome editing. Microbes use this system as a
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defense against viruses, and scientists have adapted it for genome editing [2], resulting
in changes in the use of the term. Written communication is an important part of sci-
ence [3], both through published papers [4] and preprints [5, 6]. By using computational
linguistics to analyze scientific manuscripts, we can identify longitudinal trends in scien-
tific research.

e task of detecting changes in the meaning of words is known as semantic shift
detection. is process involves capturing word usage patterns, such as frequency and
structure, over a set period of time [7]. Once captured, the final step is generating a time
series to show potential shift events, commonly called changepoints [7—9]. By using this
approach, researchers have identified many changepoints within publicly available Eng-
lish corpora [10—14].  ese discoveries included semantic changes like the meaning of
awful shifting from majestic to horrible [15]. In addition to individual discoveries, sci-
entists have identified global patterns that semantic shifts follow [15, 16]. For instance,
words with similar meanings, i.e., synonyms, tend to change over time and undergo
similar changes [16]. Other patterns include that words change meaning inversely pro-
portional to their frequency, and words with multiple meanings have higher rates of
change [15]. Most of these discoveries have been made in regular English text. However,
researchers have also attempted to investigate whether these patterns are also found in
biomedical literature [17]. e only strong evidence they found is that words that change
meaning do so inversely proportional to their usage frequency [18]. Despite conflicting
evidence, it is clear that biomedical words and concepts change over time.

Recent studies have investigated semantic shifts in various non-biomedical corpora,
such as newspapers [19—21], books [15], Reddit [22], and Twitter [23]. Other research
has focused on semantic shifts in topics related to information retrieval [24], and the
COVID-19 pandemic has been studied multiple times [25—27]. Additionally, research-
ers have examined how term usage related to drugs and diseases changes over time
[18]. However, with the dramatic increase in open-access biomedical literature over
the last two decades, there is an opportunity to analyze semantic shifts in biomedicine
on a whole-literature scale. is paper takes a deeper dive into this area by exploring
semantic shifts in published and preprint works using natural language-processing and
machine learning techniques.

We sought to identify semantic shifts in the rapidly growing body of open-access texts,
published papers, and preprints. To do this, we used a novel approach that integrates
multiple models to account for the instability of machine learning models trained across
various years. is approach allowed us to identify changepoints for each token and to
examine key cases. We have made our research products, including changepoints and
machine learning models, freely available as open licensed tools for the community. In
addition, we have created a web server that allows users to analyze tokens of interest and
to observe the most similar terms within a year and temporal trends.

Methods

Biomedical corpora examined

Pubtator central

Pubtator Central is an open-access resource containing annotated abstracts and full-
texts with entity recognition systems for biomedical concepts [28]. e systens used
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were TaggerOne [29] to tag diseases, chemicals, and cell line entities, GNormPlus [30]
to tag genes, SRAGN [31] to tag species, and tmVar [32] to tag genetic mutations. We ini-
tially downloaded this resource on December 07th, 2021 and processed over 30 million
documents. isresource contains documents from the pre-1800s to 2021; however, due
to the low sample size in the early years, we only used documents published from 2000
to 2021. e resource was subsequently updated with documents from 2021. We also
downloaded a later version on March 09th, 2022 and merged both versions using each
document’s doc_id field to produce the corpus used in this analysis. We divided docu-
ments by publication year and then preprocessed each using spacy’s en_core_web_sm
model [33]. We replaced each tagged word or phrase with its corresponding entity type
and entity ID for every sentence that contained an annotation.  en, we used spacy to
break sentences into individual tokens and normalized each token to its root form via
lemmatization. After preprocessing, we used every sentence to train multiple Natural
Language Processing (NLP) models designed to represent words based on their context.

Biomedical preprints

We downloaded a snapshot of BioRxiv [5] and MedRxiv [6] on March 4th, 2022, using
their respective Amazon S3 buckets [34, 35].  is snapshot contained 172,868 BioRxiv
and 37,517 MedRxiv preprints. We filtered each preprint to its most recent version to
prevent duplication bias and sorted them into their respective posted year. Unlike Pub-
tator Central, these filtered preprints did not contain any annotations.  erefore, we
used TaggerOne [29] to tag chemical and disease entities, and GNormplus [30] to tag
gene and species entities for our preprint set. We then used spacy to preprocess every
preprint as described in the Pubtator Central section.

Constructing word embeddings for semantic change detection

We used the Word2vec model [36] to construct word vectors for each year.  is model is
a natural language processing model designed to represent words based on their respec-
tive neighbors as dense vectors. e skipgram model generates these vectors by having
a shallow neural network predict a word’s neighbors given the word, while the CBOW
model predicts the word given its neighbors. We used the CBOW model to construct
word vectors for each year. Despite the power of these word2vec models, these mod-
els are known to di er due to randomization within a year and year-to-year variability
across years [37—40]. To control for run-to-run variability, we examined both intra-year
and inter-year relationships. We trained ten di erent CBOW models for each year using
the following parameters: vector size of 300, 10 epochs, minimum frequency cuto of 5,
and a window size of 16 for abstracts (Fig. 1A). Every model has its own unique vector
space following training, making it di cult to compare two models without a correction

(See figure on next page.)

Fig. 1 AThe first step of our data pipeline is where PMCOA papers and BioRxiv/MedRxiv preprints are binned
by their respective posting year. Following the binning process, we train ten word2vec models for each year's
manuscripts. B Upon training each individual word2vec model, we align every model onto an anchor model.
C We capture token di erences using an intra-year and inter-year approach. Each arrow indicates comparing
all tokens from one model with their respective selves in a di erent model. D The last step combines the
above calculations into a single metric to allow for a time series to be constructed. Once constructed, we use
a statistical technique to autodetect the presence of a changepoint
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step. We then used orthogonal Procrustes [41] to align all trained CBOW models for the
Pubtator Central dataset to the first model trained in 2021, and all CBOW models for
the BioRxiv/MedRxiv dataset to the first model trained in 2021 (Fig. 1B). To visualize the
aligned models, we used UMAP [42] with the cosine distance metric, a random_state of
100, 25 for n_neighbors, a minimum distance of 0.99, and 50 n_epochs.

Detecting semantic changes across time

Once the word2vec models were aligned, the next step was to detect semantic change.
Semantic change events were detected through time series analysis [10]. We constructed
a time series sequence for each token by calculating its distance within a given year
(intra-year) and across each year (inter-year) (Fig. 1C). We used the model pairs con-
structed from the same year to calculate an intra-year distance, which was the cosine
distance between each token and its corresponding counterpart. e cosine distance is
a metric bounded between 0 and 2, where a score of 0 indicates that two vectors are the
same, and a score of 2 indicates that the two vectors are di erent. For the inter-year dis-
tance, we used the Cartesian product of every model between two years and calculated
the distance between tokens in the same way as the the intra-year distance. We then
combined both metrics by taking the ratio of the average inter-year distance over the
average intra-year distance.  is approach penalizes tokens with high intra-year instabil-
ity and rewards more stable tokens. Additionally, it has been shown that including token
frequency improves results compared to using distance alone [43]. We calculated token
frequency as the ratio of token frequency in the more recent year over the frequency of
the previous year. Finally, we combined the frequency with the distance ratios to make
the final metric (Fig. 1D).

Following time series construction, we performed change point detection, which uses
statistical techniques to detect abnormalities within a given time series (Fig. 1D). We
used the CUSUM algorithm [9], which uses a rolling sum of the di erences between two
timepoints and checks whether the sum is greater than a threshold. A change point is
considered to have occurred if the sum exceeds a threshold. We used the 99th percentile
on every generated timepoint as the threshold, and ran the CUSUM algorithm with a
drift of 0 and default settings for all other parameters.

Results

Models can be aligned and compared within and between years

We examined how the usage of tokens in biomedical text changes over time using
machine learning models. We trained the models to predict the actual token given a por-
tion of its surrounding tokens, and each token was represented as a vector in a coordi-
nate space constructed by the models.

However, training these models is stochastic, resulting in arbitrary coordinate
spaces. Each model has its own unique coordinate space (Fig. 2A), and each word
is represented within that space (Fig. 2B). Model alignment is essential in allowing
word2vec models to be compared [44, 45]. Alignment projects every model onto a
shared coordinate space (Fig. 2C), enabling direct token comparison. To enable com-
parison of the models, we aligned them onto a shared coordinate space. We ran-
domly selected 100 tokens to confirm that alignment worked as expected. We found
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Fig. 2 A Without alignment, each word2vec model has its own coordinate space. This is a UMAP visualization
of 5000 randomly sampled tokens from 5 distinct Word2Vec models trained on the text published in 2010.
Each data point represents a token, and the color represents the respective Word2Vec model. B We greyed
out all tokens except for the token ‘probiotics’ to highlight that each token appears in its own respective
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that tokens can be easily compared. D In the global coordinate space, token distances appear to be vastly
di erent when alignment is not applied. After alignment, token distances become closer; tokens maintain
similar distances with their neighbors regardless of alignment. This boxplot shows the average distance of
100 randomly sampled tokens shared in every year from 2000 to 2021. The x-axis shows the various groups
being compared (tokens against themselves via intra-year and inter-year distances and tokens against their
corresponding neighbors. The y-axis shows the average distance for every year
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that tokens in the global space were more similar to themselves within the year than
between years, while identical tokens in unaligned models were completely distinct
(Fig. 2D). Local distances were una ected by alignment, as token-neighbor distances
remained unchanged (Fig. 2D).

e landscape of biomedical publishing has changed rapidly during the period of
our dataset. e texts for our analysis were open-access manuscripts available through
PubMed Central. e growth in the amount of available text and the uneven adoption
of open-access publishing during the interval studied was expected to induce changes
in the underlying machine learning models, making comparisons more di cult. We
found that the number of tokens available for model building, i.e., those in PMC OA,
increased dramatically during this time (Fig. 3A).  is was expected to create a pat-
tern where models trained in earlier years were more variable than those from later
years simply due to the limited sample size in early years. To correct for this change
in the underlying models, we developed a statistic that compared tokens’ intra- and
inter-year variabilities.

We expected most tokens to undergo minor changes from year to year, while sub-
stantial changes likely suggested model drift instead of true linguistic change. We
measured the extent to which tokens di ered from themselves using the standard
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Total Number of Training Tokens Per Year Unified sampling of 100 tokens using the Single Model Approach
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Fig. 3 AThe number of tokens our models have trained on increases over time. This line plot shows the
number of unique tokens our various machine-learning models see. The x-axis depicts the year, and the
y-axis shows the token count. B Earlier years compared to 2010 have greater distances than later years. This
confidence interval plot shows the collective distances obtained by sampling 100 tokens present from every
year using a single model approach. The x-axis shows a given year, and the y-axis shows the distance metric.
C Later years have a lower intra-distance variability compared to the earlier years. This confidence interval
plot shows the collective distances obtained by sampling 100 tokens present from every year using our
multi-model approach. The x-axis shows a given year, and the y-axis shows the distance metric

single-model approach and our integrated statistic. We filtered the token list to only
contain tokens present in every year and compared their distance to the midpoint
year, 2010, using the single-model and integrated-models strategies. e single-model
approach showed that distances were larger in the earliest years than in later years
(Fig. 3B). e integrated model approach did not display the same pattern (Fig. 3C).

is suggests that training on smaller corpora leads to high variation and that an inte-
grated model strategy is needed [39].  erefore, we used the integrated-model strat-
egy for the remainder of this work.

Terms exhibit detectable changes in usage

We next sought to identify tokens that changed during the 2000—2021 interval for the
text from PubMed Central’s Open Access Corpus (PMCOA) and the 20152022 inter-
val for our preprint corpus. We applied the CUSUM algorithm with integrated-model
distance to correct for systematic di erences in the underlying corpora. We found
41,281 terms with a detected changepoint from PMCOA and 2266 terms from preprints
(Fig. 4A and B). Most of our detected changepoints (38,019 for PMCOA and 2260 for
preprints) only had a single event.

We detected a changepoint in PMCOA for ‘cas9’ from 2012 to 2013 (Fig. 4C). Before
the changepoint, its closest neighbors were related to genetic elements (e.g., ‘cas’l—
3). After the changepoint, its closest neighbors became terms related to targeting,
sgRNA, gRNA, and other genome editing strategies, such as'talen’ and ‘zfns’ (Table 1).
We detected change points for ‘SARS’ from 2002 to 2003 and 2019 to 2020 (Fig. 4D),
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Fig. 4 AThe number of change points increases over time in PMCOA. The x-axis shows the various time
periods, while the y-axis depicts the number of detected changepoints. B Regarding preprints, the greatest
number of change points was during 2018-2019. The x-axis shows the various time periods, while the y-axis
depicts the number of detected change points. C The token ‘cas9’was detected to have a changepoint
between 2012 and 2013. The x-axis shows the time period since the first appearance of the token, and the
y-axis shows the change metric. D ‘sars’has two detected changepoints within the PMCOA corpus. The x-axis
shows the time period since the first appearance of the token, and the y-axis shows the change metric

Table 1 The fifteen most similar neighbors to the token ‘cas9’for the years 2012 and 2013

2012 2013
cas2 sgrna
crisprl talen
cas3 spcas9
casl zfns
cas10 grna
crispr3 zfn
tracrrna dcas9
crispr nickase
csnl pcocas9
crispra crispr
cas7 sgrnas
cas6e meganuclease
cas4 tracrrna
csel crispri
cas6 crrna

Page 8 of 14
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Table 2 The fifteen most similar neighbors to the token ‘sars’for the years 2002 and 2003

2002 2003
gsar species_227859
herbicidal mesh_c000657245

antiplasmodial

arylpiperazine
a]pyridine
leishmanicidal
naphthyridine
indolo[2,1
b]quinazoline-6,12
nematocidal
flisoxazolo[2,3
5-(4
cholinephosphotransferase
oxovanadium(iv
catecholase

severe acute respiratory syndrome-related corona-
virus (species_694009)

unidentified human coronavirus (species_694448)
SARS1 (gene_6301)

ebola virus sp. (species_205488)

pandemic

coronavirus infections (mesh_d018352)
coronavirus

ebola virus (species_1570291)

severe acute respiratory syndrome (mesh_d045169)
paramyxovirus

viruse

drosten

virologist

Table 3 The fifteen most similar neighbors to the token ‘'sars'for the years 2019 and 2020

2019 2020

g0 sar

nspl3 mers

40/367 cov

lissodendoryx sars-1

lutken severe acute respiratory syndrome-related coronavirus (species_694009)

sarr
sar

ophiura ophiura (species_72673)
verrill

hirondelle

kobelt

azorean

rusby

d'orbigny

psychropotes longicauda (spe-
cies_55639)

coronaviruse

middle east respiratory syndrome-related coronavirus (species_1335626)
cov

coronavirus infections (mesh_d018352)

mers-

covs

severe acute respiratory syndrome coronavirus 2 (species_2697049)
severe acute respiratory syndrome (mesh_d045169)

sarscov

sarscov-2

consistent with the emergences of SARS-CoV [46] and SARS-CoV-2 [47, 48] as observed
human pathogens. Before each changepoint, the closest neighbors for ‘SARS’ were dif-
ficult to synthesize and summarize. After changepoints, the neighbors for ‘SARS’ were
consistent with the acronym for Severe Acute Respiratory Syndrome (Tables 2 and 3).
We detected 200 tokens with at least one changepoint in each corpus. Only 25 of
the 200 terms were detected to have simultaneous changes between the preprint and
PMCOA corpora. We examined the overlap of detected change points between pre-
prints and published articles. Many of these 25 were related to the COVID-19 pandemic

(Supplementary Table S1).

e complete set of detected change points is available for

further analysis (see Data Availability and Software).
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The word-lapse application is an online resource for the manual examination of biomedical
tokens

Our online application allows users to explore how token meanings change over time.
Users can input tokens as text strings, MeSH IDs, Entrez Gene IDs, or Taxonomy IDs.
For example, users might elect to explore the term ‘pandemic; for which we detected a
changepoint between 2019 and 2020. e application also shows users the token’s near-
est neighbors through time (Fig. 5A). When using ‘pandemic’ as an example, users can
observe that ‘epidemic’ remains similar through time, but taxid:114,727 (the HIN1 sub-
type of influenza) only entered the nearest neighbors with the swine flu pandemic in
2009 and MeSH:C000657245 (COVID-19) appeared in 2020. Additionally, users can
view a frequency chart displaying the token'’s usage each year (Fig. 5B), which can be
displayed as a raw count or adjusted by the total size of the corpus. Previously detected
changepoints are indicated on this chart. e final visualization shows the union of the
nearest 25 neighbors from each year, ordered by the number of years it was present
(Fig. 5C). s visualization includes a comparison function. All functionalities are sup-
ported across PMCOA and preprint corpora, and users can toggle between them.

Discussion

Language is rapidly evolving, and the usage of words changes over time, with words
assimilating new meanings or associations [1]. Some e orts have been made to study
semantic change using biomedical text [25—27]; however, no such work has examined
the changes evident in both pre-publication peer-reviewed and preprinted biomedical
text.

We examined semantic changes in two open-access biomedical corpora, PubMed
(PMCOA) and bioRxiv/MedRxiv, over a two-decade period from 2000 to 2022. We
developed a novel statistic that incorporated multiple Word2Vec models to examine
semantic change over time. We used orthogonal procrustes to align each model, and we
found that the word vectors were closer together after alignment (Fig. 2). However, the
best approach to align these models still remains to be determined [49]. As has been
reported in previous studies [39, 50], we found that without a correction step for the

Words associated with “pandemic* in 2020 vs. 202
(oromornoe)

How often “pandemic* has been used over time

lide-den kg / -

/

‘Token Usage Frequency Over Time (B)

‘Token Neighbors Through Time (C)

Token Trajectory Through Time (A)
Fig.5 AThe trajectory visualization of the token ‘pandemic’ through time. It starts at the first mention of the
token and progresses through each subsequent year. Every data point shows the top five neighbors for the
respective token. B The usage frequency of the token ‘pandemic’ through time. The x-axis shows the year, and
the y-axis shows the frequency for each token. C A word cloud visualization for the top 25 neighbors for the
token ‘pandemic’ each year. This visualization highlights each neighbor from a particular year and allows for
the comparison between two years. Tokens in purple are shared within both years, while tokens in red or blue
are unique to their respective year
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variability within and across years, it is di cult to compare stable and unstable models.
Our correction approach revealed that the average distances in the earlier years had less
variability when using multiple models than when using a single model (Fig. 3).

After correcting for year variability, our analysis revealed more than 41,000 change
points, including tokens such as ‘cas9; ‘pandemic, and ‘sars’ (Fig. 4). Many of these
change points overlapped between PMCOA and preprints, and were related to COVID-
19 (Table S1). s indicates that the COVID-19 pandemic has had a su ciently strong
impact on the biomedical literature to cause rapid semantic change across both publish-
ing paradigms [51, 52]. To further investigate these change points, we have developed
a web application that allows users to manually examine individual tokens. However,
approaches that can automatically validate these change points remain an essential area
for future research.

Conclusion

We uncovered changes in the meanings of words used in biomedical literature using a
new approach that took variations between and within years into account. Our approach
identified 41,000 changepoints, including well-known terms such as ‘cas9; ‘pandemic’
and ‘sars’ We created a web application that allows users to investigate these individual
changepoints. As a next step, it would be interesting to see if it is possible to detect the
consistency and time-lag of semantic changes between preprints and published peer-
reviewed texts. is discovery could potentially be used to predict future changes within
published texts. Additionally, including other preprint databases may help to uncover
consistencies across a wider range of disciplines, or within-field analyses may show the
initial stages of semantic changes that will eventually spread throughout biomedicine.
Overall, this research is a starting point for understanding semantic changes in biomedi-
cal literature, and we are looking forward to seeing how this area develops over time.
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