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Abstract

The sudden deployment of large language models (LLMs) has been a seismic event
for science, with professional scientists, including biologists, struggling to work
out how to fit this new technology into their working lives. The benefits of LLMs
are manifold but here we flag a neglected and very serious negative aspect of their
use in the area of culturomics. This field depends on analysing word frequencies to
pick out the prevailing zeitgeist in corpora of text that are readily available online
through social media and analysable through modern software. This provides in-
sights into human culture on a scale that was impossible 20 years ago. Culturomics
has influenced many topics where understanding the human perspective is key.
However, LLMs are ‘polluting the waters’ by producing Al generated text that is,
by definition, not what people are talking about. We believe there’s a strong case to
be made for highlighting the nature of LLM pollution and give our view for how
to clean the waters.
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1 Main Body

The combination of digitised text, computational tools and the Web has provided a
wealth of readily accessible data for 21st century researchers of human culture to
draw on. People in fields as diverse as political science and conservation biology
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have teased out trends from what people are saying and writing about by analysing
changes in word frequencies across vast corpora of text. Moreover, the explosion of
social media has meant that billions of viewpoints can be mined for insights. The
success of this approach has prompted the development of a new field — culturomics
— comparable to genomics or proteomics but with a focus on units of culture, typi-
cally text, rather than genes or proteins (Ladle et al., 2016). Culturomics can reveal
everything from how recommendation algorithms reinforce the culture wars (Salles
et al. 2023), how public sentiment is impacted by economic policy (Karami, Bennett,
and He 2018) and how netizens respond to the media portrayal of species (Fernan-
dez-Bellon & Kane, 2020). Such insights would have been impossible to garner only
a couple of decades ago as the time taken to analyse text on a comparable scale would
have been far too time intensive.

Culturomics is not without its challenges. Chief among them are the biases inher-
ent in many of the corpora of text that make up their foundation. Google N-grams
include an extensive but nevertheless incomplete sample of text and cannot capture
the popularity of the work it stores, and hence inherent biases already exist in the
sample. A prolific unread author will have more of an influence than a successful one-
shot wonder (Zhang, 2015). Wikipedia tends to be left leaning in its articles when it
comes to politics (Rozado, 2024). Then there are whole cultures and languages left
out of social media analysis if a given country does not have access to a platform or
it’s simply unpopular among the residents. Indeed, an English language bias has been
identified multiple times in the conservation literature (Amano and Berdejo-Espinola
2024). But with all of this said, the majority of this text is still the product of a person,
and these biases can be corrected for.

More serious again is the proliferation of automated spam bots whose presence
and spread of text can spoil the underlying data in a way that would undermine any
inference about human culture. There is something of an arms race between detectors
and spammers (Cresci et al., 2017) but, once again, there have been means to identify
social media bots.

Enter generative Al. The fanfare surrounding ChatGPT and its ilk shows no sign
of abating, and this should be cause for concern among the culturomics community.
Large language models (LLMs) function by drawing on digitized text and ‘learning’
the relationships among our words. In so doing LLMs can generate text that is now
generally indistinguishable from human-generated language. The result has been an
explosion in artificial text that is representative of the training set the LLMs were
based on. As one commentator lamented “Now the Web at large is full of slop gener-
ated by large language models, written by no one.

to communicate nothing. Including this slop in the data skews the word frequen-
cies.” (McQuater, 2024).

Historically, science has faced and continues to face a diversity of cases where
data have been either literally or figuratively polluted. Consider, for example, the
impact of nuclear detonations on isotope analysis or the long history of scientific
forgeries and fabrications that exact an opportunity cost on researchers to uncover,
highlight, and remove from the record.

The worry with LLMs is that there’s no immediately obvious solution to cleaning
the Web of their “slop” or even identifying it, which makes it qualitatively different
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from the above-mentioned pollutants. LLM output isn’t watermarked, it’s effectively
indistinguishable from human text in most cases because it’s learned from how we
communicate, and the various models are freely available to anyone interested in
signing up for an account. A broad-brush worst-case scenario is one in which artifi-
cial text outpaces human language with no way to discern between the two and so
much the worse for culturomics and related fields. What we’d be left with is a case
of Ouroboros, the serpent who ate its own tail. The LLMs won’t be able to learn
from humans because the model training data is generated by the models themselves.
Some concerning impacts are already being felt e.g. with the wordfreq database no
longer being updated'.

We can discern more nuanced implications depending on whether LLMs shape the
style of communication, as has been observed in academic papers where certain style
words have increased in step with Al development, or if broader fopics are affected.
The former case may impact linguistics research mostly, but one would probably still
pick up largely similar trends of keywords associated with the main topics of interest
(e.g. biodiversity or climate change). This phenomenon where style is the affected
aspect shows that we currently have a means to determine to some extent Al-derived
content (Kobak et al. 2024), at least for now. However, the latter would have a much
broader impact on a wider number of fields that draw from culturomics. Indeed, this
could effect a cultural homogenization, a fear that echoes Jaron Lanier’s earlier con-
cerns about a “digital Maoism” when Wikipedia was establishing itself as the acme
of online information (Lanier, 2006).

A more dramatic result could arise if some bad actor crafted a LLM with their
nefarious aims in mind. Imagine a LLM trained in a way that specifically ignores or
amplifies topics of controversy or nuance which is then let loose to populate the web
with its output e.g. Grok’s recent singular focus on ‘white genocide’. Digital Maoism
indeed.

The immediate response in our view should be to highlight which corpora (i.e.,
collections of written text) are likely most prone to being ‘contaminated’ by LLM
output and which are relatively safe. This would give researchers some confidence
that their inference is based on the thoughts of people with editorial oversight being a
key feature. Here we offer a few examples along the spectrum. The output of profes-
sional journalists is likely to have strong editorial oversight and structures that favour
developing a unique voice especially on editorial as well as op-ed pages. Thus, digital
newspapers should still capture the zeitgeist, their declining popularity notwithstand-
ing. Books, at least those under large publishers, fall into a similar bracket because
they are edited (for self-published books there’s no such oversight). Some other
(relatively) positive examples included Wikipedia’s guidelines for its editors which
strongly discourage using LLMs to generate articles wholesale but ultimately is diffi-
cult to police. Indeed, Wikipedia is actively protecting its site from Al hallucinations
(Maiberg, 2024). On the flipside, the marriage of automated bots on social media
with LLM derived content appears far more difficult to rein in which would undercut
many use cases (Fernandez-Bellon & Kane, 2020). Culturomics studies can draw
from these various types of corpora, and thus some applications and analyses are
more likely to be impacted than others.
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Even if there is a strong means to verify human users, we’re still faced with polic-
ing how people use LLM output. Simpler solutions include only sampling data from
periods before the wide release of LLMs, akin to the use of uncontaminated pre-war
steel in particle physics, however this approach has clear limitations in capturing
contemporary cultural change. Another alternative, given that LLM use is unlikely
to drop going forward, is to encourage users to avoid general purpose LLMs and
to further train the models using their own writing to mimic the users’ own writing
style. This approach would retain at least some degree of personalization and indi-
vidual style that will otherwise be lost if people leverage mostly readily available
models. Above all, we advocate against uncritical use of LLM text outputs in line
with, for example, recommendations for Al use in scientific writing; no LLM text
should be published without careful and conscious assessment, review and editing
by the author.

Generative Al is a hugely powerful and impressive technology, where new vari-
ants with more advanced capabilities arrive each month. But their very success also
has some unfortunate results as we have outlined here. Many of the challenges of
the 21st century can be aided greatly by culturomics tools. Thus, sounding the alarm
and raising awareness among researchers in culturomics is a necessary first step. We
don’t want a world wide web with more noise than signal.
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