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Abstract

Despite increasing discussion of the “democ-
ratization” of natural language processing and
machine learning research, the use of this term
and its connections to democracy have not been
thoroughly studied. Given the rich history of
democracy, understanding what Al researchers
mean by “democratization” is important for
ensuring that we are accurately representing
public participation in and control of the field.
Thus, we conduct a large-scale, mixed-methods
analysis of every use of democracy-related
terms among all papers published in the ACL
Anthology or at ICLR, ICML, or NeurIPS
(N = 507 papers); we do this to uncover the
themes, values, and concepts that researchers
associate with democracy. In addition, we ex-
amine how deeply papers that mention democ-
racy engage with the concept via their text and
citations. Ultimately, we find that “democrati-
zation” mostly signals broadening access or use
of technologies, especially without expertise.
In contrast, researchers’ conceptualizations of
democracy are diverse and grounded in theo-
ries of deliberation and debate. Moreover, we
observe that papers that mention democracy
often do not meaningfully treat democracy or
draw on democratic theories from outside NLP.
Based on our findings, we urge responsible use
of the term “democratization” and greater en-
gagement with theories of democracy towards
enriching our discussions of Al access and gov-
ernance.

1 Introduction

As the influence of language technologies grows
around the world, including outside academia,
it has become increasingly popular to discuss
“democratization” in natural language processing
(NLP) and machine learning (ML) research (Seger
et al., 2023; Zaremba et al., 2023; Ganguli et al.,
2023). Indeed, the number of papers mention-
ing democracy has seen a rapid increase as NLP
technologies have become more powerful (see Fig-
ure 1). Responsible use of the term is critical for
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Figure 1: Number of papers mentioning democracy by
year among all papers published in the ACL Anthology
or in ICLR, ICML, or NeurIPS.

accurately representing progress in NLP and ML
with respect to capturing democratic values and dis-
tributing power. However, the treatment of democ-
racy in artificial intelligence (Al) literature, and
in particular the term “democratization,” have not
been carefully investigated thus far. Therefore, our
paper asks the following questions: What does “de-
mocratization” in NLP actually mean and how is it
connected to “democracy”? Moreover, when peo-
ple use the word “democratization,” how do they
operationalize it?

To answer these questions, we conduct a large-
scale, mixed-methods analysis (§4) of every use of
“democratization,” “democracy” and related words
among all papers published in the ACL Anthology
or at ICLR, ICML or NeurIPS (prior to November
24, 2023). Specifically, we uncover the themes,
values and concepts that authors associate with
these words. We find that the use of “democratiza-
tion” mostly signals broadening access or use of
something, especially without expertise, whereas
literature discussing democracy in other contexts
is grounded in theories of deliberation and debate.

Next, we examine the depth of engagement of



papers that mention democracy' both in their own
text and via their citations (§5). The vast majority
of papers invoke democracy only once, outside the
main paper sections, and engage minimally with
extra-disciplinary literature.

Finally, we dig deeper into the differences be-
tween how “democratization” and democracy are
discussed, finding that while authors generally as-
sociate “democratization” with various positive val-
ues related to access and reducing costs, they al-
most never explicitly operationalize “democratiza-
tion.”

Without clearly indicating our meanings, goals
and plans for “democratization,” and in particular
the connections (or lack thereof) to democracy, we
risk misrepresenting public control of the field. We
thus urge more deliberate use of the word “democ-
ratization” and encourage NLP and ML researchers
to improve their citational praxis and enrich their
work by drawing on the over 3000 years of scholar-
ship on democracy and democratization from the
social sciences.

2 Background

Democratization has had a long history of study
and consideration starting from 1100 BCE in an-
cient Phoenicia (Glassman, 2017). More recently,
research has considered the links between technol-
ogy and democracy (Mumford, 1964). In brief, this
area of work has argued that technology can either
afford agency, access, and distribute power, i.e., be
democratic, or consolidate power within a small set
of actors, i.e., be authoritarian. More recently, in re-
lation to discriminatory ML, Kalluri (2020) argued
that search for fair ML can serve as a distraction to
considering how ML distributes power. Here, we
consider select theories of democracy to serve as a
basis for which we consider how NLP research has
understood and operationalized democratization.
These democratic theories can enrich the democ-
ratization of NLP and ML by making democratic
discussions representative and efficient, diversify-
ing forums for democratic dialogues, and disman-
tling barriers to participate in democratic processes.

Deliberative democracies Deliberation and in-
clusion in the democratic process are often high-
lighted as goals for democratic societies and tech-
nologies. Indeed, as we find from our analysis (see

'By “mention democracy,” we mean the usage of
democracy-related terms, including “democratization.”

§4), democratic deliberation often appears in our
surveyed papers.

Deliberative democracy is a form of democracy
that emphasizes a process where participants can
debate a particular object (e.g., policy or technol-
ogy, in the case of NLP) on its merits and collec-
tively come to a decision about its implementation
or integration (Goodin, 2000). Deliberative democ-
racy thus provides an avenue for research to en-
gage wider publics in conversation about research
artifacts and their application, thereby obtaining
more legitimacy of the outcome of the delibera-
tion (Rosenberg, 2007). While some objects may
be relevant to an entire population, other objects
only require smaller groups. For example, pol-
icy on national healthcare or the use of NLP tools
in judicial systems may pertain to entire national
populations, compared to policy changes within
a municipality. Thus, for a legitimate decision,
competent and relevant publics must be considered,
otherwise the outcome of the deliberate democratic
process may be a rejection of the decisions (Parkin-
son, 2003).

Democratic spheres Considering the goals and
mechanisms for technologies as well as arenas
for successful democratic dialogues is essential
towards achieving goals of democratization. While
in some instances, a singular democratic arena, or
sphere, may suffice, e.g., in a small-scale direct
democratic process, larger and more complex struc-
tures such as societies require a greater number of
democratic spheres through which different publics
can engage (Fraser, 1990).

In her work “Rethinking the Public Sphere”
(Fraser, 1990), Fraser discusses the idea of the pub-
lic sphere as described by Habermas and Burger
(1991). While Habermas and Burger argue for the
existence of a single public sphere, Fraser argues
that a functional democracy that seeks to be in-
clusive of its population must seek a plurality of
public spheres. Drawing on Spivak (1988), Fraser
posits that a single public sphere relegates many
communities to the margins of the public sphere
and gives weight to the loudest and majoritarian
voices. In contrast, one can imagine a plurality
of public spheres, which seek to represent smaller
communities. Fraser argues that similar tendencies
for the loudest voices to be heard also exist in such
a plural-democracy, however, by virtue of multiple
public spheres in which one can find representa-
tion and participate in, a plurality of public spheres



minimizes the risk of marginalization and increases
the space for otherwise excluded and marginalized
communities to participate.

Radical egalitarian democracies Understand-
ing and combating barriers to public participation
in democratic processes, as well as uneven distri-
butions of power, are paramount for operational-
izing the democratization of NLP. Wright (2010)
posits that in late-stage capitalist societies, peo-
ple often feel limited efficacy in participating in
democratic processes, and many decisions feel in-
sufficiently democratic because they are dominated
by elites and tainted by private property. Thus, he
argues that a radical democracy must shield po-
litical processes by instituting strong mechanisms
against translating private economic power into
political power. Situating political justice in the
NLP and ML landscapes, the development of lan-
guage technologies, and indeed the operation of
democratic processes for these technologies, are
heavily controlled by the interests of private com-
panies (Zaremba et al., 2023; Ganguli et al., 2023;
Talat et al., 2022).

In addition, Wright (2010) argues that demo-
cratic egalitarianism requires that all humans must
have equal access (not just equal opportunity) to
participate in democratic processes, and in turn,
these processes should institute programs that dis-
mantle systems of oppression. To ensure equal
access, it is necessary to identify where suffering
and inequality exist, and diagnose its roots in mech-
anisms of oppression. Thus, the democratization of
NLP must attend to and mitigate social conditions
that prevent equal access.

3 Data

To investigate the use of terms related to “democ-
racy” and “democratization” in NLP, we perform
a large-scale mixed-methods analysis of all 507
papers (prior to November 24, 2023) that mention
these terms in the ACL Anthology and three major
ML conferences (ICML, ICLR, NeurIPS).

All excerpts First, we collect the metadata and
text from open-access PDFs of all these papers us-
ing the Semantic Scholar API (Kinney et al., 2023).
We then use the punkt NLTK sentence tokenizer
(Bird and Loper, 2004) to decompose the full text
of the paper (i.e., the title, abstract, and body) into
sentences. We collect all the sentences that contain
the substring “democra” (excluding “democrats”)

for a total of 3411 excerpts across 1537 papers.

Filtering for relevant excerpts In order to get
at the specific excerpts that reveal authors’ con-
ceptualizations of “democratization” and “democ-
racy,” we exclude unrelated “democra” mentions,
such as those that are part of named entities (e.g.,
“Center for Media and Democracy”), hypothetical
examples (e.g., of textual entailment), modelling
examples (e.g., word2vec clusters, LDA topics),
or example data (e.g., a tweet for sentiment clas-
sification). We additionally exclude mentions that
are primarily in a language besides English, and
references. To do this filtering, we apply a two-
stage procedure: automatic filtering and manual
annotation for relevance.

In particular, we first leverage a curated list to fil-
ter out uses of “democra” words that are either part
of named entities (e.g., “Syrian Democratic Forces,”
“Croatian Democratic Union,” “ANR Democrat”),
or terms that always appear in examples in papers
(e.g., example tweets containing “#democracy”).
Our full list of exclusion terms is shown in Ap-
pendix A, and the excluded excerpts from this stage
of filtering were verified by one author.

Then, we manually annotate the remaining 2273
excerpts, focusing on finding instances where
the authors deliberately use words containing
“democra” substrings as part of their argument or ev-
idence, including citations. If it is unclear whether
the isolated excerpt is relevant or irrelevant, we
look up the sentence in the original PDF and exam-
ine it in context to make a decision. Our two-stage
filtering leaves us with 923 sentences from 507
different papers, which we subsequently analyze.

4 Conceptualizations of Democracy

In order to understand how democracy is concep-
tualized in NLP papers, we perform a large-scale,
mixed-methods analysis of the 923 filtered excerpts
to surface the overarching themes discussed in the
literature, as well as the values and concepts that
authors associate with democracy.

4.1 Methods

Two authors annotated the first 300 excerpts inde-
pendently for themes, concepts and values, as ex-
plained in detail below. We then discussed our an-
notations and attempted to resolve inconsistencies
in themes and normalize concept names, before
annotating the remaining excerpts independently.
For each paper, the themes, concepts and values



from all of its excerpts were grouped together into
single sets, i.e., a union operation was performed.

Themes We first inductively analyze the excerpts
to identify salient, overarching themes that charac-
terize how democracy is discussed in the papers
(Saldana, 2021). Four major categories emerged
after a first pass over all the excerpts:

* necessary/beneficial: things that are necessary
for or beneficial to democracy (e.g., discourse,
majority, voting)

* danger: dangers to democracy (e.g., misinfor-
mation)

e democratization: use of the words “democra-
tize” or “democratization” (e.g., of ML)

* math: mathematical or ML ways to oper-
ationalize democracy (e.g., democratic net-
works, democratic matrices, mathematical
models of democracy)

Two authors then systematically annotated ev-
ery excerpt with an explicit and, if applicable, an
implicit theme. An explicit theme was assigned to
excerpts that explicitly state, e.g., that something
is necessary for or a danger to democracy, some-
thing is being democratized, etc.; otherwise, it is
classified as other. In contrast, the implicit theme
requires annotators to make inferences about how
authors think about democracy.

For example, the excerpt: “The most democratic
option is to give each tagger one vote (Majority),”
was assigned an explicit theme of math by both
annotators, as it discusses a way to operationalize
NLP taggers in a “democratic”” way. Both annota-
tors also inferred that the authors believe majority
voting to be necessary for democracy, hence neces-
sary/beneficial was assigned as an implicit theme.

Values and concepts In a final pass over the data,
the authors also annotated each excerpt for values
(e.g., “consensus,” “equality”) and more broadly,
concepts (e.g., “misinformation,” “elections”) as-
sociated with democracy, with the goal of further
exploring how authors conceptualize democracys;
values are a subset of concepts.

4.2 Results

Of our four themes, democratization is by far the
most frequent one with 213 papers, followed by
67 for necessary/beneficial, 59 for danger, and 35

“Top-20 associated values for =67

Top-20 associated values for danger (P = 59)

Top-20 associated values for democratizing (P = 213)

Top-20 associated values for math (P = 35)

Figure 2: Frequency of concepts (left) and values (right)
associated with democracy in papers, stratified by paper
themes. For each theme, P refers to the number of
papers annotated as having that type of theme.

for math. We find a total of 110 concepts and 77
values associated with democracy, with each pa-
per containing on average 1.162 themes and 1.036
concepts. Annotation was highly consistent, with
annotators only differing, on average, on: 0.0374
explicit themes, 0.0178 implicit themes, and 0.787
concepts, per paper. Given the minimal disagree-
ment between annotators, we henceforth do not
distinguish between explicit and implicit themes.

Values associated with democracy in NLP  Full
lists of values and concepts associated with democ-
racy are shown in Appendix B, and we focus here
on the most frequent ones that we found during
our qualitative analysis (see Figure 2). Notably,
we found that some values contradict each other.
For instance, treating “random selection” as demo-
cratic is incompatible with choosing by “consen-
sus” which in turn is incompatible with “majority”
decision-making. Yet researchers operationalize
Al systems in all of these different ways and call
them “democratic.”

As Figure 2 shows, there are also big differences
in the values and concepts associated with democ-



racy when split by paper themes. “Democratiza-
tion” is overwhelmingly associated with access,
affordability and reducing barriers, while math pa-
pers concern themselves with values for decision-
making (typically with multiple input features or
models), e.g., equal contribution, majority, consen-
sus, etc. Papers that discuss what democracy needs
or is endangered by have more overlap in the values
they associate with democracy, including deliber-
ation, debate, and diversity. For the most part, the
top values for our four major themes are also the
top concepts, except for danger papers, which fo-
cus on threats to democracy, e.g., misinformation,
harassment (Coeckelbergh, 2024).

In sum, these vastly different thematic clusters
of how Al researchers tend to talk about democ-
racy show that they associate it with different and
sometimes even conflicting values. Next, we exam-
ine the depth of their engagement with ideas and
prior literature about democracy to understand how
these may inform the different conceptualizations
of democracy observed in this section.

S Engagement with Democratic Theories

One of our objectives is to quantify the extent to
which papers that talk about “democracy” engage
with it deeply, and reference theories of democracy
and the literature outlined in Section 2. This section
presents our mention and citation graph analysis to
answer this question.

5.1 Methods

As a measure of the depth of engagement with
democracy, we count how often democracy is men-
tioned per paper, as well as which sections of pa-
pers these mentions appear in. We extract section
names with the Semantic Scholar API and apply ba-
sic cleaning to normalize them across papers (e.g.,
singularization such as “related works” — “related
work,” merging similar sections like “conclusion”
and “conclusion and future work™).

To analyze engagement with theories of democ-
racy, we study the references they cite: the fields
they belong to, the venues they were published in,
the location and numbers of citations, and the in-
tent of the citation, i.e., whether the citation is used
to provide background, inform the methodology of
the paper, or is related to the results. We obtain
field, venue and intent metadata using the Semantic
Scholar API, and we classify references as intra-
disciplinary if they are from Computer Science,
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Figure 3: Frequency of numbers of mentions of democ-
racy per paper.

Figure 4: Frequency of paper sections in which men-
tions of democracy occur.
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Figure 5: Frequency of fields of study of references
cited by papers that mention democracy.

Mathematics, or Linguistics.

5.2 Results

Where and how often is democracy invoked in
papers? Figure 3 shows that the vast majority of
papers that do mention democracy only mention it
once, suggesting superficial engagement with the
concept. This is further substantiated by Figure 4,
which reveals that most mentions (84.8%) occur in
the abstract, introduction, and conclusion sections
of papers.

What kind of papers are cited and why? Fig-
ure 5 shows that papers overwhelmingly cite work
from Computer Science. The next biggest category
is Linguistics, cited three times less often, followed
by Mathematics, and finally Political Science. Sim-



Figure 6: Frequency of venues of references cited by
papers that mention democracy.
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Figure 7: Frequency of proportions of extra-disciplinary
references cited by papers that mention democracy.
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Figure 8: Frequency of intents of extra-disciplinary
references cited by papers that mention democracy.

ilarly, when considering the venues of references,
Figure 6 shows that the majority of references are
from NLP and ML conferences, or arXiv. This sug-
gests low levels of interdisciplinary engagement,
which we find surprising for papers that invoke a
term with such a rich academic history.

Indeed, as Figure 7 shows, the modal paper in
our corpus cites a few or no extra-disciplinary ref-
erences; 177 papers cite zero extra-disciplinary
references, and 87 papers only cite one extra-
disciplinary reference. After this, there is a long
tail of papers that engage more extensively with
literature outside NLP and ML.

Focusing on extra-disciplinary citations, we find,
as expected, that most of them come from the social
sciences, and in particular, political science. How-
ever, when examining citation intents in Figure 8,
we find that most of these references are only for
background. This means that even when papers re-
lated to democracy and democratization do engage
more with extra-disciplinary scholarship, they tend
not do so in their methods and results, which might
indicate gaps in translating theories of democracy
to our field.

6 “Democratization” in Al

Having observed that “democratization” papers
comprise the largest proportion of our data and
have noticeably distinct concepts and values, we
focus on and further explore papers that explicitly
mention “democratization.” In addition to examin-
ing the differences between “democratization” pa-
pers and the other papers in our data, we ask: What
is being democratized? How, and to what end?

6.1 Methods

One author annotated all excerpts with an explicit
theme of “democratization” for:

* Causes (how is something being democratized,
or what is engendering its democratization?);

* Targets (what exactly is being democratized?);

* Goals (why, or to what ends, is something
being democratized?)

For example, take the following quote from an
excerpt: “gaining more knowledge on AutoML
and NAS could lead to improved democratisation
of deep learning models to non-experts as they au-
tomate ML pipelines that previously could require
immense human expertise.” Here, the target of de-
mocratization is deep learning models (DL), the
cause is knowledge (of AutoML and NAS), and the
goal is use without expertise.

We additionally confirm the results of
our excerpts-based analysis by sampling 30
papers to read fully. We use the Hugging-
Face all-mpnet-base-v2 sentence trans-
former (Reimers and Gurevych, 2019; Wolf et al.,
2020) to embed all excerpts related to democrati-
zation. Then, we apply spectral clustering to the
embeddings (see Figure 11 in Appendix A) and
we select 3 clusters using the spectral gap heuristic.
We choose 5 papers from each of the cluster
centers and boundaries, for a total of 30 papers.

6.2 Results

Figure 9 shows histograms of concepts and values
associated with “democratization” compared to the
associations with all other mentions of democracy.
The top values and concepts for “democratization”
papers are about increasing access and ease of use,
and reducing costs and barriers. This is in stark
contrast to non-democratization papers, which fo-
cus on values and concepts that are more recog-
nizably related to both folk and theoretical notions
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Figure 9: Frequency of concepts and values, split by de-
mocratization papers and all other papers. Associations
with democratization (left) are different from associa-
tions with all other mentions of democracy (right). P
refers to the number of papers with the given theme.

of democracy such as decision-making, delibera-
tion, debate and diversity. Contestably, “democ-
ratization” papers share some values with radical
egalitarian theories of democracy, but do not ade-
quately distinguish between equal access and equal
opportunity, or equal access to models vs. access to
democratic processes. This mismatch in values and
concepts shows that NLP researchers conceive
of democratization as something quite different
from democracy. The primary similarities appear
to be that research generally view both “democrati-
zation” and “democracy” positively.

Having established that democratization in NLP
is a distinct phenomenon more closely related to
access and costs (computational, financial or oth-
erwise), we now examine the causes, targets and
goals of said democratization more granularly in
Figure 10. 125 papers do not state the causes of
democratization and 159 do not state the goals;
sometimes, authors write about democratization as
a separate, autonomous process that is not affected
by the authors, or is minimally aided by their re-
search contributions. Other authors write about
how their research democratizes a technology with-
out concretely expanding on how that occurs, e.g.,
in terms of digital infrastructure, governance struc-
tures, participatory structures, etc. When stated,
popular causes for democratization are reductions
in computation, time and cost; targets of democ-
ratization tend to be nebulous and big, e.g., Al,
NLP, research and access; and the main goals of
democratization are increasing access and use, par-
ticularly without expertise.

Fully reading the 30 sampled papers confirmed

Causes of democratization (P = 213)

Frequency

compute reduction
memory reduction

e
5

research
access
knowledge
models

use without expertise

use without e

]
H

3
g

Figure 10: Frequency of causes, targets, and goals of
democratization in papers. Figures on the right show
frequencies with “none” removed from the x axis.

our analysis from the excerpts; none of the selected
papers appear to lay out a plan for democratization,
and indeed very few even comment on democrati-
zation outside of the excerpts. This strengthens the
conclusions of our excerpts-based analysis.

7 Related work

Analyzing scholarly textual data Numerous
prior works have extracted insights about how re-
searchers conceptualize topics from intersection-
ality to power, from the text of their papers. For
example, Blodgett et al. (2020) analyze 146 NLP
papers to understand how their authors think about
“bias.” Birhane et al. (2022) annotate 100 ML
papers to identify prominent values in the field.
Ovalle et al. (2023) inductively and deductively sur-
face patterns in how Al papers about “intersectional
fairness” fail to engage with the critical framework
of intersectionality. Wahle et al. (2023) analyze the
diversity of citations in NLP with respect to their
interdisciplinarity. In our work, we use similar
methods to examine how NLP and ML researchers



conceptualize “democracy” and “democratization,”
and their engagement with theories of democracy.

Conceptions of democracy in AI Seger et al.
(2023) discuss the multiplicity of Al “democratiza-
tion,” positing that differing uses of the term causes
people to not recognize the possibly shared “goals,
methodologies, risks, and benefits” of their con-
ceptions. They draw from news articles and talks
to identify four conceptions of “democratization:”
use, development, benefits, and governance. Based
on a qualitative survey of 35 articles, Rubeis et al.
(2022) study how “democratization” is used in re-
lation to Al and its connection to democracy in the
context of medicine and healthcare. They uncover
diverse conceptions of democratization, from de-
mocratizing access to data to enabling people to
govern Al. Unlike both of these papers, we conduct
a large-scale, mixed-methods analysis of the text
of NLP and ML papers.

Ahmed et al. (2020) identify criteria for “democ-
ratizing” the use of Al, e.g., affordability, acces-
sibility, fairness, and Ahmed and Wahed (2020)
empirically analyze the “democratization” of Al
development, showing that a divide in compute
access between tech companies and non-elite uni-
versities correlates with a divergence in Al research
output. However, these works do not elucidate pos-
sible connections between “democratization” and
“democracy.” Nonetheless, their perspectives sup-
port our findings that researchers center model ac-
cess (e.g., use, development) in their conceptual-
izations of “democratization.”

Yet other works focus on Al governance and in-
creasing public control of Al development and de-
ployment. For example, Gilman (2023) posits that
public participation is critical for democratizing Al,
calling on institutions to include participation in all
stages of Al development and budget for it. Sid-
darth (2023) describes a case study of “democratic”
Al where a group of human representatives train a
large model to align with a constitution based on
their values. Collective Intelligence Project (2024)
presents a roadmap to achieve “democratic” Al,
including connecting open source and democracy
communities and increasing the geographic diver-
sity of public input processes. Mun et al. (2024)
propose a “democratic” framework to gather Al
uses, harms, and benefits from the public to guide
the evaluation and regulation of Al

8 Discussion and Conclusion

Our in-depth mixed-methods and citation graph
analyses show that we have a long way to go when
it comes to using “democracy” in our work as NLP
and ML researchers. We find low levels of inter-
disciplinary engagement, infrequent operationaliza-
tion of what “democratization” actually entails, and
vastly different ways of viewing what “democracy”
means. In Appendix B, we present additional re-
sults analyzing the authors, institutional affiliations,
and funding bodies acknowledged in the papers in
our data, as well as the sources of extra-disciplinary
references. These additional analyses further char-
acterize the politics of how NLP and ML reseachers
treat “democratization” and “democracy.”

Overall, our results show that when invoking
democracy, NLP and ML researchers need to en-
gage further with the centuries of rich literature
from philosophy and the social sciences that dis-
cuss it. In addition, it is important for researchers
who use the term “democratization” to describe
precisely what they mean by it and their plan to
operationalize it, especially detailing any connec-
tions, or lack thereof, to democracy. Without this,
we risk misrepresenting public control of the field.

Indeed, some efforts by Al researchers, e.g., Ope-
nAI’s call for democratic inputs to Al (Zaremba
et al., 2023) and Anthropic AI’s Collective Intelli-
gence Project (2024), seem to engage more deeply
with definitions and implications of democracy for
Al However, on the whole, we must urgently “re-
flect on [our] engagement with other fields” (Wahle
et al., 2023). In addition, instead of using democra-
tization to mean increasing access, we echo Seger
et al.’s (2023) call to simply use the word “access”
rather than “normatively loaded language” like “de-
mocratization.”

Limitations

In our analysis, we may have missed relevant NLP
and ML literature that treats “democratization” or
“democracy” through our focus on the ACL An-
thology, ICLR, ICML and NeurIPS. In addition,
our filtering of excerpts based on keywords like
“democra” may have caused us to exclude impor-
tant discussions of democracy-adjacent concepts
that do not use the word. This may have been wors-
ened by parsing errors stemming from our meth-
ods and the Semantic Scholar API. The Semantic
Scholar API can also fail to correctly predict schol-
arly metadata, including fields of study and intent,



which may affect our results. Furthermore, our dis-
cussion of theories of democracy (§2) is far from
exhaustive, given the rich history of the subject.

Ethical Considerations

Our analysis complies with the terms of usage of
Semantic Scholar. Our paper emphasizes careful
consideration and usage of the term ‘“democrati-
zation,” especially given its relation to democracy,
and urges drawing from extra-disciplinary litera-
ture on democratic theories. This is important for
accurately representing the distribution of power,
public control, and progress in NLP. In light of our
findings, we stress that our analysis only captures
a snapshot in time and that researchers’ perspec-
tives on “democratization” and “democracy” can
evolve over time; moreover, the text of papers may
not wholly reflect the perspectives of their authors,
given the diversity of opinions among authors and
reviewing incentives.
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Figure 11: PCA and clustering of excerpt embeddings,
along with selected papers.
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Figure 12: Frequency of authors of papers that mention
democracy.

Wojciech Zaremba, Arka Dhar, Lama Ahmad, Tyna
Eloundou, Shibani Santurkar, Sandhini Agarwal, and
Jade Leung. 2023. Democratic inputs to ai.

A Methodological Details

Table 1 lists all false positive terms that we used in
our first stage of manual filtering. Figure 11 shows
the results of our PCA and clustering of embed-
ded excerpts, with the darkest colour indicating the
papers selected for reading and annotating fully.

B Additional Results

B.1 All concepts and values

Tables 2 and 3 shows all concepts and values we
found during excerpt annotation.

B.2 Who is studying democracy?

We present additional results analyzing the authors,
institutional affiliations, and funding bodies ac-
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Figure 13: Frequency of affiliations of authors of papers
that mention democracy.

knowledged in the papers in our data, as well as
the sources of extra-disciplinary references.

Methods We extract author names and author af-
filiations from the Semantic Scholar API. We apply
basic cleaning to the affiliations, e.g., removing
country and department names in order to normal-
ize them. For each paper, each unique affiliation
counts once to the overall frequencies, i.e., if mul-
tiple authors of a paper share the same affiliation,
this affiliation counts once; if an author has mul-
tiple affiliations, each of these affiliations counts
once. To extract funding bodies, we first locate
paper sections using the Semantic Scholar API and
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Table 1: False positives when matching “democra” in corpus.
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Figure 14: Frequency of funding bodies in acknowledg-
ments of papers that mention democracy.

then filter for sections with the substring “acknowl-
edg,” “funding,” or “disclosure.” Only 54 papers
had such sections. We then use spaCy (Honni-
bal and Montani, 2017) to perform named-entity
recognition on the texts and collect organizational
entities. We exclude some false positives using de-
pendency parsing and filtering out entities that are
described as the “corresponding author” or “con-
tact author,” or are the subject of phrases like “is
supported by.” We then normalize the names of all
organizational entities, e.g., by converting variants
of governmental body names to their acronyms.



generalizability protection dialogue

literacy debate decentralization
public opinion freedom sustainability
fairness moderation emotion
WEIRD replicability justice

liberties environment voting
anti-power integrity citizenship
equal contribution resource-efficient low-resource
interaction engagement broader audience
hierarchy of representatives multilingual scalable

rights news efficiency
governance transparency caution
acceleration disagreement civility

reduce barriers protest anxiety
discrimination progress data

translation quality access
happiness reasoning power
constitution harassment accountability
questioning majority consistency
competence value social good
reflection open-source cohesion

equal representation evolving polarization
informed argument campaign

fast available cooperation
representation trust information
responsibility random selection inclusion
diversity quality vs. quantity tradeoff ~direct democracy
political party election bill writing
correctness affordable choice

conflict ease of use discourse
equality distributed media
education misinformation discussion
privacy participation propaganda
complexity critical benefit
proficiency censorship Al

rational consensus lack of prejudice
disinformation deliberation

Table 2: All associated concepts found when annotating
excerpts.

Results Figures 12, 13 and 14 show the frequen-
cies of authors, affiliations and funding bodies, re-
spectively. Many NLP and ML research papers re-
lated to democracy and democratization appear to
be from well-funded research institutions in coun-
tries in North America and Europe, and are often
funded by the governments of nations in the Global
North as well.

B.3 Where do extra-disciplinary references
come from?

For a different view on our results on extra-
disciplinary citations, we plot histograms of the
most frequent venues and the most frequently
cited references. Figure 15 confirms that the most
common venues for extra-disciplinary references
are political science and social science journals.
Figure 16 shows the most frequently cited extra-
disciplinary texts are cited for methods, e.g., con-
tent analysis, agreement computations, discourse
network analysis, or related to fake news and polar-
ization.
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American Political
Science Review

Social Science
Research Network

science

Political Analysis

Proceedings of the Nature Neuroscience
National Academy of
sciences of the

Journal of
personality and
social Psychology

Journal of Politics.

Figure 15: Frequency of venues of extra-disciplinary references cited by papers that mention democracy.

Top-10 cited extra-disciplinary references

Text as Data: The
Promise and Pitfalls
of Automatic Content
Analysis Methods for
Political Texts

A Coefficient of
Agreement for
Nominal Scales

Social Media and
Fake News in the
2016 Election

Discourse network
analysis: polic:
debates as dynamic
networks

Extracting Policy CUNY Academic Works
Positions from
Political Texts

Using Words as Data

Measuring Political

Deliberation: A

Discourse Quality
Index

Exposure to opposing
views on social
ry media can increase
Facilitative political
Moderation for polarization

Discourse Coalitions  Scholarship@cornell
and the Law: a Digital

Institutionalization
Practice: The
Case of Acid Rain in

Figure 16: Frequency of extra-disciplinary references cited by papers that mention democracy.

Great Britain Online Participation
in Erulemaking
Recommended Citation
Facilitative

Moderation for
online Participation
in Erulemaking

sustainability disagreement moderation
fairness caution reduce barriers
argument choice justice

progress optimality direct democracy
trust participation rational

random selection proficiency resource-efficient
consensus inclusion diversity
available critical liberties
multilingual engagement cooperation
reasoning interaction efficiency
generalizability ~ benefit open-source
integrity accountability reflection
literacy transparency access

social good evolving decentralization
civility cohesion informed
conflict equal representation equal contribution
majority replicability representation
correctness equality debate

privacy power distributed
quality hierarchy of representatives  protection
deliberation lack of prejudice affordable
information rights discussion

ease of use dialogue happiness
responsibility fast anti-power
education value consistency
scalable competence

Table 3: All associated values found when annotating excerpts.
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