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Abstract

The rapid development of Al tools and implementation of
LLMs within downstream tasks has been paralleled by a
surge in research exploring how the outputs of such AI/LLM
systems embed biases, a research topic which was already
being extensively explored before the era of ChatGPT. Given
the high volume of research around the biases within the out-
puts of Al systems and LLMs, it is imperative to conduct
systematic literature reviews to document throughlines within
such research. In this paper, we conduct such a review of re-
search covering AI/LLM bias in four premier venues/orga-
nizations — *ACL, FAccT, NeurIPS, and AAAI — published
over the past 10 years. Through a coverage of 189 papers,
we uncover patterns of bias research and along what axes of
human identity they commonly focus. The first emergent pat-
tern within the corpus was that 155/189 papers did not es-
tablish a working definition of ‘bias’ for their purposes, opt-
ing instead to simply state that biases and stereotypes ex-
ist that can have harmful downstream effects while estab-
lishing only mathematical and technical definition of bias.
94 of these 155 papers have been published in the past 5
years, after literature reviews were published with a similar
finding about NLP research and recommendation to consider
how such researchers should conceptualize bias, going be-
yond strictly technical definitions. Furthermore, we find that
a large majority of papers — 151/189 papers — focus on gen-
der bias (mostly, gender and occupation bias) within the out-
puts of Al systems and LLMs. By demonstrating a strong fo-
cus within the field on gender, race/ethnicity (57/189 papers),
age (39/189 papers), religion (36/189 papers) and nationality
(25/189 papers) bias, we document how researchers adopt a
fairly narrow conception of Al bias by overlooking several
non-Western communities in fairness research, as we advo-
cate for a stronger coverage of such populations. Finally, we
note that while our corpus contains several examples of inno-
vative debiasing methods across the aforementioned aspects
of human identity, only 20/189 papers include recommenda-
tions for how to implement their findings or contributions in
real-world Al systems or design processes. This indicates a
concerning academia-industry gap, especially since many of
the biases that our corpus contains several successful mitiga-
tion methods that still persist within the outputs of Al systems
and LLMs commonly used today. We conclude with recom-
mendations towards future AI/LLM fairness research, with
stronger focus on diverse marginalized populations.

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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1 Introduction

Though Artificial Intelligence (AI) is by no means a tech-
nology novel to the 21%¢ century, the development of the Al
assistant ChatGPT powered by the Large Language Model
(LLM) GPT-3 and its subsequent release for public usage in
November 2022 spurred an era of promise and heralded the
still-ongoing AI summer. As billions of dollars are continu-
ally poured across the world into the design and adoption of
novel Al systems and tools leveraging multimodal LLMs in
downstream tasks alongside the promulgation of new poli-
cies and legislations such as Executive Order 14179: Re-
moving Barriers to American Leadership in Artificial Intel-
ligence (2025) in the US, there has also been a steep rise in
LLM-related research throughout this period of time (Pang
et al. 2025) towards technical innovation and expanding the
scope of tasks which Al systems and LLMs can accomplish.

In addition, a significant proportion of this research has
focused on the various ways in which the outputs of Al sys-
tems and LLMs exhibit bias towards traditionally marginal-
ized populations (Gupta et al. 2023; Wan et al. 2024). This
is a critical angle of research exploring the sociotechnical-
ity of Al systems and LLM-powered tools, recognizing that
the presence of negative stereotypes within their outputs
against populations historically marginalized in society and
oppressed through existing societal structures brings fur-
ther harm upon them and exacerbates their marginalization.
However, past research both in and adjacent to AI/LLMs,
namely that of natural language processing (NLP), has
demonstrated that researchers focusing on the nuances of bi-
ases within system outputs commonly display purely tech-
nical understandings of “bias” in their research (e.g, Blod-
gett et al. 2020). The combination of the rapid publication of
AI/LLM bias research (Pang et al. 2025) and a previously-
recognized narrow conception of “bias” by technical re-
searchers in related fields necessitates an exploration of the
body of work in this field.

In this paper, we perform a systematic literature review
covering work published in four premier venues/organiza-
tions — *ACL, FAT*/FAccT, NIPS/NeurIPS, and AAAl —
exploring emergent trends within bias and fairness research
in Al systems and LLMs published within the last 10 years.
Our coverage includes 189 full papers, curated through com-
putational and manual screening, as we make the following
three contributions to the field:



1. Firstly, we observe that 82% (155/189) papers studying
“bias” in Al systems or LLMs do not actually define
“bias”, and 74 of these 136 have been published in the
last 5 years during the massive surge of LLM/AI fair-
ness research. This is particularly concerning in light of
Blodgett et al. (2020)’s similar finding 5 years ago, as it
is indicative that researchers in the field have not since
taken their call to heart. The lack of a definition of “bias”
in a paper studying “bias” poses real problems, and we
provide recommendations for researchers to adopt more
than mathematical conceptions of bias in their work.

We document a strong focus on ‘gender bias’ within the
set of papers surveyed within our dataset, with 79.9%
(151/189) papers demonstrating such a focus. Alongside
a focus on gender (most prominently, the associations
of gender with occupations, as in 19.6% or 37/189 pa-
pers), 30.2% (57/189) researchers also studied race/eth-
nicity bias (often equating the two), 13.2% (25/189) stud-
ied nationality bias, 20.6% (39/189) focused on age bias,
and 19.1% (36/189) researchers worked on religion bias.
Our findings highlight a concerning trend within the field
that research around Al bias and fairness is often re-
stricted to axes of identity perceived globally and inter-
preted through Western lenses (e.g., gender and occupa-
tion bias research often focuses based on US occupations
data, examples of racial bias in word embeddings refers
to African-Americans as criminals, etc.). This pattern has
been alluded to in the past (e.g., Dev et al. 2023; Ghosh
2024; Qadri et al. 2023), but not explicitly demonstrated
through such a coverage of the field as ours. We high-
light potential avenues to pursue research around histori-
cally marginalized communities often overlooked in Al-
fairness research, to achieve stronger coverage of users
and communities producing or consuming Al outputs.

3. Finally, it is evident across the corpus of papers that
though researchers excel at innovative and effective debi-
asing techniques across the aforementioned axes of iden-
tity and providing technical solutions towards fairer Al
systems, only 10.6% (20/189) papers contain any action-
able implementation techniques of their findings within
real-world AI systems. This is highlighted by an ab-
sence of potential design recommendations or mention
of implementation procedures in papers, beyond mak-
ing codebases and datasets publicly available for aca-
demic transparency. This finding is particularly salient
because it reflects a glaring academia-industry gap: at the
same time as a large volume of research is being pub-
lished that is producing several methods to mitigate dif-
ferent biases which are demonstrated to be highly suc-
cessful, real-world Al systems and LLMs commonly-
used in downstream tasks contain and perpetuate such
biases within their outputs. We call for stronger collabo-
ration between academic researchers and industry devel-
opers of Al systems, and advocate for academics to in-
clude within their writing strategies for the applications
of their work within commonly-used Al systems.
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2 Background
2.1 Literature Reviews

A literature review is a common and effective way of study-
ing the state of a field and the various patterns of research
within it, allowing for a collective understanding of salient
threads of research and the identification of gaps to be filled
with further research (Knopf 2006). Literature reviews are
commonly of two types — systematic literature reviews that
meticulously follow replicable protocols for screening and
evaluation (Kitchenham 2004), and semi-systematic liter-
ature reviews that afford more flexibility and subjectivity
within curation and review processes (Snyder 2019). A few
recent examples include Mack et al. (2021)’s work explor-
ing the field of Accessibility research provided a discur-
sive overview of the field in terms of preferred communi-
ties of focus, popular research methods, the role of nondis-
abled participants and caregivers/specialists, and common
research questions explored; Birhane et al. (2022a)’s survey
of the state of the art in Machine Learning research within
the top 100 most ‘influential’ papers (determined by high-
est citation count), finding that the research broadly values
Performance, Generalization, Efficiency, Building on Past
Work, and Novelty, with little to no discussion of potentially
harmful outcomes or negative applications of the work; and
Pang et al. (2025)’s exploration of LLM-related research
within the CHI Conference on Human Factors, exploring the
domains of HCI research where LLMs have been applied,
the various roles performed by LLMs in such research and
resultant types of contributions, and the limitations and risks
of using LLMs as acknowledges by HCI researchers.

Such literature reviews are also common in NLP (e.g.,
Gao et al. 2023; Guo et al. 2024; Zhao et al. 2023). Our
interests in exploring research around “bias” in LLMs/AI
systems is perhaps closest to Bansal (2022)’s or Gupta
et al. (2023)’s explorations of types/sources of [socio-
demographic] biases within NLP research and mitigation
strategies, Czarnowska, Vyas, and Shah (2021)’s work
around fairness metrics used to measure “bias”, and Wan
et al. (2024)’s study on gender, skin tone, and geocultural
bias in T2Is, in terms of categorizing genres of bias within
and taxonomizing harms caused by LLMs/Al systems.

Of particular note is the work of Blodgett et al. (2020),
whose coverage of 146 papers studying “bias” in NLP sys-
tems revealed that an inconsistency around any conceptual-
izations of “bias” within the field. They provided a strong
recommendation that researchers with similar goals should
clearly define “bias” for their purposes, especially because
the way in which they operationalize “bias” strongly in-
fluences how others will interpret their findings, i.e., re-
searchers sharing interpretations of “bias” will be likely to
follow each other. Their work, containing a checklist of
questions to help define “bias”, has been strongly influen-
tial in the field, with over 1400 citations in less than 5 years
(as of this writing), which is hopefully indicative of a good
reception for future researchers similarly motivated to study
“bias” in fields adjacent to NLP. One of the motivations of
this paper is to translate and expand upon Blodgett et al.
(2020)’s focus on NLP to research on LLMs/AI systems.



2.2 “Bias” in Al systems/LLMs

The Oxford English Dictionary defines “bias” as a ‘tendency
to favor or dislike a person or thing, especially as a result of a
preconceived opinion’ (Oxford English Dictionary 2025), or
‘to exert an influence on (a person or thing), often unduly or
unfairly’ (Oxford English Dictionary Online 2025). It is im-
mediately apparent from these definitions that to be biased or
to have a bias carries a negative sentiment as operationalized
towards a person or population, but that need not be the case.
Indeed, the strictest sense of the word “bias” does not em-
bed any sort of sentiment at all. It is a derivative of the Old
French biais and Greek epikarsios (Online Etymology Dic-
tionary 2025) simply meaning ‘slant’, often applied to cut-
ting fabric along a diagonal. It entered the English language
through the game of Crown Bowls to refer to the asymmetry
of weight distributions of balls used in the game, affecting
the curvature of the paths when rolled. This interpretation of
“bias” can be seen in several of Shakespeare’s plays e.g, in
Troilus and Cressida (Act IV, Scene 5, lines 7-8), he writes,
“Blow, villain, till thy sphered bias cheek Outswell the colic
of puffed Aquilon,” where Ajax is being asked to blow his
trumpet and puff out his cheeks, rounding them like biased
balls in Crowns.

The idea of “bias” as a bad thing within statistics possibly
began with the work of Ronald Fisher, who designed a sta-
tistical estimator to be consistent and measure the difference
between true and estimated values of a parameter which he
termed the degree of “bias” in reference to the idea of drift-
ing away from a true result. Over time, this understanding of
“bias” as a measurement of the difference between expected
and true values grew to encode some form of intentional or
unintentional attempts to create this difference, as concepts
such as ‘researcher bias’ or ‘sampling bias’ were formulated.
“Bias” thus became ‘a systematic distortion of an expected
statistical result due to a factor not allowed for in its deriva-
tion’ (Olteanu et al. 2019), something to be eliminated.

Closer to modern-day fields of NLP and Al, Friedman and
Nissenbaum (1996) were the first to explicitly address “bias”
in computer systems as the tendency to ‘systematically and
unfairly discriminate against certain individuals or groups of
individuals in favor of others.” While they too added the neg-
ative valence to “bias”, they noted that for “bias” within de-
signed systems to be discriminatory or harmful, it needed to
be systematically applied along a pattern. They categorized
such bias within computer systems as preexisting, techni-
cal, or emergent, and addressed the role of societal biases
on the impacts of such systems including gender bias. At a
time when research into the designing of large-scale NLP
systems was ramping up, Friedman and Nissenbaum (1996)
paved the way for modern-day Al ethics research by putting
into focus how societal ‘biases’ affect computer systems.

Ascribing to the original concept of “bias” as simply a
slant without any valence, it is more strictly accurate to com-
pare it to having an opinion — everyone has their own opin-
ions on a variety of topics, often informed by their lived ex-
periences and positionalities (Gupta et al. 2023). Just as ev-
ery individual has the right to hold their own opinions, the
“idea of bias [within AI/LLM outputs] as something that can
be eliminated, once and for all, is misleading and problem-
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atic” (Birhane 2021). As Miceli, Posada, and Yang (2022)
put it, “data never represents an absolute truth. Data, just like
truth, is the product of subjective and asymmetrical social
relations” (D’ignazio and Klein 2020). However, the con-
ception of “bias” simply as ‘prior knowledge’ of neutral va-
lence remains uncommon within the field, with few excep-
tions (e.g., Bishop and Nasrabadi 2006; Caliskan, Bryson,
and Narayanan 2017; Gupta et al. 2023).

On the other hand as “bias” is ‘harm’, which has no sin-
gle definition due to its ubiquity across different fields. At
a high level, ‘harm’ is a result of an activity ‘causing one
or more of the following: pain, death, disability, mortality,
loss of ability or freedom, and loss of pleasure’ (Gert 2004).
Here, there is a much more clear sense of negative senti-
ment, where harm is believed to have occurred when an
output produced by such tools or processes directly or in-
directly results in bringing negatives consequences on an in-
dividual or a group. Closer to the AI/LLM context, harm
can be allocative or representational. Proposed by Barocas
et al. (2017), allocative harms occur where opportunities/re-
sources are withheld from individuals/groups due to their
identities, whereas representational harms follow unfairly-
constructed depictions of individuals which may lead view-
ers to form negative stereotypes. Representational harms are
categorized by Dev et al. (2020) into five types — stereo-
typing, or the overrepresentation of a set of beliefs about an
identity, disparagement, or the idea that some groups of peo-
ple are lesser than others, dehumanization, or the practice of
treating certain groups of people as less than human, era-
sure, or the lack of representation of groups of people, and
quality of service, or when models provide inequitable out-
comes for different groups of people. Recent research into
harms caused by the outputs of Al tools (e.g., Bianchi et al.
2023; Mack et al. 2024; Qadri et al. 2023) has mostly cen-
tered around representational harm.

Therefore, in the context of the datasets underneath and
the outputs of Al systems and LLMs, “bias” and ‘harm’
are two different concepts that cannot be used inter-
changeably. To be ’biased’ is to simply lean towards or
have a particular opinion, and the presence of such opin-
ions within datasets or outputs of LLMs/AI systems can-
not be eliminated. Because dataset biases are often reflec-
tions of the opinions of their creators and annotators, opin-
ions typically driven by individuals with societal privilege,
such biases “manifest existing power asymmetries” (Miceli,
Posada, and Yang 2022), and cause harm upon those at the
lower end of asymmetries. While the subtlety of this dif-
ference between “bias” and ‘harm’ might not be very con-
sequential for the average user and public understanding of
“biased LLMs/AI tools” is undoubtedly important towards
creating effective change, we believe that researchers have a
stronger responsibility to understand this distinction, espe-
cially in the pursuit of ‘debiasing’ endeavors towards some
objective, fair, and unrealistic standard (Haraway 1988).

Thus motivated, we explore patterns of researchers
studying “bias” within LLMs/AI systems, examining
whether/how they define “bias” in their contexts and what
aspects of identity they study “bias” against.



3 Methods

The methodology of this literature review is inspired by sim-
ilar research such as Ali et al. (2023), Birhane et al. (2022a),
Gupta et al. (2023), Mack et al. (2021), and others. ‘The
field’ is first narrowed down to specific conferences and pub-
lication societies where research around “bias” in Al sys-
tems is commonly published, based on our experience as
authors publishing in this field. The largest such venue is
the Association of Computational Linguistics (ACL), which
is where the search began: by downloading the metadata for
the entire ACL anthology of 105,862 papers. This is an ap-
propriate way to search the ACL anthology instead of us-
ing the native Search bar, which does not allow for robust
Boolean search and targeted downloads like other databases.
After this collection, all papers published before 2014 are
excluded, since the past 10 years (as of this writing) is a suf-
ficient range of time within which to study the development
of Al systems, narrowing down to 67319.

This set of papers was augmented by including pa-
pers from three other conferences/venues identified as rel-
evant: the ACM Conference on Fairness, Accountability,
and Transparency (FAccT), the proceedings of the Advances
in Neural Information Processing Systems (NeurIPS), and
the Association for the Advancement of Artificial Intel-
ligence (AAAI). FAccT proceedings are indexed on the
ACM Digital Library and a search revealed 734 entries,
all of which have been published after 2019 because the
first ever FAccT conference (then referred to as FAT¥*)
was held in 2018 and proceedings from the 2019 confer-
ence onwards are indexed on the ACM Digital Library.
Searching for NeurIPS (once called NIPS) and AAAI pa-
pers was harder because their respective databases are less
robust than the ACM Digital Library, so those proceed-
ings were searched for on Google Scholar. All proceedings
for both conferences were retrieved with Google Scholar
keywords ‘site:proceedings.neurips.cc’ and
‘site:ojs.aaai.org’ resulting in 26400 and 25200
results, respectively. Applying the filter of papers being pub-
lished in 2014 or later, both numbers came down to 21100.

This set of papers was subjected to a keyword search, de-
signed to streamline the corpus towards the stated field. The
keyword search was applied directly to paper titles and Ab-
stracts for ACL papers, and used as a web search query for
the other venues. The query was as follows:

‘ai’” OR
OR ‘1lm’
OR "AI")

‘artificial intelligence’

OR ‘large language model’

AND (‘bias’ OR ‘harm’ OR
‘stereotype’)

This resulted in 208 matches from the ACL Anthology,
545 matches from FAccT, 3980 from NeurIPS, and 3350
from AAAI To simplify the screening process for Google
Scholar results from NeurIPS and AAAI proceedings, the
search only considers the first 25 pages (250 results) for each
of these results. Furthermore, the full set of 545 results from
FAccT are downloaded and the query is re-applied to Titles
and Abstracts (since ACM Digital Library performs a ‘deep
search’ into contents of documents, and not just restricted to
Titles and Abstracts), reducing the set to 19 papers. In total,
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the screening dataset contains 727 papers from four confer-
ences for abstract screening. These papers were manually
screened to see if they answered the following questions:

* Does the work study existing AI/LLM systems, or pro-
cesses within them?

* Does this paper study human identity-biases within or
harms caused by Al technologies or LLMs?

* Does the work produce new (fine-tuned) Al system-
s/LLMs, or ways to improve ones?

We focus on research on “bias” in contexts of aspects of
human identity or the presence of any sort of slant/opinion
within content (e.g., political bias), which can then cause
harm in downstream services, as opposed to other types such
as position bias, frequency bias, recency bias, demonstration
bias and other types of biases that are not based on aspects
of human identity (e.g., Diehl Martinez et al. 2024; Li et al.
2024; Stacey et al. 2020). Papers studying such biases are
screened out, alongside others where LLMs were used to
form or augment datasets for some purpose such as debias-
ing (e.g., Han et al. 2024), research around specific reasons
why biases might exist such as the impact of token lengths
or (e.g., Ueda et al. 2024), and work around building fairer
ML systems without focusing on how such systems are un-
fair (e.g., Zeng et al. 2024). Papers were included if they
discussed the presence of bias within and harms caused by
the outputs of Al tools and LLMs in a variety of ways, such
as bias detection, debiasing and finetuning within models or
Al tools. Papers were marked as Yes or No for this ques-
tion, erring on the side of caution by including inconclusive
papers at this stage and allowing for their exclusion during a
second round of review.

Other examples of papers excluded are research on using
LLMs to write medical systematic reviews (Ji et al. 2025;
Yun et al. 2023), using LLMs to analyze memes (Sharma
et al. 2023) or fairy tales (Toro Isaza et al. 2023), literature
reviews (Bertrand et al. 2022; Blodgett et al. 2020) or re-
views of service providers (Raghavan et al. 2020), and tu-
torials (Chang, Prabhakaran, and Ordonez 2019), to name a
few. Two rounds of abstract review resulted in a final set of
189 papers selected for full review. A visual representation
of the search and screening process can be seen in Figure
1, and the full set of papers is shown in the full version of
the paper on arXiV. Data collection and annotation was con-
ducted in January 2025.

The 189 selected papers were then analyzed through the
following series of questions, towards the stated goal of un-
derstanding how the researchers addressed bias and harm
within Al systems and LLMs:

1. What kind of bias(es) is/are studied?
2. Is “bias” defined? If so, how?

3. Does the paper address ‘harm’? If so, is “bias” differen-
tiated from ‘harm’?

. Does the work propose design recommendations for fu-
ture AI/LLM systems, or otherwise inform usage of such
systems by regular users?
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Figure 1: PRISMA diagram of sampling and filtration.

4 Findings
4.1 “Bias” as an Undefined Negative Aspect

One of the most prominent findings is that 82% (155/189)
of surveyed papers did not provide a definition of “bias”,
or related terms such as ‘fairness’, as they had conceived
it. These authors often acknowledged the presence of bias
within LLMs/AI systems and pointed to previous work high-
lighting such biases, before moving into their own work.
For 61/155 papers, we observed that their authors would
provide examples of what it meant for models to be biased,
instead of definitions. A few excerpts are shown below:

“A sentence that highlights gender bias is: The doctor
told the nurse that she had been busy. A human trans-
lator carrying out coreference resolution would infer
that ‘she’ refers to the doctor.. [but] an NMT model
trained on a biased dataset in which most doctors are
male might incorrectly default to the masculine form”
- (Saunders and Byrne 2020)

“...subtle biases that a language model may harbor
(e.g., a tendency to talk more about clothing and cook-
ing with regard to women)” - (Dwivedi-Yu 2024)

“...If the sentence distributes its attention on social
groups differently (e.g. ‘doctor’ attends to ‘he’ and
not to ‘she’), then there is bias.” - (Gaci et al. 2022)
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Within the remaining 94/155 papers, “bias” is either eval-
uated or defined purely mathematically, where researchers
establish a metric for calculating “bias” and then mention
how a score on that metric is indicative of “bias” e.g.:

“A variable Y in a causal graph exhibits potential
proxy bias if there exists a directed path from D to
Y that is blocked by a proxy variable P and if Y itself
is not a proxy.” - (Ding et al. 2022)

“We define the gender bias in the retrieved image set
is quantified as the normalized absolute difference in
counts of each gender’s images.” - (Ghate, Choudhry,
and Bannihatti Kumar 2024)

“We introduced the Normalized Stereotype Score

(nss) defined as follows: nss %
Hence, nss is a measure that stays between 0 and 100
where 100 is the non-biased value.”

- (Ranaldi et al. 2024)

On the other hand, only 18% (34/189) papers provided
explicit definitions of “bias” for their use cases, without ref-
erencing mathematical definitions. Though some leaned on
previous definitions provided by work in the field (e.g., by
Baker and Hawn 2022; Dev et al. 2021; Sap et al. 2020, to
name a few), we highlight a few examples where researchers
provided their own clear definitions of “bias”:

“Bias in Al, in an ethically significant sense, refers
to the tendency of Al actions (e.g., decisions, gener-
ations) to favour one individual or group over others
in ways that deviate from accepted standards.”

- (Guan et al. 2025)

“We primarily categorize biases into semantic-related
and semantic-agnostic biases... Semantic-related bias
pertains to the bias of evaluators that is affected by
elements related to the content of the text... Semantic-
agnostic bias refers to the bias of evaluators that is
influenced by factors unrelated to the semantic con-
tent of the text.” - (Chen et al. 2024)

Irrespective of whether bias is defined, another emergent
pattern is that while it is generally apparent that “bias” is
something negative to be removed (evidenced by the perfor-
mance of ‘debiasing’), this negative connotation is explicitly
made clear in 32 cases. Some excerpts are below:

“Social bias can be defined as the manifestation
through language of prejudices, stereotypes, and dis-
criminatory attitudes against certain groups of peo-
ple.” - (Marchiori Manerba et al. 2024)

“Bias in NLP applications makes distinct judgments
on people based on their gender, race, religion, re-
gion, or other social groups could be harmful, such
as automatically downgrading the resumes of female
applicants in recruiting.” - (Li et al. 2022)

“We define gender bias as undesirable variations in
how the model associates an entity with different gen-
ders.” - (Srinivasan and Bisk 2022)

By attaching a negative sentiment to it, several papers
conflate “bias” with ‘harm’. We highlight a few exceptions



that acknowledge how bias and stereotypes do not have a
valence by default, and ‘debiasing’ isn’t always optimal:

“Bias is not inherently always bad, and to say that
T2Is exhibit bias is not a bad thing. Humans have
biases, and therefore it is but natural that human-
designed systems embed biases, and in turn apply
them in their operations. Such biases are not inher-
ently negative ... and it is only when they embed un-
just stereotypes about people or groups that they can
cause harm.” - (Ghosh, Lutz, and Caliskan 2024)

“Stereotypes shape social perceptions —- either posi-
tive or negative prejudices and pre-existing judgments
about particular groups and the people who belong to
them without any objective basis” - (Shin et al. 2024)

“Stereotypes are a positive or negative, generalized,
and often widely shared belief about the attributes
of certain groups of people” - (Herold, Waller, and
Kushalnagar 2022)

“Stereotypes refer to common generalizations about
the qualities of people based on their associations
with groups and whether they are positive or negative
could have different implications.” - (Mei, Fereidooni,
and Caliskan 2023)

“One should also be careful in the use of debiasing.
Removing signals about race or gender ... may also
remove key features of models needed for analyses.
For example, removing gender or race ‘signal’ from
the model may severely hamper the use of that model
in gender studies or work on critical race theory.” -
(Yifei, Ungar, and Sedoc 2023)

Finally, while Blodgett et al. (2020) is influential within
this corpus for a wide range of reasons — mostly the def-
initions of allocational and representational harms — we
identify 3 papers (post (Blodgett et al. 2020)’s publication)
where researchers provide a definition of “bias” explicitly
referencing Blodgett et al. (2020)’s directive.

“We must first defne the theoretical construct of so-
cial bias. In contrast, Blodgett et al. (2020) showed
many works in NLP failed to (adequately) define so-
cial bias.” - (Bommasani and Liang 2024)

“Within this context, specifying which biases to ana-
lyze is crucial; Blodgett et al. (2020) find that a ma-
Jjority of NLP papers investigating bias are unclear
in their articulations of bias. In this paper, we con-
sider both representational and allocational harms”
- (Kirk et al. 2021)

“Following the recommendations of Blodgett et al.
(2020), we explicitly define gender bias as the ten-
dency of these models to generate or perpetuate gen-
der stereotypes.” - (Fririksdéttir and Einarsson 2024)

4.2 Overrepresentation of Gender Bias Research

Within our corpus of papers, we observe that 79.9%
(151/189) papers focused on ‘gender bias’. 30.7% (58/189)
papers focused exclusively on gender bias and out of these,

37 (19.6% of the corpus) focused on gender and occupa-
tion biases i.e., exploring patterns of LLMs/AI tools asso-
ciating specific occupations with genders. In 18% (34/189)
papers, researchers studied the intersection of gender and
race/ethnicity (e.g., Arzaghi, Carichon, and Farnadi 2024;
Guo and Caliskan 2021; Steed and Caliskan 2021; Tan and
Celis 2019), while 31.2% (59/189) papers explored intersec-
tions of gender with other aspects of identity.

Some researchers provide rationale around why they fo-
cus on gender bias, with the most common being that gender
bias is one of the easiest types of bias to study, given the ex-
istence of large datasets with labeled gender data. Therefore,
researchers often use gender bias as an example or proxy for
other biases, arguing that their findings along reducing gen-
der bias can apply to other social biases. In their own words:

“Although this paper focused on gender bias, it is rel-
evant to work examining other forms of bias, such as
racial stereotyping, in embeddings.”

- (Zhang, Sneyd, and Stevenson 2020)

“We consider gender bias as a running example
throughout this paper and evaluate the proposed
method with respect to its ability to overcome gender
bias in contextualised word embeddings, and defer ex-
tensions to other types of biases to future work.”

- (Kaneko et al. 2022)

Within the 79.9% (151/189) papers that focus on gender,
138 consider exclusively binary constructions of gender and
114 of these mention such a binary focus as a limitation of
the work. This is often explained to be the case because
labeled datasets, popularly used for ease of research, often
only contain data on binary gender. As examples, consider:

“Due to practical reasons and existing lack of
datasets, we limited our research to only the binary
genders.” - (Jeyaraj and Delany 2024)

“First, due to the limited amount of datasets and pre-
vious literature on minority groups and additional
backgrounds, our study was only able to consider the
binary gender when analyzing biases.”

- (Wan et al. 2023)

“We investigated under the binary gender setting, be-
cause of the limitation of the existing benchmarks.”
- (Luo and Glass 2023)

Examples of papers that explore constructions of gender
beyond the binary include Cabello et al. (2023), Ghosh and
Caliskan (2023), Hall et al. (2023), and You et al. (2024),
to name a few. We also note that Dennler et al. (2023) fo-
cuses on harmful effects of Al systems against queer users
while also incorporating conversations of gender within their
work, though the two are not the same.

The overrepresentation of gender bias in LLM/AI bias re-
search is also not lost on researchers within our corpus, as
can be seen from a few representative examples:

“Recent work on language models show substantial
evidence of the presence of sociodemographic biases
associated with race and gender ... However, little



prior work has focused on the identification and im-
pact of disability bias.”
- (Venkit, Srinath, and Wilson 2022)

“For instance, much work focuses only on mitigating
gender bias despite pre-trained language models be-
ing plagued by other social biases.”

- (Meade, Poole-Dayan, and Reddy 2022)

“Existing works on biases in machine translation
have almost exclusively focused on issues of gender
biases.” - (Huang and Xiong 2024)

Apart from gender bias, the most-focused areas were
race/ethnicity bias (30.2%; 57/189 papers), nationality bias
(13.2%; 25/189 papers), age bias (20.6%; 39/189 papers),
and religion bias (19.1%; 36/189 papers).

It is thus evident that the research captured within this cor-
pus narrowly focuses on gender and a few other aspects of
human identity as they examine ‘bias towards marginalized
populations,” overlooking several others. This is also noted
by a few researchers within our corpus:

“Several studies have investigated LLM bias and
harm, they predominantly focused on racial and gen-
der biases in language models— dimensions that
dominate Western public discourse. Few works have
explored harms and stereotypes in the Global South
contexts.” - (Dammu et al. 2024)

“Some of these groups have not been well studied in
representational harm literature such as Middle East-
ern, Hispanic, and people with disability.”
- (Hosseini, Palangi, and Awadallah 2023)

There are, however, a few papers that focus on bias rele-
vant to identities beyond the aforementioned: Dammu et al.
(2024) and Ghosh (2024) explored bias in the context of
caste within India/the Indian diaspora; Mujtaba et al. (2024)
studied bias against speakers who stutter within automatic
speech recognition systems and the LLMs that drive them;
Abboud and Oz (2024) examined how LLMs exhibit bias
against lesser-known dialects of languages such as Arabic
and German; and Wolfe et al. (2024) focused on bias against
adolescents and teenagers within Al systems, to name a few.

4.3 Lack of Implementation Plans
within Research

Finally, perhaps the strongest finding across our corpus is
that 89.4% (169/189) papers do not include ways to opera-
tionalize their proposed mitigation strategies or recommen-
dations of other strategies such that the biases they stud-
ied are not propagated in real-world Al systems. Notably,
we do not conflate the absence of implementable debias-
ing methods with the lack of production of novel meth-
ods: indeed 86.2% (163/189) papers do design some form
of novel debiasing method or novel benchmark that can be
used to train models to not produce biased outputs. In most
of such cases, we also note that researchers often publish
their code and training datasets on the Internet for public
usage. However, we argue that there is a difference between

1097

this practice of releasing code/datasets and providing action-
able steps for implementing one’s research: one is for aca-
demic transparency, and the other is design responsibility,
which involves clearly laying out the specific contexts and
conditions under which the provided method can be used
(Trisovic et al. 2022). Cursory glances at linked codebases
within papers revealed them to either provide explanation of
the contents of various files within code and how to execute
them (e.g., Amrhein et al. 2023; Han et al. 2022; He et al.
2022), or in rare cases, not much additional information at
all (e.g., Adewumi et al. 2023; Jha et al. 2024).

A strong outlier is Wu, Nakashima, and Garcia (2024),
who demonstrated gender bias in Stable Diffusion outputs
beyond representations of human faces and the correlation
between nouns in prompts to gender biases. They included a
set of recommendations for Stable Diffusion and other text-
to-image generator developers to reduce gender bias, and for
users to practice specific prompting strategies based on their
work to avoid received gender-biased outputs from Stable
Diffusion until model iterations improved. Another exam-
ple is how Luccioni et al. (2024) uncovered several patterns
of biased outputs within popular text-to-image generators
Stable Diffusion and DALL-E along with comparisons of
their performance in response to similar prompts, while also
developing public-facing tools like Diffusion Bias Explorer
(available through HuggingFace) for users to see how these
Al tools depicted different professions and adjectives, such
that they can make informed decisions about a choice of tool
for their own purpose. Leidinger and Rogers (2024) sup-
plemented their findings around how state-of-the-art LLMs
were practicing safety behavior around stereotyping harms
with a conversation on how policymakers could prioritize
social impact as a measurement metric for LLM leader-
boards, thus informing users which LLMs are ‘safer’. Fi-
nally, Kay, Kasirzadeh, and Mohamed (2024) introduced the
theory of ‘generative algorithmic epistemic injustice’ by an-
alyzing how the outputs of generative Al tools caused epis-
temic harm upon marginalized populations, and outlined a
path towards Generative Epistemic Justice through actions
for future developers of Al tools.

5 Discussion
5.1 The Dangers of “Bias” == ‘Bad’

One of the most prominent themes across our findings was
that 82% (155/189) papers studying “bias” in LLMs/AI sys-
tems did not explicitly define what “bias” meant for their
contexts, and conceive of it as a negative attribute to be re-
moved. This is made clear through a large section of papers
pursuing ‘debiasing’ research (thus treating “bias” as some-
thing negative to be removed) or explicitly making it known
by using words such as ‘undesirable’ (Srinivasan and Bisk
2022) or ‘discriminatory’ (Marchiori Manerba et al. 2024).
It is important to tease apart the nuance of why “bias” ==
‘bad’ is an issue. While it is undoubtedly true that many pat-
terns (such as gender-occupations ones of man == doctor,
woman == nurse) within the outputs of Al systems/LLMs
are problematic and in need of mitigation, it would be untrue
to make a blanket association of “bias” as being always neg-



ative, because some biases can be for social good. Consider
a hypothetical model that studies demographic data from a
group of people and, in deciding who should get flu shots
first, picks older adults ahead of younger adults and chil-
dren ahead of adolescents. While such a model can be la-
beled as practicing age bias, this outcome likely factors in
the higher probability of older adults and young children
being immunocompromised and/or having a higher risk of
contracting the flu, i.e., an age-blind approach treating peo-
ple equally would be unfair upon older adults and young
children. Therefore, researchers should carefully consider
that the “bias” being investigated does/can create inequitable
(not unequal) outcomes, before labeling it as ‘bad’.

A simplistic idea of “bias” bad also sets designers
down a road of debiasing that has an unachievable end. As
mentioned before, to have “bias” is to simply have an opin-
ion, and the act of debiasing seeks to eliminate opinion-
based outcomes towards some paradigm of objectivity, thus
fueling the argument that objective Al systems must re-
place biased humans in decision making capacities to attain
true equality. In reality, such an objective model is impos-
sible: humans leave crumbs of their biases within individ-
ual choices at various stages of the model design process
(Suresh and Guttag 2021), and such individual choices in-
teract in complex ways to shape the outputs of LLMs/Al
systems, and these choices are inextricably linked with the
models themselves. While researchers can design innovative
approaches to reduce “bias” along one/few aspects of iden-
tity, it is impossible to remove all “bias” from LLMs.

Further, debiasing by removing attributes such as race and
gender amount to ‘whitewashing’ models, thus having a neg-
ative impact on use of such a model for critical work (Yifei,
Ungar, and Sedoc 2023). Consider the finding that the 2013
LA County Coordinated Entry System assessing homeless
individuals’ vulnerability through an algorithm ended up
discriminating along racial lines by systematically consid-
ering White adults as more vulnerable and in higher need of
permanent housing than Black or Latino adults (Varner and
Lecher 2023). Removing race signals from datasets entirely
might suggest that decisions cannot be made on the basis of
race, but also does not account for the fact that application
packets and the lives of applicants will undoubtedly have
been shaped due to the opportunities they have been pre-
viously afforded, opportunities that historically have been
affected by racial identity. This is equivalent to the so-
cial theory of colorblindness — “the belief that racial group
membership should not be taken into account, or even no-
ticed” (Apfelbaum, Norton, and Sommers 2012) — situated
in the larger context that if aspects of identity are ignored in
conversations, there will no longer be discrimination along
those lines. This is a dangerous line of thinking towards fair-
ness, striving to achieve mathematically equal outcomes for
all groups (in this case, people of all genders), because such
a movement is not equitable and does not consider the soci-
etal structures and events that led to dataset imbalances and
sources of “bias” that then emerge as outputs (Birhane et al.
2022b). While the lay user need not concern themselves with
the intricacies of the terminology but as researchers, we owe
it to ourselves to not oversimplify “bias” as always bad.
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5.2 “Bias” == Gender Bias, and

‘Fairness Gerrymandering’

Another observed trend was that 79.9% (151/189) papers
that studied “bias” within LLMs/AI systems explored gen-
der bias, such that it is overrepresented in the corpus relative
to studies focusing on bias based on other aspects of identity.
Researchers mention doing so because the availability of
several gender-labeled, specifically binary gender, datasets
made it easy and feasible to study (e.g., Jeyaraj and De-
lany 2024; Wan et al. 2023). This focus on gender bias was
also recognized as disproportionately high by researchers
within our studied sample, such as Venkit, Srinath, and Wil-
son (2023) and Meade, Poole-Dayan, and Reddy (2022).

A disproportionately strong focus on gender bias can cre-
ate conditions whereby the field of Al bias and the volume
of research actively causes harm upon sections of histori-
cally marginalized populations: by focusing with dispropor-
tionate strength on one aspect of bias (binary gender), re-
searchers tend to design for the uplifting of small sections
of marginalized populations (in this case, individuals identi-
fying as female), leaving others behind (Ghosh et al. 2025).
The gulf between communities, in terms of representation,
thus widens and creates situations where sections of his-
torically marginalized populations (such as caste-oppressed
communities in India, speakers who stutter, speakers of low-
resource languages and lesser-known dialects) do not see
their representation or equitable treatment in models at all
improved. This leads to the development of LLMs/AI sys-
tems that practice intra-marginal inequality, whereby they
are ‘fair’ based on one or a few axes of identity, namely bi-
nary gender, but remain biased (possibly more than popular
baselines) through what Kearns et al. (2018) calls ‘Fairness
Gerrymandering’. With the surging development of novel
LLMs and Al systems built upon their backs for global us-
age, continuing a narrow focus on a select few aspects of hu-
man identity in bias research is a recipe for disaster. There
are strong parallels to this in society, as US Affirmative Ac-
tion laws, while intended to address historical discrimination
and promote diversity in education and employment, dispro-
portionately benefits white women (Kohn 2013) and the sys-
tem has mostly focused on mitigating gender bias.

Studying gender bias ‘as an example’ (e.g., Zhao et al.
2017) of bias within LLMs/AI systems to study and develop
debiasing techniques around also represents a problematic
situation. Such approaches sometimes boil ‘gender’ down
to a property that can have (often) two mutually-exclusive
labels where one of those labels is often associated with
some other trend within another category (e.g., professions),
which ignores the complex social constructions of gender
and the real-world inequities (such as hiring gaps) that have
led to such associations being formed. This danger can ex-
tend if researchers consider debiasing approaches effective
for reducing gender bias to be able to extend to other binary
identities, such as (as often conceptualized) disabled/non-
disabled or, in a much more alarming sense, White/Black.



5.3 The ‘Last Mile’ Gap: Research Findings
Don’t Translate into Real-World Systems

We also notice within our corpus that while 89.4% (169/189)
researchers explored how Al systems/LLMs are biased
and/or developed demonstrably successful debiasing tech-
niques, they did not include any information about potential
steps for designers of real-world Al systems built on LLMs
they studied (such as models within the BERT family, the
GPT family, and others available through HuggingFace) to
implement their findings so that systems would exhibit little
to no bias. This deepens ‘the last mile gap’ (Cabitza, Cam-
pagner, and Balsano 2020), where debiasing advances from
academic research are rarely implemented in real-world sys-
tems, which continue to exhibit ‘bias’.

This is non-trivial: researchers study mathematical debi-
asing methods in controlled conditions and it cannot be as-
sumed that designers of real-world Al systems built on the
LLMs being studied will find replication of research obvi-
ous. Additionally, researchers developing ‘debiasing’ meth-
ods within our corpus often focus on individual associa-
tions, such as gender-occupation associations, and some-
times make simplistic assumptions on how their work can
improve the outcomes in complex downstream tasks. This is
also true of model usage, especially for research that consid-
ers debiasing in single-model contexts and does not consider
how real-world Al systems might be implemented in multi-
agent architectures with complex interactions of models.

We acknowledge that a likely cause behind a lot of re-
searchers not including any mention of potential implemen-
tation strategies for their findings could be the fact that
the venues under consideration — *ACL, FAT*/FAccT, NIP-
S/NeurIPS, and AAAI — have publication rules around the
maximum length of papers. Researchers likely prioritized
the inclusion of important figures/tables conveying informa-
tion about their work and results, and did not have a lot of
permitted space for additional information about implemen-
tation. Though we are sympathetic to such a plight having
made decisions around the best use of real estate on the page
when working under the page constraints of these venues,
we still argue that at least some content about potential im-
plementation plans around the findings the researchers so
painstakingly detail should have been prioritized.

We must also add two caveats here: firstly, we cannot be
certain that none of the findings and steps undertaken to de-
bias LLMs/AI systems present within our corpus made it
into any LLMs/AI systems currently available for public/pri-
vate usage, because research papers likely will not document
conversations between researchers and developers after the
publication of such findings. We simply note the widespread
absence within written papers of actionable steps proposed
by researchers to implement their findings into real-world
systems, as we have argued for why they are important to
include. It is also unreasonable for researchers to preempt
all questions designers of real-world Al systems might have
towards implementing their work, and therefore implemen-
tation plans might be incomplete in several ways. That said,
we believe that an incomplete implementation plan is better
than none at all, to get developers interested.
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6 Recommendations for Future Research
6.1 Define and Expand Focus of “Bias” Coverage

We encourage researchers within the field to expand their
coverage in terms of populations against whom the outputs
of LLMs/AI systems are ‘biased’. While we noted the over-
representation of gender bias within our corpus and sparser
coverage of other aspects of identity (such as race, nation-
ality, religion, and age), there remain several additional as-
pects of identity that receive very little focus in this vein.
In particular, we note Qadri et al. (2023) and Ghosh, Lutz,
and Caliskan (2024)’s observation that studies of AI/LLM
bias often exclude aspects of identity prevalent within non-
Western contexts or lenses of analyzing globally-held iden-
tities through non-Western lenses. We encourage further re-
search around such populations at ‘the forgotten margins’
(Birhane et al. 2022b) of AI/LLM fairness research.

The unavailability of large datasets, often the reason for
keeping studies around gender bias restricted to the binary,
should not be considered a barrier in terms of studying bias.
For instance, Ghosh (2024) studied casteist bias within the
text-to-image generator Stable Diffusion through its outputs,
and still demonstrated patterns at scale. Especially in an age
where large-scale generative Al systems are being used by
millions of users across the world, the reliance on existing
datasets and benchmarks to study bias should be reduced.

Furthermore, we invite researchers to expand studies
of “bias” into ‘harm’ by consulting users who encounter
AI/LLM outputs “biased” along aspects of their identity.
While also solving the problem of lacking data by offer-
ing empirical lived experiences, users are a much better in-
dicator of the impact of such “bias”. While a majority of
researchers make [paraphrased] statements such as ‘bias in
Al can have devastating outcomes on marginalized people’
and operate under the assumption that because they have
a passable understanding of such outcomes, they can sim-
ply focus on technical solutions and demonstrating “bias” at
scale, the fact remains that because Al systems are reaching
new populations at a hitherto-unseen rate, that is no longer
a fair assumption. We advocate for further investigations of
“bias” within AI/LLM outputs along aspects of identity that
are currently vastly overlooked in such research. We encour-
age conferences such as AIES and FAccT to invite thus-
motivated work through targeted calls and special tracks,
while also creating necessary conditions that make partici-
pation (often held in Western countries and in English, serv-
ing language and cost-based barriers) equitable.

6.2 (Partially) Discuss Implementation Strategies

Recognizing the academia-industry gap in terms of re-
searchers not discussing actionable implementation plans
for their findings into real-world Al systems, we align our-
selves with Gupta et al. (2023) and Venkit et al. (2023) as
we advocate for stronger discussion of such implementation
steps, even if they are imperfect and not all-encompassing.
Researchers can create some fact sheets for this purpose.
Mitchell et al. (2019) proposed this idea for publishing ad-
ditional information alongside novel ML models, describ-
ing intended use, relevant factors, performance metrics used,



Fact Sheet

High-level Facts
« What aspect(s) of bias is/are mitigated?
 What dataset(s) and model(s) is/are used in experiments?
» How is “success” defined and achieved?
« What methods (qualitative, quantitative, mixed) are used?
« (If human subjects), describe positionality of subjects/annotators.

Limitations and Ethical Considerations
+ What are the stated limitations of this research?
* What potential risks can occur if this work is implemented?
« What subpopulation(s) of users is/are the most likely to experience risks?
« How might potential risks cause harm upon affected users?
« What are some mitigation strategies against the potential risks?
« How will strategies differ across affected subpopulations?
« Has this method been tested for other potential amplification of bias(es)?

Intended Use Cases

+ In what real-world systems can this work be implemented?

« What real-world Al systems is this work inappropriate for?

« Is the work applicable for a definition of bias within specific cultures and
contexts, or can it be applied in global systems?

+ In what languages is this tested, and can it be extended?

Implementation-level Details

« What computational resources were required to execute this experiment (e.g.,
GPU hours, memory, latency tradeoffs, etc.)?

« Have experiments addressed performance in multi-agent settings? How did
the implementation of this method affect performance?

+ Does the method perform ing at training- or inf time?

« Does the implementation of this method require any retraining baseline
model(s) from scratch or modifying any internals?

« Are available experiment details and code clearly documented for
independent replication of results?

Maintenance and Lifecycle
+ Are there likely scenarios where this method might break down?
« Are there maintenance tasks that are required for the long-term success of
the implementation of this debiasing method?

« Are there that can over time?

post

« Does the system support h i P

Contact <researcher name> at <email> for more information!

Figure 2: Suggested prompts for designing a Fact Sheet.

datasets leveraged for training/testing, ethical implications,
and caveats, among other things. Along the same lines, re-
searchers can provide a brief one-page summary of their re-
search and brainstorm some implementation-level questions
that potential Al designers might have. We provide a sam-
ple fact sheet in Figure 2. This Fact Sheet allows researchers
to lay out a few basic details about their work, as well as
consider a few implementation-level questions such as In-
tended Use (e.g., chatbots, decision making systems, lan-
guage learning tools, etc.), Limitations and Ethical Consid-
erations (e.g., potential risks, affected populations, and mit-
igation plans), Implementation details (e.g., potential com-
putational cost comparisons) and Maintenance information
(e.g., deprecation of resources). We also acknowledge that
this set of questions might be incomplete, and invite re-
searchers to provide additional information as appropriate.

6.3 Stronger Collaboration between Academic
Research and Industry

To mitigate the ‘last mile’ gap in reducing “bias” in Al
systems/LLMs and the continued presence of such “bias”
in real-world Al systems/LLMs being developed in indus-
try, we encourage a stronger collaboration between the two.
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We believe it unfair to ask one group or the other to en-
tirely shoulder the burden of producing “debiased” Al sys-
tems/LLMs: academic researchers rarely have the capital or
workforce required to design and deploy a large-scale sys-
tem, and industry practitioners often are unable to identify
the ways in which their systems can contain “bias” dur-
ing development (Raji et al. 2020). While the role of aca-
demic researchers as investigators into complex sociotech-
nical challenges within designed Al systems/LLMs is un-
doubtedly important for unearthing to the common user the
ways in which systems can be harmful, we believe that such
academic researchers can and do also have a role to play in
the design of ‘better’ and ‘safer’ systems. We thus encour-
age active synergistic efforts between academic researchers
and industry practitioners who design Al systems/LLMs, to-
wards the development of Al systems that mitigate much of
the “bias” highlighted by this corpus of papers.

7 Limitations and Future Work

One limitation is that the corpus might have overlooked rele-
vant work. For instance, this search did not cover CHI, a rep-
utable conference but not one for publishing research around
AI/LLM bias/harm, since less than 4% papers over the past
5 years has been LLM-related (Pang et al. 2025)). Thus, pa-
pers such as Mack et al. (2024) might have been missed.

Further, while screening papers based on Titles/Abstracts
is consistent with prior literature reviews (e.g., Ali et al.
2023), it relies on authors using exactly those words. This is
another avenue through which papers could have been over-
looked, as authors could have used other words to refer to the
same concepts. As an example, Qadri et al. (2023)’s paper
titled AI’s regimes of representation: A community-centered
study of text-to-image models in South Asia, did not men-
tion ‘bias’, ‘harm’ or ‘stereotype’ in the title and
was thus missed. We experimented with changing the AND
in the Boolean filter to OR, and a random sample of 50 pa-
pers from this alternate query revealed that 71% would have
been manually screened out, so we did not amend the query.

We also recognize the trend within the field to upload re-
search on archival sites such as arXiV, as researchers priori-
tize faster visibility of research, and societal power and priv-
ilege structures (e.g., conferences such as this one requir-
ing in-person participation for publication cater towards re-
searchers with the financial means to afford travel/stay, over
and above visa costs for international applicants) prevent
several top researchers from submitting their work for peer-
review at the conferences studied here. Nevertheless, the
coverage quite possibly excludes a section of work within
the field (495 papers on arXiv matched our query, and 12%
of these papers are already captured in this review) which
might have affected our findings.

This literature review also opens up some avenues for fu-
ture work. While this search screened for research around
‘bias’ or ‘harm’, it could also be interesting to examine
how “debiasing” research occurs in the Al ‘safety’ field,
and whether work around making “safer” Al systems is dif-
ferent in their coverage of marginalized populations and/or
less-prone to a ‘last mile’ gap. Additionally, similar reviews
could cover relevant journals e.g., Al & Society.
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