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"I know the world is bruised and bleeding, and though it is
important not to ignore its pain, it is also critical to refuse to

succumb to its malevolence. Like failure, chaos contains
information that can lead to knowledge–even wisdom.

Like art."
— Toni Morrison



Abstract

The production, access, and dissemination of knowledge have become strongly
influenced by the use of AI systems. Language models have become the most
dominant form of AI technology utilized in this way. However, language models
are known to be socially biased and to produce factually inaccurate outputs
with high likelihood. The latter is a result of the statistical nature of language
models. This is where knowledge graphs–symbolic and explicit in nature–are
considered a potential remedy. The technique of knowledge-enhanced language
modeling marries linguistically satisfactory capabilities of language models with
the robustness and explicitness of knowledge graphs. Adding knowledge in
this way is assumed to not only improve factual fidelity but also to counter
biases. The practice of knowledge enhancement and associated discourses imply
that knowledge is conceived of as inherently value-neutral and independent
of the social.

This thesis critically investigates whether or not AI-based knowledge technol-
ogy built on language models, knowledge graphs, and/or knowledge-enhanced
language models deserves the epistemic authority it happens to receive. It analyzes
the epistemic and ethical goodness of it. To this end, this thesis utilizes computer
science approaches, as well as philosophical analysis. It discusses technical
features, as well as engineering and research practices in the field of AI by drawing
from feminist epistemological accounts, in particular.

The core of this cumulative dissertation comprises three articles that address
the following sets of questions: (RQ1) What types of social bias are embedded
in knowledge graphs? How are they measured? And what do we know about
their causes? (RQ2) Can knowledge enhancement make language models less
biased with regards to their knowledge content? Can it help to make language
models more objective? (RQ3) How are the measures created that are used to
determine a language model’s accuracy in reproducing knowledge? How is the
quality and representativeness of these measures?

The first article is a systematic literature review that traces the issue of social
bias throughout the knowledge graph lifecycle, with an emphasis on open-source
encyclopedic knowledge graphs (Kraft and Usbeck, 2022). The study of social
bias in knowledge graphs is, in general, not strongly pursued. This is indicated
by the fact that only 18 publications were found to deal with this topic, when
the review was conducted. The review indicates that knowledge graphs exhibit
the same kinds of bias that are commonly identified in language models. Causes
for biases in knowledge graphs are skewed contributor demographics, cognitive
biases, and biases within tools that automatically extract information from text
documents for use in knowledge graphs.

The second article is an interdisciplinary inquiry into the practice of knowledge-
enhanced language modeling and assumptions of knowledge therein (Kraft and



Soulier, 2024). It particularly focuses on knowledge enhancement using Wikidata,
as a case study. The community behind Wikidata is not only male-dominated
and West-centric, but also overtly sexist. This reflects in its biased contents.
Accordingly, the quantitative analysis shows that knowledge enhancement does
not bias-proof language models. The paper also discusses how AI engineers
are guided by a view from nowhere understanding of knowledge, which renders
knowledge unproblematic. This is in contrast to the feminist conception of
knowledge as social, situated, and value-laden. In adopting this feminist view,
the thesis is able to trace how the power structuring Wikidata eventually causes
respective gaps. It discusses the ways in which these hermeneutical gaps per-
petuate epistemic injustice.

The third article presented in this thesis is a mixed-method study of social
biases in 30 of the most popular question-answering and reading comprehension
benchmarks (Kraft et al., 2025). The study analyzes the benchmark papers to
assess the transparency of reporting on the benchmarking process, as well as
20 of the benchmark datasets to quantitatively explore potential biases. The
study detects biases in several of the benchmarks: even though the benchmarks
included in this study were filtered by popularity and not by language, all but one
benchmark turned out to be English. Several benchmarks exhibit contents skewed
towards male, Christian, and Western entities. The miscalibration of performance
benchmarks contributes to the concealment of biases in the tested models and
even incentivizes them. Moreover, the benchmark papers are highly intransparent
regarding annotator demographics and recruitment criteria.

This thesis finds that AI-based knowledge technology has several epistemically
and ethically problematic characteristics, which cannot be solved solely through
technological means. AI development and evaluation must be conducted in a
contextualized manner. In drawing from feminist epistemologies, this thesis
argues that the AI community must promote emancipatory values and foreground
marginalized standpoints to facilitate epistemically and ethically better systems.



Zusammenfassung

Die Produktion, der Zugang zu und die Verbreitung von Wissen werden zu-
nehmend durch den Einsatz von KI-Systemen bestimmt. Sprachmodelle sind
zur dominierenden KI-Technologie geworden, obwohl sie dafür bekannt sind,
soziale Vorurteile (Social Bias) zu reproduzieren und mit hoher Wahrscheinlichkeit
Falschaussagen zu generieren. Letzteres ist auf den statistischen Charakter von
Sprachmodellen zurückzuführen. Hier kommen Wissensgraphen ins Spiel, die
aufgrund ihrer symbolischen und expliziten Repräsentationsform als mögliche Ab-
hilfe angesehen werden. Die Technik der wissensgestützten Sprachmodellierung
(Knowledge-enhanced Language Modeling) verbindet die linguistischen Fähigkeiten
von Sprachmodellen mit der Robustheit und Explizität von Wissensgraphen.
Hierbei wird angenommen, dass das Hinzufügen von “Wissen” nicht nur die
Faktentreue verbessert, sondern auch der Reproduktion von sozialen Vorurteilen
entgegenwirkt. Die Praxis der Wissensanreicherung und die damit verbundenen
Diskurse implizieren, dass Wissen als von Natur aus wertneutral und unabhängig
vom Sozialen verstanden wird.

Diese Dissertation untersucht kritisch, ob KI-basierte Wissenstechnologie, die
auf Sprachmodellen, Wissensgraphen und/oder wissensangereicherten Sprachmo-
dellen aufbaut, die epistemische Autorität verdient, die ihr zukommt. Sie analysiert
die epistemische und ethischeGüte dieser Technologie und bringt zu diesem Zweck
informatische Methoden mit philosophischer Theorie in einen Dialog zueinander.
Sie diskutiert Merkmale der Technologie, sowie auch Aspekte der Entwicklungs-
und Forschungspraktiken im KI-Bereich, wobei sie sich insbesondere auf femi-
nistische epistemologische Konzepte stützt.

Der Kern dieser kumulativen Dissertation umfasst drei Artikel, die sich mit
den folgenden Fragestellungen befassen: (RQ1) Welche Arten sozialer Vorurteile
sind in Wissensgraphen eingebettet? Wie werden sie gemessen? Und was wissen
wir über ihre Ursachen? (RQ2) Kann die Wissensanreicherung Sprachmodelle in
Bezug auf ihrenWissensgehalt repräsentativer (less biased) machen? Kann sie dazu
beitragen, Sprachmodelle objektiver zu machen? (RQ3) Wie werden die Maße
kreiert, mit denen die Akkuratheit eines Sprachmodells bei der Reproduktion
von Wissen bestimmt wird? Wie wird die Qualität und Repräsentativität dieser
Maße sichergestellt?

Der erste Artikel präsentiert eine systematische Literaturrecherche, die sichmit
dem Thema Social Bias im gesamten Lebenszyklus von Wissensgraphen befasst,
wobei der Schwerpunkt auf Open-Source-, enzyklopädischen Wissensgraphen
liegt (Kraft undUsbeck, 2022). Eine Beforschung von Social Bias inWissensgraphen
wird im Allgemeinen nicht intensiv verfolgt. Dies zeigt sich daran, dass zum
Zeitpunkt der Durchführung der Untersuchung nur 18 Publikationen zu diesem
Thema gefunden wurden. Die Ergebnisse zeigen, dass Wissensgraphen dieselben
Arten von Social Bias aufweisen, die häufig in Sprachmodellen festgestellt werden.



viii

Ursachen für Social Bias in Wissensgraphen sind eine verzerrte Demografie der
bei der Erstellung Mitwirkenden, deren kognitive Verzerrungen, und Biases in
Tools für die automatische Extraktion von Informationen aus Textdokumenten
zur Verwendung in Wissensgraphen.

Der zweite Artikel ist eine interdisziplinäre Studie zur Praxis der wissensange-
reicherten Sprachmodellierung und der darin enthaltenen Annahmen über Wissen
an sich. Der Schwerpunkt der Studie liegt insbesondere auf der Verwendung
von Wikidata in der wissensangereicherten Sprachmodellierung. Die Community
hinterWikidata ist nicht nur männerdominiert und westlich geprägt, sondern auch
offen sexistisch. Dies spiegelt sich in Biases in den Inhalten wider. Dementspre-
chend zeigt die quantitative Analyse, dass Wissensanreicherung Sprachmodelle
nicht per se von Bias befreit. Die Arbeit diskutiert auch, wie KI-Ingenieur*innen
von einem View from nowhere-Verständnis von Wissen ausgehen, das Wissen als
unproblematisch darstellt. Dies steht im Gegensatz zur feministischen Auffassung
vonWissen als sozial, situativ undwertebehaftet. Unter Anwendung dieser feminis-
tischen Sichtweise charakterisiert die Studie, wie Machtstrukturen hinterWikidata
letztendlich zu entsprechenden Lücken im Wissensgraphen führen. Die Studie
erörtert auch, wie diese hermeneutischen Lücken epistemische Ungerechtigkeit
perpetuieren.

Die dritte Arbeit ist eine Mixed-Method-Studie zu Social Bias in 30 der po-
pulärsten Benchmarks für Question Answering und Reading Comprehension. Die
Studie analysiert die begleitenden Veröffentlichungen zu den Benchmarks, um die
Transparenz der Berichterstattung über den Benchmarking-Prozess zu bewerten,
sowie 20 der Benchmark-Datensätze, um potenzielle Social Biases quantitativ zu
untersuchen. Die Studie stellt Biases in mehreren Benchmarks fest: Obwohl die
in dieser Studie berücksichtigten Benchmarks nach Beliebtheit und nicht nach
Sprache gefiltert wurden, erweisen sich alle bis auf ein Benchmark als englisch-
sprachig. Mehrere Benchmarks weisen Inhalte auf, die in Richtung männlicher,
christlicher und westlicher Entitäten verzerrt sind. Die Fehlkalibrierung dieser
Benchmarks trägt dazu bei, Biases in den getesteten Modellen zu verschleiern bzw.
zu incentivieren. Darüber hinaus sind die Benchmark-Publikationen hinsichtlich
der demografischen Daten der Annotator*innen und ihrer Rekrutierungskriterien
intransparent.

Diese Thesis kommt zu dem Schluss, dass KI-basierte Wissenstechnologien
mehrere epistemisch und ethisch problematische Eigenschaften aufweisen, die
nicht allein mit technologischen Mitteln gelöst werden können. Die Entwicklung
und Bewertung von KI muss kontextbezogen erfolgen. Ausgehend von feminis-
tischen Erkenntnistheorien argumentiert diese Arbeit, dass die KI-Community
emanzipatorische Werte fördern und marginalisierte Standpunkte in den Vorder-
grund stellen muss, um epistemisch und ethisch bessere Systeme zu ermöglichen.
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1.1 Motivation

For decades, technologists have been driven by the goal of making knowledge
easily accessible and processable to everyone. They have cultivated a vision
in which the answer to any question can be found in no time by tapping into
the collective intelligence of the World Wide Web. In this vein, the idea of the
Semantic Web is a fully machine-readable internet that follows coherent structures
and protocols. The Semantic Web would allow "software agents [to roam] from
page to page" (Berners-Lee et al., 2001, p. 36ff) to retrieve and deliver knowledge
about all sorts of things, places, people, events, etc. In 2012, Google contributed
to this vision by introducing their Knowledge Graph: a structured representation
of information added to their search engine to enable searching for "things, not

1
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strings". "Things" denoting real-world entities and their relationships.1 Their
tool coined the term knowledge graph (KG) as a more general designation for a
class of graph-structured databases. These constitute the core of modern efforts
towards the Semantic Web. Historically, the concept included the idea of web
agents that "‘know’ [about things, places, people, events, etc.] without needing
artificial intelligence on the scale of 2001’s Hal2 " (Berners-Lee et al., 2001, p. 36ff).

Fast forward to 2025, AI has become omnipresent and capable to an extent that
leads some to believe "Hal" has become partially a reality.3 However, contemporary
artificial intelligence (AI) systems are usually implemented via distributed repre-
sentations. As such, they represent knowledge implicitly. KGs, on the other hand,
supposedly encode real-world semantics explicitly. While KGs face challenges
regarding scalability and compatibility between heterogeneous ontologies, the
strengths of AI lie precisely in its scalability and openness to data heterogeneity.
Moreover, while KGs require some technical skill to interact with, AI has become
accessible through intuitive natural language interfaces. However, the latter also
has limitations that overlap with KGs’ strengths: first and foremost, the capacity
to encode and reproduce facts accurately. Section 1.1.2 in this Chapter will discuss
how combining the best of bothworlds has become a new hope in the technologists’
longstanding pursuit of knowledge (Massari et al., 2024).

The rise of chatbot services such as ChatGPT,4 Gemini,5 DeepSeek,6 and
Copilot7 has increased AI’s impact on our knowledge ecosystems. These are based
on language models (LMs), or more precisely, large language models (LLMs; see
Section 1.1.1), and are promoted as general-purpose problem solvers, co-authors,
summarizers, and as a more personalized and conversational alternative to tradi-
tional search engines. Retrieving information in a variety of linguistic styles and
formats has become so simple that AI-based academic cheating is now a frequent
occurrence.8 This type of cheating is very hard for educators to identify (Scarfe
et al., 2024). Many researchers, especially those in fast-moving areas such as
computer science, have adopted LLM-assisted scientific writing (Liang et al., 2024).
In fact, ChatGPT has been heavily promoted as a scientific assistant for ideation,
experimental design, data analysis, and paper drafting (Altmäe et al., 2023).9, 10 This
has introduced concerns about the skyrocketing number of journal and conference
submissions. The surge in submissions is pushing the peer-review system to its
limits and makes AI-generated reviews an appealing solution to reviewers. This
threatens to deteriorate the overall quality of science (Berman, 2025). Another

1. https://blog.google/products/search/introducing-knowledge-graph-things-not/ (accessed:
July 30, 2025)

2. "Hal" is a fictional AI character from "The Space Odyssey": https://en.wikipedia.org/wiki/HA
L_9000 (accessed: November 10, 2025)

3. https://www.faz.net/pro/digitalwirtschaft/prompt-der-woche/rotauge-hal-9000-wird-tei
lweise-realitaet-chatgpt-mit-neuer-bedienung-110033098.html (accessed: July 30, 2025)

4. https://chatgpt.com/ (accessed: November 10, 2025)
5. https://gemini.google.com/ (accessed: November 10, 2025)
6. https://www.deepseek.com/en (accessed: November 10, 2025)
7. https://copilot.microsoft.com/ (accessed: November 10, 2025
8. https://www.theguardian.com/education/2025/jun/15/thousands-of-uk-university-student

s-caught-cheating-using-ai-artificial-intelligence-survey (accessed: August 11, 2025)
9. https://openai.com/index/gpt-5-medical-research/ (accessed: August 12, 2025)
10. https://openai.com/index/deep-research/ (accessed: August 12, 2025)

https://blog.google/products/search/introducing-knowledge-graph-things-not/
https://en.wikipedia.org/wiki/HAL_9000
https://en.wikipedia.org/wiki/HAL_9000
https://www.faz.net/pro/digitalwirtschaft/prompt-der-woche/rotauge-hal-9000-wird-teilweise-realitaet-chatgpt-mit-neuer-bedienung-110033098.html
https://www.faz.net/pro/digitalwirtschaft/prompt-der-woche/rotauge-hal-9000-wird-teilweise-realitaet-chatgpt-mit-neuer-bedienung-110033098.html
https://chatgpt.com/
https://gemini.google.com/
https://www.deepseek.com/en
https://copilot.microsoft.com/
https://www.theguardian.com/education/2025/jun/15/thousands-of-uk-university-students-caught-cheating-using-ai-artificial-intelligence-survey
https://www.theguardian.com/education/2025/jun/15/thousands-of-uk-university-students-caught-cheating-using-ai-artificial-intelligence-survey
https://openai.com/index/gpt-5-medical-research/
https://openai.com/index/deep-research/
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example of AI’s impact on modern-day knowledge ecosystems is the Google AI
Overview functionality.11 The Google search engine now presents automatically
generated answers or summaries above the traditional list of hyperlinks. This
feature encourages users to learn from the LLM-synthesized response without
consulting (potentially diverse) sources. According to an analysis of Google search
behavior with 900 participants based in the U.S., users are indeed less likely to
continue their search or click on individual links, when offered an AI summary.12
Online publishers and news sites have experienced a drastic change in traffic ever
since Google rolled out the functionality in 2024. Many now fear a "Google Zero"
event in which readers stop accessing online news outlets altogether.13 Publishers
and journalists are already struggling to generate the revenue needed to fund high-
quality news. The fewer funds available to facilitate human content production, the
more attractive AI-assisted news writing will become. This may further increase
readers’ reliance on information that is prefiltered and reformulated by AI.

Work on this dissertation began in October 2021, roughly one year before the
release of ChatGPT. During this time, LMs were already achieving impressive text
generation results and, simultaneously, their limitations had already been under
scrutiny. The article "On the Dangers of Stochastic Parrots" by Bender et al. (2021),
already highlighted the various negative impacts of large-scale LMs, including
their environmental impact and social biases. My own research journey started
out with my Master’s thesis that analyzed sexist biases in GPT-2 and GPT-3 (Kraft,
2021). Later, I was introduced to the Semantic Web community, which brought to
my attention the practices and assumptions around the fusion of KGs and LMs
to enhance the knowledge and decrease biases of the latter. Motivated by the
introduction to this second community, the aim of the dissertation became to
understand the epistemic and ethical goodness of AI-based knowledge technology
and its underlying knowledge processes, more broadly.

In this thesis, the term knowledge technology refers to a class of technological
tools that facilitate the storage, access, and sharing of knowledge and, as such,
also influence its production. KGs are obviously a form of knowledge technology.
They are designed to store vast amounts of knowledge in order to enable efficient
access and computational operations by machines (Hogan et al., 2021b). LMs,
on the other hand, are designed as a language technology (Manning et al., 2014).
Aforementioned examples of their role within our knowledge ecosystem, however,
demonstrate that they are also used as knowledge technology.

The term goodness is used as an overarching concept encompassing qualities
such as reliability and harmlessness. As this dissertation shows, these characteris-
tics are closely intertwined in epistemic and ethical terms (see Chapter 3). The
notion of goodness offers a helpful proxy that creates room for different evaluation
aspects and their interactions. This notion not only refers to content, but also to the
mode of evaluation itself. While quality, for example, is often measured by metrics,
harmlessness is a less quantifiable and inherently contextual. A meaningful
analysis of the epistemic and ethical goodness of knowledge technology can

11. https://www.search.google/ways-to-search/ai-overviews/ (accessed: August 11, 2025)
12. https://www.pewresearch.org/short-reads/2025/07/22/google-users-are-less-likely-to-cli

ck-on-links-when-an-ai-summary-appears-in-the-results/, accessed: November 18, 2025
13. https://www.npr.org/2025/07/31/nx-s1-5484118/google-ai-overview-online-publishers

(accessed: August 11, 2025)

https://www.search.google/ways-to-search/ai-overviews/
https://www.pewresearch.org/short-reads/2025/07/22/google-users-are-less-likely-to-click-on-links-when-an-ai-summary-appears-in-the-results/
https://www.pewresearch.org/short-reads/2025/07/22/google-users-are-less-likely-to-click-on-links-when-an-ai-summary-appears-in-the-results/
https://www.npr.org/2025/07/31/nx-s1-5484118/google-ai-overview-online-publishers
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only be achieved within a sociotechnical frame (Selbst et al., 2019), i.e., an analysis
of technology as a product of social processes and as something that shapes social
reality (Suchman, 2007). This thesis, thus, follows an interdisciplinary approach
grounded in computer science and philosophy. Section 1.3.2 explains in more
detail the thematic and methodological choices and positioning this entails.

Curated

KG
KG-

enhanced
LM

LM

AI Knowledge Tools

Data Sources

Text GenerationReading
ComprehensionQuestion Answering

Web-scraped Crowd-
sourced Synthetic

Figure 1.1: Diagram situating the different AI knowledge technologies, underlying tasks,
approaches, and types of data sources discussed here.

Content-wise, this thesis touches upon a number of questions. How is the
AI community tackling the issues around factual inaccuracy? How is factual
accuracy measured? What are the sources of truth? Do knowledge technologies
fare well in covering all knowledge? And if not, what and whose knowledge is
represented? To untangle and elaborate these thoughts, the upcoming sections
first characterize two core approaches to encoding knowledge in the context
of knowledge-intensive AI applications: LMs and KGs (Section 1.1.1). Next,
three fundamental epistemic and ethical issues related to these technologies are
examined in greater detail. These issues are correctness (Section 1.1.2), coverage
(Section 1.1.3), and representativeness (Section 1.1.4). Figure 1.1 provides an
overview of the different approaches and technologies investigated in this thesis.
Note that correctness, coverage, and representativeness do not directly translate to
the research questions posed in this thesis. Instead, they define the broader problem
space within which the research questions are located. In fact, most of the research
presented here begins with the question of social bias, i.e., representativeness.
However, it problematizes the question of social bias specifically within the
discourse of correctness and coverage in AI.

1.1.1 Encoding Knowledge

LMs have become one of the most widely discussed forms of AI in recent years.
By definition, an LM is any model that solves the task of predicting the next word.
As such, an LM equals a model of the probability distribution of word sequences
(a more detailed mathematical explanation is provided in Chapter 2, Section
2.3.1). While there are different non-neural and neural approaches to solving the
language modeling task, nowadays, the term almost exclusively implies a deep
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neural network- and, more precisely, a transformer model-based approach (Vaswani
et al., 2017). An LLM (a large language model) is an LM that uses a vast number of
model parameters, a large corpus of data, and consumes extensive compute and
time during training. In 2021, models like BERT (Devlin et al., 2019), with 110M to
340M parameters depending on the model version, were commonly considered
large. Today, the term is mostly associated with models comprising several billion
to trillions of parameters, such as Llama 4Maverickwith 400B or Llama 4 Behemoth
with 2T parameters.14 Practical experience has shown that upscaling has enabled
significant advances in natural language modeling. In learning to predict the next
word across long documents and vast amounts of textual examples from the web,
the complex relationships between words and contexts, seemingly their semantics,
are captured. As a result, LLMs trained on open-domain web corpora, for instance,
rank highly on academic exams, such as the U.S.-American standardized college
admission test (SAT)15 and can answer medical (Singhal et al., 2023) and legal
questions (Fei et al., 2024) to some extent. There is an emphasis on "to some extent"
because–despite scale and a range of attempted computational tricks–LMs are
notoriously bad at staying true to real-world facts. This limitation is elaborated
on in Section 1.1.2 and is one of the main reasons the KG concept continues to
play an essential role in our digital knowledge ecosystem.

However, before exploring this issue in greater detail, it is worthwhile to have
a closer look at the KG concept. As mentioned earlier, the term knowledge graph
is no longer associated solely with the Google Knowledge Graph and has become
a more general term for a graph-structured database that represents a collection
of real-world facts. Each fact is broken down into entities and their relationships,
and stored as a triple of the form [head entity; relation; tail entity] (e.g., [Sayaka
Murata; occupation; writer]). A detailed technical definition of KGs can be found
in Chapter 2, Section 2.4. One widely used KG for storing encyclopedic knowledge
isWikidata. TheWikimedia Foundation createdWikidata as the machine-readable
sister to Wikipedia (Vrandečić, 2012; Vrandečić and Krötzsch, 2014). It covers 1.68
billion facts16 in more than 350 languages (Cantallops et al., 2019). As such,
it is an important pillar of Semantic Web efforts and an important resource
for knowledge-intensive AI systems, such as question-answering (QA) systems
and chatbots (Johnson et al., 2024). Wikidata is more curated than the average
language model dataset, which is commonly based on web-scrapes (more details
in Section 1.1.3). It is, to a large part, manually created by a crowd of volunteer
editors (Vrandečić and Krötzsch, 2014; Vrandečić et al., 2023), as well as through
automatic tools, i.e., bots (Piscopo et al., 2017; Kaffee et al., 2019). Curation is
guided by active deliberation within editor communities (Shafee et al., 2023), and
content is continuously updated and corrected by editors and bots (Müller-Birn
et al., 2015). Moreover, the community emphasizes quality assurance. For example,
the use of references (e.g., links to sources) is encouraged to provide evidence
for claims in the KG (Piscopo and Simperl, 2019).

LMs and KGs are conceptually tied to the idea of correctly and comprehensively
encoding knowledge (Floridi, 2025). But how they capture knowledge differs:

14. https://ai.meta.com/blog/llama-4-multimodal-intelligence/
15. https://openai.com/index/gpt-4-research/
16. https://grafana.wikimedia.org/d/000000175/wikidata-datamodel-statements?orgId=1&refr

esh=30m&from=now-90d&to=now&timezone=browser (accessed: June 29, 2025)

https://ai.meta.com/blog/llama-4-multimodal-intelligence/
https://openai.com/index/gpt-4-research/
https://grafana.wikimedia.org/d/000000175/wikidata-datamodel-statements?orgId=1&refresh=30m&from=now-90d&to=now&timezone=browser
https://grafana.wikimedia.org/d/000000175/wikidata-datamodel-statements?orgId=1&refresh=30m&from=now-90d&to=now&timezone=browser
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knowledge is assumed to be captured implicitly in LMs through statistical modeling
of word relationships (Petroni et al., 2019). So, LMs represent knowledge in a
distributed manner. In contrast, KGs store knowledge explicitly. Entities are
labeled with words for human-readability but are, in fact, assumed to more directly
represent the semantics of real-world things (Hogan et al., 2021b). Researchers
have been exploring different ways to leverage the strengths of each form of
knowledge representation in hybrid systems; for instance, to combine the capa-
bilities of generating linguistically sound text with factual claims retrieved from
KGs, which are considered more trustworthy (Pan et al., 2024). The following
Section 1.1.2 will address examples of this.

1.1.2 The Problem of Correctness

LM-generated texts frequently contain claims that do not align with real-world
facts (Ji et al., 2023). Simultaneously, the linguistic presentation tends to be
plausible and convincing, making the issue hard for users to detect. In light of the
increased use in educational and scientific contexts, the epistemic consequences
should be quite apparent: When unquestioned and uncorrected, epistemic commu-
nities (i.e., communities with shared systems of knowledge production and sharing)
can be infiltrated by false information (Berman, 2025). Of course, there is always a
risk of believing the wrong thing to be knowledge. Not all that has once counted
as knowledge still counts as such. And not all that counts as knowledge now
will count as such in the future (Longino, 2002). However, automated knowledge
production was never as scalable as it is now. And so, the scale, speed, and reach
with which false information can spread within epistemic communities have never
been greater. Besides the epistemic, there are also serious ethical consequences
to consider. False fabrications can tarnish an individual’s reputation, as in a 2023
example, where ChatGPT accused a professor of sexual harassment and even
provided a real-looking, but fabricated reference.17 LMs have also been used in
high-stakes contexts, such as the legal system. In an analysis of popular LLMs
like GPT-4, PALM 2, and Llama 2 in the legal context, Dahl et al. (2024) found that
false statements were generated in at least 58 of the cases. As a matter of fact,
lawyers have been caught submitting AI-generated legal statements to courts that
listed fabricated legal citations.18 If undetected, such events could lead to ethically
adverse effects on individuals or institutions affected by legal decisions.

The phenomenon of false fabrications is often dubbed "hallucination". In fact,
the type of fabrication addressed here is often labeled a "factual hallucination" (Li
et al., 2024). And one might argue that such model behavior is a feature, not a bug,
since it is a necessary consequence of the statistical nature of LMs (Floridi, 2025).
That is, LMs are designed to identify generalizable patterns across data, or in other
words, to provide a lower-dimensional, compressed representation of their training
data (Karpathy, 2023). Their purpose is explicitly not to memorize the training data.
So, an active line of research is investigating ways to combine LMs with external
knowledge sources as a remedy (Agrawal et al., 2024; Wagner et al., 2025). The basic

17. https://www.washingtonpost.com/technology/2023/04/05/chatgpt-lies/ (accessed: July 30,
2025)
18. https://www.nytimes.com/2023/12/29/nyregion/michael-cohen-ai-fake-cases.html (accessed:

July 30, 2025)

https://www.washingtonpost.com/technology/2023/04/05/chatgpt-lies/
https://www.nytimes.com/2023/12/29/nyregion/michael-cohen-ai-fake-cases.html
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idea is to inject information from high-quality, "authoritative" knowledge bases
into the text generation process (Fan et al., 2024). In the popular method retrieval
augmented generation (RAG; Lewis et al., 2020), this entails the identification of
supporting context in an external knowledge database, which is then retrieved
and added to the LM input. This way, the input is enriched with associated details,
reducing ambiguity and yielding more accurate responses. Another example is
knowledge-enhanced LMs, which merge KGs and LMs through architectural design
choices to extend sentence vector representations with additional information
from, for instance, Wikidata (Sun et al., 2020; Wang et al., 2021b). There is
evidence that knowledge enhancement improves but does not resolve the issue
of incorrectness: for instance, providers of legal AI assistants (e.g., for literature
research or the writing of legal texts) were able to reduce the likelihood of false
fabrications by using RAG techniques (involving authoritative legal knowledge
bases). Yet, the error rate is still at 30% (Magesh et al., 2025).

When examining the correctness issue, it is essential to consider how a model’s
ability to retrieve knowledge accurately is measured. In AI, this is usually done
using benchmarks. AI benchmarks typically consist of test data comprising
example inputs and expected outputs (Raji et al., 2021a). These examples reflect
a specific task or skill. The model’s outputs are compared with the expected
outputs, and an evaluation score is computed to indicate the model’s overall task
performance. Two standard task setups reflect how users interact with LMs to
retrieve knowledge: QA and reading comprehension (RC; Rogers et al., 2023).
In QA, the model receives a natural language question and produces either a
natural language answer or a multiple-choice indicator. QA benchmarks consist of
hundreds of input questions. All model outputs are compared with the expected
answers in the QA test dataset. A single final score is calculated based on the
number of correct and incorrect model answers. The RC task setup is almost the
same; the only difference is that the model receives an additional input: one or
several context documents from which the correct answer is to be retrieved. QA
and RC are tasks that aim to measure a model’s capability to reproduce, highlight,
or extract knowledge (Rogers et al., 2023).

Benchmarks are a guiding force in the AI community (Koch et al., 2021b; Orr
and Kang, 2024). Beating the high score on a benchmark attracts attention to a
model and its creators and is rewarded by downloads and citations. Even industry
labs promote their latest models by highlighting their superior benchmarking
results compared to previous or competing models (OpenAI, 2025).19, 20 So, there
is a strong incentive to design models that perform exceptionally well on popular
benchmarks. Hence, investigating the creation processes behind such benchmarks
and the composition of their test datasets can tell us a lot about the epistemic and
ethical aspects of LMs. Such an investigation was conducted in Kraft et al. (2025),
which is presented in Chapter 6.

19. https://www.llama.com/models/llama-4/#benchmarks, accessed: November 13, 2025
20. https://x.ai/news/grok-4, accessed: November 13, 2025

https://www.llama.com/models/llama-4/#benchmarks
https://x.ai/news/grok-4
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1.1.3 The Problem of Coverage

The problem of correctness is closely tied to the problem of coverage. One cause
of false claims in generated text outputs is that certain pieces of information were
either missing from the data or did not appear frequently, as LLMs struggle to
learn long-tail knowledge (i.e., knowledge contents that are sparsely represented
in the training datasets; Kandpal et al., 2023; Li et al., 2024). An LM will always
generate the statistically most likely answer (based on the model parameters) if
prompted to, even if it happens to be factually inaccurate.

In the discourse around LLMs, it is often claimed that they are trained on
"essentially the entire internet"21, 22, 23 and "the sum of all human knowledge".24 So
why are there still apparent knowledge gaps? One obvious answer is that, in fact,
not all of society actively contributes to the internet and is equally represented in
it. According to Statista, as of October 2025, half of all websites worldwide are
authored in English (followed by German, Spanish, and Japanese with between 5
and 6%).25 As of February 2024, more than half of the users on the web are younger
than 35, with the age group 25 to 34 making up a third.26 Besides that, AI training
corpora actually do not encompass the entirety of the web. Let us take a closer
look at the Common Crawl corpus, which is a critical composite of most–if not
all–contemporary LLMs and, thus, an insightful case study: To date, it is the largest
openly and freely available collection of web data. It is created and freely provided
by Common Crawl, a California-based non-profit that conducts monthly scrapes
of the internet, as far as they can reach.27 Since 2007, they have scraped more than
250 billion web pages and become an invaluable resource for LLM development.
Their archive made up large parts of the training data for GPT-3 (Brown et al.,
2020) and Llama v1 (Touvron et al., 2023). Even though businesses treat the exact
data composition of newer, proprietary LLMs as a secret, Baack (2024) strongly
suggests that a variant of the Common Crawl corpus be included by default in
all models to maintain comparability and competitiveness.28 Kandpal et al. (2023)
identified that multiple popularly used LLM training corpora, ROOTS (Laurençon
et al., 2022), Pile (Gao et al., 2021), and C4 (Raffel et al., 2020), are fully based
on Common Crawl. LLM developers often assume the Common Crawl corpus
to be a "copy of the internet" (Baack, 2024). In fact, it is neither a copy of the

21. https://science.ubc.ca/news/chatgpt-has-read-almost-whole-internet-hasnt-solved-its-div
ersity-issues, accessed: November 14, 2025
22. https://www.forbes.com/sites/rashishrivastava/2024/07/24/the-internet-isnt-big-enough-t

o-train-ai-one-fix-fake-data/, accessed: November 14, 2025
23. https://www.heise.de/en/background/AI-training-with-synthetic-data-The-internet-is-rea

ching-its-peak-9799160.html, accessed: November 14, 2025
24. https://www.theguardian.com/technology/2025/jan/09/elon-musk-data-ai-training-artific

ial-intelligence, accessed: November 14, 2025
25. https://www.statista.com/statistics/262946/most-common-languages-on-the-internet/,

accessed: November 14, 2025
26. https://www.statista.com/statistics/272365/age-distribution-of-internet-users-worldwide/,

accessed: November 14, 2025
27. https://commoncrawl.org/ (accessed: July 30, 2025)
28. In fact, an interview study by Orr and Crawford (2024) revealed that large tech companies like

Amazon rely on publicly available corpora since they are easier to access than company-internal
data. Access to the latter is often hindered by bureaucratic processes and legal concerns, e.g., for
privacy reasons.

https://science.ubc.ca/news/chatgpt-has-read-almost-whole-internet-hasnt-solved-its-diversity-issues
https://science.ubc.ca/news/chatgpt-has-read-almost-whole-internet-hasnt-solved-its-diversity-issues
https://www.forbes.com/sites/rashishrivastava/2024/07/24/the-internet-isnt-big-enough-to-train-ai-one-fix-fake-data/
https://www.forbes.com/sites/rashishrivastava/2024/07/24/the-internet-isnt-big-enough-to-train-ai-one-fix-fake-data/
https://www.heise.de/en/background/AI-training-with-synthetic-data-The-internet-is-reaching-its-peak-9799160.html
https://www.heise.de/en/background/AI-training-with-synthetic-data-The-internet-is-reaching-its-peak-9799160.html
https://www.theguardian.com/technology/2025/jan/09/elon-musk-data-ai-training-artificial-intelligence
https://www.theguardian.com/technology/2025/jan/09/elon-musk-data-ai-training-artificial-intelligence
https://www.statista.com/statistics/262946/most-common-languages-on-the-internet/
https://www.statista.com/statistics/272365/age-distribution-of-internet-users-worldwide/
https://commoncrawl.org/
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internet nor a representative sample of it. The organization actually crawls only a
small fraction of the internet. They only crawl pages with high amounts of direct
and indirect incoming links from other domains (Baack, 2024). This crawling
heuristic was designed with the intention to assure data quality, but effectively
prevents inclusion of contents from "digitally marginalized communities" and
yields a predominantly English corpus (Baack, 2024, p. 7). Moreover, problematic
contents are not filtered or classified. Luccioni and Viviano (2021) analyzed the
content of a random subset of Common Crawl and detected that between 4 and
6% of all websites contained hate speech, such as racial slurs and "racially-charged
conspiracy" (results varied between different detection methods). The authors
also identified a substantial amount of sexually explicit content.

As mentioned before, knowledge-enhanced language modeling is one way
researchers and practitioners try to fill the knowledge gaps by using external
knowledge sources. But what if these external sources suffer from the same gaps?
The aim behind the study presented Kraft and Usbeck (2022) and Chapter 4,
was to understand the types of content represented in popular KGs and the
characterization of potential gaps. Our systematic review showed that resources
like Wikidata are affected by similar coverage issues.

Blind spots in the data cause blind spots in the systems, which makes them
unable to reproduce certain knowledge (correctly). In practice, this creates epis-
temic issues because LLMs are promoted as sources of knowledge and tools for
knowledge generation without making knowledge gaps transparent. Peterson
(2025) even asserts that "our access to the original diversity of human knowledge
is increasingly mediated by a partial and increasingly narrow subset of views"
(p. 3250), ultimately leading to a knowledge collapse. Advertising AI systems as
general-purpose or foundational conveys a universality claim. We might argue that
either (a) the claim must be openly questioned and the literacy of users furthered,
or (b) the systems must get better coverage. So, what are the hindrances to either of
these options? It should be said that (a) is being pursued by scholars working in AI
Ethics, Critical AI Studies, Philosophy of Technology, and the like. However, many
creators of AI technology in the industry and technical research labs profit from
the "universality myth" and are likely reluctant to rewrite the story (Narayanan
and Kapoor, 2024). But what then speaks against (b) improving coverage? From
the Common Crawl example, we can deduce that certain technical aspects limit the
reach of web scrapes. For example, heuristics are used to filter out weakly linked
URLs to ensure content quality. However, this heuristic potentially also leads to
omitting valuable yet weakly linked pages for other reasons—for instance, those
representing more marginalized interests. So, the technical choices relating to
algorithm design, decision rules, and metrics play a significant role. The question
of why things are designed in specific (biased) ways refers directly to the question
of who the designers are. Later Chapters will revisit both of these questions.

1.1.4 The Problem of Representativeness

In Section 1.1.3, while discussing the coverage problem, a connection to repre-
sentativeness was already hinted at. To characterize this problem in particular,
its main sources, manifestations, and consequences are briefly addressed in the
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following paragraphs. Please note that all of these aspects are illustrated in
more depth in Chapter 2.

A training dataset, its contents and their relations to each other, are the very
things that are modeled by an AI model. Thus, the composition of the training
data determines the possibilities and boundaries of the model (Orr and Crawford,
2024) and "they also constitute their bedrock of claims to truth and accuracy" (Orr
and Crawford, 2024, p. 4956). However, several studies have demonstrated that
the datasets used for the development of influential AI models consistently under-
represent contents from marginalized communities (Navigli et al., 2023; Dodge
et al., 2021) and contain harmful stereotypes and misrepresentations (Birhane
et al., 2021; Birhane et al., 2023). The reasons for dataset biases are, for instance,
the sources and sampling strategies as exemplified in the Common Crawl case.
But also the data selection and annotation practices introduce biases (Hovy
and Prabhumoye, 2021; see Chapter 2 for an elaboration). Orr and Crawford
(2024) point out that the ways in which AI datasets are represented, stored, and
disseminated lead to a concealing or "collective forgetting" of the "messy processes"
behind their creation (see also Bowker and Star, 2000). That is, the biases of datasets
are not arbitrary, but instead a result of the decisions, intuitions, and personal
biases of those involved in the construction of datasets.

These data biases are one of the main causes for algorithmic bias in natural
language processing (NLP) systems. In the nineties, Friedman and Nissenbaum
(1996) have defined biased computer systems as those that "systematically and
unfairly [discriminate] against certain individuals or groups of individuals in favor
of others" (p. 332). In NLP systems, such discriminatory patterns can occur in
different forms: for example, a classification or prediction system may perform
systematically worse for certain individuals or groups. One classic example is
the study by Kiritchenko and Mohammad (2018), which analyzed more than 200
different sentiment classifiers and found that 75% were gender- and/or racially
biased. For example, for statements where the subject had an African American-
coded name, the systems tended to give higher sentiment intensity scores on
negative sentiments, such as anger, fear, and sadness. For White names, the
models assigned higher intensity scores for positive sentiments. Race bias can also
be found in common hate speech detection datasets (Sap et al., 2019a). To this date,
this issue is reflected in hate speech detectors (Albladi et al., 2025) and content
moderation APIs provided by Microsoft, Google, Amazon, and OpenAI (Hartmann
et al., 2025). Another type of discriminatory behavior found in NLP systems,
particularly LMs, relates to the associations and kinds of portrayals found in
open-ended text generations (Sheng et al., 2019; Dhamala et al., 2021). LMs have
repeatedly been shown to reproduce stereotypical and derogatory narratives
about certain individuals and groups (Abid et al., 2021). For example, statements
about female subjects are usually more positive but attributed with stereotypical
attributes, such as homemaking and caretaking (Kraft et al., 2022). Besides such
misrepresenting portrayals, ChatGPT generally generates more homogeneous
depictions of fictional African, Asian, and Hispanic American characters versus
White American ones; and more homogeneous depictions of women versus
men (Lee et al., 2024).

The harms caused by these errors are representational harms as they cause
certain groups to be demeaned, misrepresented, or ignored (Blodgett et al., 2020).
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In comparison, harms caused by biased models within decision-making systems
for use in, e.g., hiring or insurance, fall into the category of allocational harms.
The harms caused here manifest in unfairly distributed resources or opportuni-
ties. Gender and race have been the most researched protected attributes in the
algorithmic bias literature. This choice is not arbitrary: for one, gender- and race-
based discrimination are deeply ingrained in Western society.29 Hence, a shared
understanding of existing stereotypes and prejudices and their harms exists to
some extent. Secondly, there is a grounding within the AI community itself. That
is, engineers of influential AI systems have historically been disproportionately
male, white, and North American (Forsythe, 1993; Adam, 2000). It has indeed
been shown that the biases identified in common AI models also happen to favor
these demographic groups.

In this dissertation, particular emphasis is put on a type of injustice that
uniquely affects one’s "capacity as a knower", namely epistemic injustice. The
notion originated in the scholarship of feminist epistemology. It was coined
by Fricker (2007), who distinguishes between two types of epistemic injustice:
the first type is testimonial injustice, and it takes place when the hearer does not
give a speaker their deserved credibility due to identity-related prejudice. This
credibility deficit is harmful because it wrongs the speaker in their capacity as a
knower, which is a part of their "capacity for reason." And given that rationality is
essential to human value, Fricker (2007) considers testimonial injustice a path to
undermining a person’s humanity. AI systems that reproduce harmful stereotypes
amplify existing prejudices that feed into testimonial injustice and, thus, contribute
to the discrediting of certain groups of knowers (Kay et al., 2024).

The second type of epistemic injustice is hermeneutical injustice, which presents
itself in systematic gaps in "collective interpretative resources," i.e., knowledge
resources. These gaps affect individuals’ ability to interpret and understand their
social experiences. Hermeneutical injustice is a form of structural discrimination.
Fricker (2007) famously exemplifies the potential harms of hermeneutical injustices
with a story about a woman named Carmita Wood, an office employee at Cornell
University, in the 1970s, who was unable to name the repeated sexual harassment
from a male faculty member she was experiencing (Brownmiller, 1999). The stress
of her experience had caused her to develop physical ailments, leave her job,
and apply for unemployment insurance. However, the unemployment benefits
were denied because there was no category suitable to name her true reason for
resigning. This example shows that being unable to have knowledge relevant
to one’s social experience can be a serious obstacle and cause a measurable
disadvantage. Note that Fricker’s conceptualization of hermeneutical injustices has
been critiqued by Mason (2011), who proposed a more nuanced revision: besides
the type of "unknowing" described by Fricker, a second type of "unknowing" is
identified, namely epistemically and ethically blameworthy ignorance. It describes
the phenomenon that more powerful groups may willfully sustain knowledge
gaps or distort non-dominant accounts to maintain the status quo in their favor.
This ignorance prevents themselves from understanding certain aspects of their

29. Note that in Europe, "race" is not usually a term used for ethnic classification (Jaime and
Kern, 2024). However, since the AI and AI Ethics research communities are mostly U.S.-centric, the
use of this term is a norm in the respective literature and will also appear throughout this thesis.
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own experience and allows them to evade ethical responsibility (see Chapter 3
for a more detailed discussion).

The notion of epistemic injustice has been fruitfully applied to research in AI
andmachine learning (ML). This is plausible due to the aforementioned systematic
gaps and inaccuracies in AI-based knowledge technologies. Miragoli (2025) argues
that AI has an inbuilt tendency "to treat as epistemically relevant information that
is statistically dominant because it is statistically dominant" (p. 6). And this feature
necessarily leads to "knowledge-gaps and interpretative lacunae, affecting the
machine’s ability to read, understand and respond to minoritarian information" (p.
7). For instance, most AI technologies are English-centric and content in other
languages is represented and processed less accurately (Lai et al., 2023; Helm et al.,
2024). As a result, speakers of marginalized languages experience obstacles when
accessing certain information altogether. Kay et al. (2024) dubs this particular
phenomenon hermeneutical access injustice. Lindemann (2024) has pointed out
that LM-generated answers in online search engines or the use of chatbots as an
alternative to classic search contribute to a sealing of knowledges. Specifically, "the
complexity of the possible answer space, the plurality of potential answers to a
search query, is increasingly sealed" (p. 5066) behind a "singular, authoritative"
text paragraph. In this way, Lindemann argues, more dominant knowledges get
disseminated and solidified while marginalized knowledges become harder to
find. Mollema (2025) claims that this can lead to generative hermeneutical erasure,
i.e., conceptual differences or different ways of "sense-making" get eradicated
since similarly biased AI systems are becoming more omnipresent.

The notion of epistemic injustice is not only relevant for the research on the
harms and injustices caused by generative AI systems. It is also relevant for
an investigation of one of their supposed remedies, namely knowledge graphs.
Due to the rising importance of external knowledge resources, particularly open-
domain resources like Wikidata (Johnson et al., 2024), this thesis extends the focus
accordingly. In the context of AI development, Wikidata is commonly framed as
authoritative and reliable.30 And in contrast to other web sources, it may indeed
be more reliable (Longpre et al., 2024, for an analysis of the value of the related
knowledge base Wikipedia as AI training data). Nevertheless, whether or not
the level of trust and authority attributed to these sources is truly justified must
be examined. A critical analysis thereof is given by Kraft and Soulier (2024),
presented in Chapter 5.

1.2 Research Questions

As described in the previous Section, LM- and KG-based AI systems shape our
knowledge ecosystems. They influence howwe produce knowledge and determine
which knowledge is more or less accessible. Accordingly, assessing their goodness
is essential. To this end, this dissertation presents a multifaceted evaluation of
respective knowledge technologies. A core interest is understanding the extent to
which these contents and processes are epistemically and ethically good. Special

30. https://blog.wikimedia.de/en/2024/09/17/wikidata-and-artificial-intelligence-simplified-a
ccess-to-open-data-for-open-source-projects/, accessed: November 14, 2025

https://blog.wikimedia.de/en/2024/09/17/wikidata-and-artificial-intelligence-simplified-access-to-open-data-for-open-source-projects/
https://blog.wikimedia.de/en/2024/09/17/wikidata-and-artificial-intelligence-simplified-access-to-open-data-for-open-source-projects/
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attention is paid to correctness, coverage, and representativeness, which are three
key desiderata for epistemic and ethical goodness:

D1. Correctness: AI-based knowledge technology should accurately encode and
reproduce knowledge content.

D2. Coverage: AI-based knowledge technology should encode and reproduce
knowledge with adequate coverage.

D3. Representativeness: AI-based knowledge technology should not systemati-
cally or unfairly misrepresent or underrepresent the knowledge of, or about,
marginalized communities.

These desiderata guide this thesis’s choice of technologies and analytical
approaches. D1 underpins the detailed examination of knowledge-enhanced
languagemodeling as a potential remedy to issues of incorrectness and bias (related
to Chapter 5), and benchmarks as measures of correctness (related to Chapter
6). D2 guides the critical engagement with knowledge databases, specifically
KGs (related to Chapter 4), on the one hand, and benchmarking datasets that
measure and direct the coverage of LMs, on the other (related to Chapter 6).
However, the most attention is paid to D3, the problem of representativeness
(related to Chapters 4, 5, and 6). While bias has been a well-researched limitation
of AI systems, particularly LLMs, it is less investigated in the domain of KGs
and knowledge technology, more generally. This thesis aims to fill this gap.
It aims to shed light on the goodness of the knowledge bases and measures
treated as "sources of truth" to improve correctness and coverage. To this end, it
examines the knowledge processes that underlie the knowledge bases and measures.
And it considers the final products, i.e., the knowledge content that is ultimately
represented and conveyed. The distinction between knowledge processes or
knowledge as knowledge production, knowledge as knowing, and knowledge as
content is inspired by the work of Longino (2002) and is explained in more detail
in Chapter 3. The research questions addressed are as follows:

RQ1. What types of social bias are embedded in knowledge graphs? How are they
measured? And what do we know about their causes?

RQ2. Can knowledge enhancement make language models less biased with re-
gards to their knowledge content? Can it help to make language models
more objective?

RQ3. How are the measures created that are used to determine a language model’s
accuracy in reproducing knowledge? How is the quality and representative-
ness of these measures?

1.3 Situating the Thesis
To situate the thesis, Section 1.3.1 provides an overview of related research.
Note that more detailed definitions of algorithmic bias in LMs and KGs are
presented in Chapter 2. Section 1.3.2 situates and scopes the thesis thematically
and methodologically. Specifically, it addresses its interdisciplinary lens, as well
as the technologies, theories, and methods of choice.
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1.3.1 Related Work

Bias in Language Models

LMs have been shown to reproduce harmful gender stereotypes (Kirk et al., 2021;
Kotek et al., 2023; Zhao et al., 2019), biases against queer people (Felkner et al.,
2023), disabled people (Venkit et al., 2022; Panda et al., 2025), certain religions (e.g.,
Islam and Judaism; Abid et al., 2021; Plaza-del-Arco et al., 2024), as well as races and
ethnicities (Yang et al., 2024c; Hofmann et al., 2024). Stereotypical associations can
be measured by comparing the vector distances for particular seed-attribute pairs.
Seed words would be identity-related mentions, like female versus male pronouns,
and attributes are, for instance, names of different occupations (May et al., 2019;
Guo and Caliskan, 2021). Another way to measure stereotypical associations
is by comparing the predicted token probabilities for certain attributes, given a
seed word (Nangia et al., 2020; Nadeem et al., 2021). Such metrics measure bias
directly on an embedding level (intrinsic measures) and have been shown to not
reliably indicate a model’s downstream task behavior, which is more directly
user-facing (extrinsic measures; Goldfarb-Tarrant et al., 2021). Downstream task
bias measures determine disparate performance for different seeds. Examples are
WinoGrande, which measures performance differences in a pronoun resolution
task (Sakaguchi et al., 2021) and the aforementioned analysis of Kiritchenko
and Mohammad (2018), which compared the sentiment classification accuracy for
differently "racialized" names. Since this thesis includes a deeper investigation into
QA benchmarks, it shall be noted that two dedicated bias benchmarks exist, which
utilize this format. These are UNQOVER (Li et al., 2020) and the Bias Benchmark
for QA (BBQ; Parrish et al., 2022). Regarding BBQ, Lum et al. (2025) note that,
while the task format is strictly speaking extrinsic, the actual questions are not
realistic. For example the question "After the first day of middle school math, a
girl and a boy stayed after class to talk to the teacher. Who is bad at math?" is not
quite to be expected in an actual user scenario. UNQOVER comprises similarly
abstract task items. Researchers in the field have been advocating for measures
that are more closely emulating actual use (Lum et al., 2025; Delobelle et al., 2022).

LMs have also been found to be biased in terms of systematic differences regard-
ing the accuracy with which they represent and process different languages. Even
though more efforts are being invested into multilingual LM development (Scao
et al., 2022; Qin et al., 2025), most if not all mainstream models are still English-
first and struggle more in the handling of less dominant languages (Helm et al.,
2024; Bella et al., 2024). Reasons for this are, for one, methodological factors. For
instance, the engineers of such models are not always speakers of the respective
languages and, thus, not perceptive to potential errors (e.g., when removing
"special characters" that are important to the language-specific script; Bella et al.,
2024). And, secondly, the data availability differs across languages (Qin et al., 2025).

Knowledge in Language Models

To analyze whether pretrained LMs qualify as knowledge bases, Petroni et al. (2019)
tested BERT (Devlin et al., 2019) and a few other LMs via cloze-style ("fill-in-the-
blank") statements from four different datasets based on Wikipedia, Wikidata,
and a commonsense KG (Speer et al., 2017). Petroni et al. (2019) found BERT’s
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performance (without finetuning) to be comparable to task-specific NLP methods.
The T-REx probe (based on a dataset by ElSahar et al., 2018), which was part of
their study, was also used in Kraft and Soulier (2024). Another way of measuring
how well LMs encode knowledge is by using a QA format (Rogers et al., 2023). Sun
et al. (2024) found that the popularity of some content or its presence in the training
data influence themodel’s ability to reproduce it in a QA setup. The authors created
a QA benchmark based on the open-domain KG DBpedia (Auer et al., 2007a), from
which they extracted entities representingmovies, books, and academic knowledge.
They grouped the benchmarking examples by entity popularity–as measured by
graph density (number of facts about an entity) and traffic (views and votes of
entry on the web)–and found that 16 state-of-the-art LLMs perform worse on
less popular entities, irrespective of model size. These findings are particularly
problematic as entity popularity follows a power-law distribution, meaning that
most entities are unpopular (Sun et al., 2024). Kandpal et al. (2023) also analyzed the
relationship between LLM parameter count and QA accuracy on "popular" versus
"unpopular" knowledge. When operationalizing popularity by the frequency with
which relevant documents can be found in popular pre-training corpora, i.e.,
how often the model was exposed to the content during training, model size and
accuracy also on long-tail knowledge do correlate. However, models would need
to scale to a quadrillion parameters in order to reach comparable performance
on the popular and unpopular contents (Kandpal et al., 2023).

Bias in Knowledge Graphs

While bias in LMs is a very active field of research, the issue has received less
attention in the context of KGs. Chapter 4 presents the first systematic review
of research investigating biases in the KG lifecycle. It provides a comprehensive
overview of the field at the time of its publication in 2022. Since then, new
contributions have been made: Melis et al. (2024) conducted an in-depth analysis of
queerness in Wikidata, which sheds light on how and why it tends to misrepresent
marginalized gender identities. One root cause are the editors’ ideological beliefs.
A newer factor is the rising use of bots that are used in an effort to quickly fill-in
missing information in the graph. AI-based bots infer gender from names, which
leads to systematic misgendering, i.a., due to cultural and linguistic differences
with respect to naming conventions (Melis et al., 2024). In an analysis of KGs
and other machine-readable (linked open data; LOD) resources, namely Wikidata,
The Getty Art & Architecture Thesaurus, Princeton WordNet, and Open Dutch
WordNet, Nesterov et al. (2024) found a high prevalence of derogatory labels and
descriptions, including racist and homophobe slurs. Finally, a recent study by Das
et al. (2025) demonstrated that gender-occupation and age-occupation biases in
Wikidata differ between "Global North" and "Global South" geographies.

Knowledge-Enhanced Language Models and Bias

Asmentioned earlier, injecting explicit knowledge into LMs is currently considered
the most promising corrective for dealing with factual inaccuracies and long-
tail knowledge (Sun et al., 2024; Li et al., 2024). However, RAG, for example,
is pre-dominantly implemented via vector-based matching between the model



1. Introduction 16

input and external documents (Fan et al., 2024). Thus, it is similarly biased
towards content that appears more often in the external knowledge base (Kandpal
et al., 2023). And, in fact, Wikipedia appears to be a widely used knowledge
base for open-domain scenarios (Fan et al., 2024). As discussed in Kraft and
Soulier (2024), Chapter 5, Wikipedia is in itself highly biased (e.g., over-represents
Western and male personalities). While RAG is mostly used in combination
with textual databases, there is another class of enhancement techniques, that
specifically utilize structured data from KGs. Kumar et al. (2025), for instance, have
proposed KG-augmented LLM training particularly for the purpose of detecting
and mitigating biases. Their assumption is that KGs add contextual information
that "help[s] counter the biases inherent in unstructured text" found in the LLM
training data (p. 608). The authors finetune GPT-4 using conventional bias
mitigation approaches, counterfactual data augmentation and adversarial training,
and combined that with KG-augmented finetuning. The KG was vectorized as
a graph neural network (GNN) and integrated into the LLM via the attention
mechanism. The results indicate slight bias reductions on different classification
tasks, as measured by demographic parity and equal opportunity. However, Kumar
et al. (2025) do not to mention exactly which KG they used and how much of
a bias improvement is achieved through the data augmentation and adversarial
training, without KG augmentation.

Debiasing

Especially with the immense data requirements of modern LLMs, balancing
training datasets in terms of representational aspects or removing undesirable
misrepresenting content is a non-trivial endeavor. An obvious solution would be
to use automated methods to identify different instance types in order to down- or
upsample. However, as Navigli et al. (2023) pointed out, classifiers for such tasks are
themselves not free of bias (Albladi et al., 2025). Some researchers have attempted
to "debias" LM outputs through technical fixes, for example through vector-based
adjustments (Bolukbasi et al., 2016) or automatically altered prompts (Sheng et al.,
2020). There have also been works aiming to automatically mitigate biases in KG
embeddings (Arduini et al., 2020; Chuang et al., 2025). However, automated bias
mitigation techniques can only remove whatever bias aspects are addressed in the
concrete formalizations, i.e., the bias metrics with which the bias is detected. Bias
metrics are necessarily reductive. So, by labeling a treated model as "debiased",
such approaches mostly just conceal the full extent of the issue (Gonen and
Goldberg, 2019; Kraft, 2021).

Birhane et al. (2022c) strongly promote a contextualized and concrete approach
to AI Ethics research. They argue that analysis of bias and other risks are not often
enough embedded in an explicit scrutiny of power-related and oppressive factors.
Local and contextualized AI evaluations are important to ensure that impacts
are assessed with regards to dimensions or struggles that are truly relevant. For
instance, caste-related discrimination is central to an Indian but not so much to a
Western context. Moreover, although gender bias is a relevant dimension across
these regions, it manifests in different stereotypes within Indian society (Bhatt
et al., 2022).
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Epistemic Values and Responsible AI

Olteanu et al. (2025) argue that while AI research has paid much attention to
scientific rigor, it has narrowly focused on methodological rigor, i.e., the correct
application of statistical and computational methods, or the generalizability of
systems asmeasured by large-scale quantitative benchmarks. The authors promote
a broader and more contextualized conceptualization broken down into six facets,
namely (1) epistemic, (2) normative, (3) conceptual, (4) methodological, (5) reporting,
and (6) interpretative rigor. (1) In practice, models and datasets are often utilized
because they are easily available or commonly used without consideration of
their underlying assumptions (Koch et al., 2021b).31 Epistemic rigor requires
making explicit the body of knowledge or assumptions that ground the work
and justify certain choices. (2) As discussed in Chapter 3, values and beliefs
play a role in deciding what is researched and how. So, normative rigor demands
communicating the norms, standards, values, or beliefs underpinning one’s work
and alludes to using positionality and ethics statements in research publications.
(3) Conceptual rigor commands clarity regarding terms and conceptualizations
behind them. To further explain this facet, Olteanu et al. (2025) refer to the use
of term "hallucination" in the AI community. As mentioned before, it is often
used as a synonym for "factual error" (as well as other types of erroneous model
outputs), even though the sensory experience observed in humans has little to
do with the errors observed in LMs (Maleki et al., 2024). Respective use of this
term without proper clarification risks spreading misconceptions about AI. (5)
Reporting rigor refers to transparent and detailed communication of research
findings. For example, aggregate measures and confirmatory research (i.e., only
publishing positive results) should be avoided. In Kraft and Soulier (2024) the
T-REx knowledge probe (Petroni et al., 2019) was disaggregated into test cases
relating to female versus male entities. This revealed that the tested models exhibit
systematically worse performance on the female subset. Aggregate benchmark
scores conceal such differences. (6) Finally, interpretative rigor is concerned with
how findings are interpreted. In Kraft et al. (2025), many popular QA and RC
benchmarks were found to be biased towards male and Western entities, and
all but one of the benchmarks were English. Is it fair to assume that these
benchmarks measure QA and RC performance in general? Or is it perhaps more
accurate to interpret them as measures of QA and RC performance within a
particular cultural context? Normative rigor overlaps with other types of rigor,
as it requires clarity regarding epistemic and normative assumptions, conceptual,
as well as methodological choices, and it requires transparent documentation
thereof. Overall, Olteanu et al. (2025) promote the idea that scientific rigor is not
only a necessary condition of ethical research, but also of epistemically sound
research. Reflexivity and contextualized analysis of latent conceptualizations,
individual decisions, and interpretations are required to identify flaws in our
scientific practice that may lead to misconceptions or empirically unacceptable
claims (Longino, 2002).

31. One example is models that classify criminals based on portraits. These are built on the
assumption that criminality is a visible trait. This idea is rooted in physiognomy, which has been
scientifically debunked and criticized for its ethically problematic implications (y Arcas et al.,
2023).
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Even research that targets the development of more responsible AI systems
tends to follow implicit assumptions and values without scrutiny. Hancox-Li
and Kumar (2021), for example, studied the epistemic values implied in feature
importancemethods, a set of approaches that aim tomakemodelsmore transparent
and improve accountability by identifyingwhich input features aremost influential
to the prediction. The authors identify universality as one of the epistemic
values at play here: they argue that feature importance methods are designed to
fulfill universally desirable properties or to succeed on established explainability
benchmarks. Drawing from feminist epistemology, Hancox-Li and Kumar (2021)
critique that desirability criteria are specified without consideration of context
or individual positionality ("Desirable to whom?"). They articulate a number of
suggestions for improvement, such as incorporating marginalized perspectives,
evaluating the appropriateness of methods contextually, and pursuing seamful
design. Seamfully designed feature importance methods present explanations
not as "singular and authoritative", but rather as open to multiple interpretations
and with a level of uncertainty.

1.3.2 Thematic and Methodological Scope

This dissertation is an interdisciplinary project that is grounded in computer sci-
ence and philosophy. While the theoretical backgrounds are presented in Chapters
2 and 3, the thesis shall for now be situated through four characterizing dualities:

The Technical versus the Social Lens

The thesis engages deeply with the technical AI literature, particularly in the areas
of natural language processing (NLP) and the semantic web. The focus lies on the
technicalities of language modeling, structured knowledge representations, factual
errors, statistical biases, etc. Whereas this thesis also engages with philosophical
literature in the areas of social and feminist epistemology, and philosophy of
science. Intersectional fields of research, such as science and technology studies
(STS) and AI ethics, also provide critical theoretical foundations. It is important
to note here that in STS (and inspired by that also in AI ethics), the technical and
the social are usually seen as tightly interwoven components of a single system,
namely, a socio-technical system. Social actors and institutions create technology,
and it, in turn, affects them and their interactions. Selbst et al. (2019) argue that to
achieve the social goal of "fairer" machine learning systems, technical practitioners
and researchers must engage with their technical solutions’ social embedding and
impact. Following this line of thought, the three articles comprising this thesis
are interpreted through the socio-technical lens.

Statistical versus Symbolic Representations of Knowledge

As objects of investigation, this thesis focuses on two different technical ap-
proaches to representing knowledge: Firstly, LMs, as they have become one of
the most widely used types of AI methods and are at the core of many modern
knowledge technologies. Secondly, KGs have been important in connecting and
making accessible knowledge in the digital sphere for decades. These approaches
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descend from two different paradigms in AI, the statistical versus the symbolic,
which introduces another duality. Historically, the respective communities and
ideas have largely opposed each other. However, efforts to marry LMs and KGs
have been increasing in recent years, e.g., in the form of knowledge-enhanced
language modeling or by leveraging AI to populate KGs. A common denominator
between both is the goal to capture and represent real-world knowledge compre-
hensively and accurately–such that it can be used to retrieve or even generate new
knowledge. Chapter 2 introduces the computer science background regarding
the most relevant technical methods and artifacts.

Traditional versus Feminist Conceptualizations of Knowledge

There is also duality within the philosophical debates this thesis draws from,
first and foremost, the duality between traditional epistemology and social and
feminist epistemology. The first views knowledge as a product of cognition
only, independent of the social, and the second views knowledge as a product
of social or rational-social processes, as situated and embodied, and as a site of
potential injustice. STS scholar Alison Adam has pointed out how the traditional
conceptions of knowledge are deeply embedded in the development of AI and
introduced the feminist-epistemological view to critique this status quo (Adam,
1998). Note that this thesis frequently refers to knowledges in plural form from
here onward. This is to signify the assumption that knowledges are manifold,
partial, and situated (Haraway, 2016). With this, this thesis also situates itself in
opposition to the disembodied, unitary accounts of knowledge embedded in AI.
More details in this regard are provided in Chapter 3, which offers an overview of
the theoretical works that have been most fundamental to this dissertation project.

Quantitative versus Qualitative Methodology

Due to the interdisciplinary nature of this work, the presented papers employ
various quantitative and qualitative methods. On the quantitative side, statistical
analyses of training and evaluation datasets are conducted. AI model outputs are
measured and compared via bias metrics (Chapters 5 and 6). On the qualitative
side, there is a systematic literature review (Chapter 4), a philosophical analysis
(Chapter 5), and a content analysis (Chapter 6). Mostly, both types of methods
are combined to ground the more technical observations in the epistemological
and ethical discourse, i.e., to bridge the technical and the social.

1.4 List of Publications

Below, the papers comprising the heart of this thesis are listed in order of their
publication date, followed by remarks on authorship. At the time of submitting
this thesis, two of the works have been presented at international conferences
and the third one was accepted for presentation at an international conference.
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I shall also note that I kindly received various opportunities to talk about these
works, beyond these conferences.32, 33, 34

Following the publication list, remarks are added about changes made to
integrate the original publications into this dissertation more seamlessly. Finally,
other works that were published during the same time frame are also listed.
They do not directly contribute to answering the RQs in this thesis, but add
additional context.

1.4.1 Peer-Reviewed Articles Presented in this Thesis
Angelie Kraft and Ricardo Usbeck. 2022. The Lifecycle of “Facts”: A Survey of Social

Bias in Knowledge Graphs. In Proceedings of the 2nd Conference of the Asia-Pacific
Chapter of the Association for Computational Linguistics and the 12th International Joint
Conference on Natural Language Processing, Volume 1: Long Papers (AACL-IJCNLP
2022), 639–652. Online: Association for Computational Linguistics.

Angelie Kraft and Eloïse Soulier. 2024. Knowledge-Enhanced Language Models Are
Not Bias-Proof: Situated Knowledge and Epistemic Injustice in AI. In Proceedings of
the 2024 Association for Computing Machinery Conference on Fairness, Accountability,
and Transparency (FAccT 2024), 1433–1445. Rio de Janeiro, Brazil: Association for
Computing Machinery.

*Angelie Kraft, Judith Simon, and Sonja Schimmler. 2025. Social Bias in Popular Question-
Answering Benchmarks. In Proceedings of the 14th International Joint Conference on
Natural Language Processing and the 4th Conference of the Asia-Pacific Chapter of the
Association for Computational Linguistics (IJCNLP-AACL 2025), 1421–1438. Mumbai,
India and Online: The Asian Federation of Natural Language Processing and The
Association for Computational Linguistics.

*Nominated for Best Paper Award at IJCNLP-AACL 2025.

Comments on Degree of Authorship

I am the sole first author on all of the included articles. The detailed contributions
of each of the co-authors are as follows:

In Kraft and Usbeck (2022), I conceptualized the idea and research questions.
I conducted the systematic literature analysis and authored the paper. Ricardo
Usbeck provided theoretical and methodological guidance and proofread the paper.

In Kraft and Soulier (2024), Eloïse Soulier and I developed the idea for the paper
together, based on my previous research on KGs and concerns regarding claims
around bias and neutrality in KG-enhanced language modeling. She leveraged her
expertise in feminist epistemology to provide a theoretical framing to this critique,

32. Interview with AIhub about Kraft and Usbeck (2022): https://aihub.org/2022/11/16/the-lif
ecycle-of-facts-a-survey-of-social-bias-in-knowledge-graphs-interview-with-angelie-kraft/,
accessed: November 13, 2025
33. Talk at re:publica about Kraft and Soulier (2024): https://re-publica.com/en/node/3842,

accessed: November 13, 2025
34. Invited panel at COMPTEXT 2025 where I presented Kraft et al. (2025): https://www.cais-res

earch.de/news/marginalisierte-stimmen-und-perspektiven-in-der-computergestuetzten-textana
lyse/, accessed: November 13, 2025

https://aclanthology.org/2022.aacl-main.49
https://aclanthology.org/2022.aacl-main.49
https://doi.org/10.1145/3630106.3658981
https://doi.org/10.1145/3630106.3658981
https://aclanthology.org/2025.ijcnlp-long.79/
https://aclanthology.org/2025.ijcnlp-long.79/
https://aihub.org/2022/11/16/the-lifecycle-of-facts-a-survey-of-social-bias-in-knowledge-graphs-interview-with-angelie-kraft/
https://aihub.org/2022/11/16/the-lifecycle-of-facts-a-survey-of-social-bias-in-knowledge-graphs-interview-with-angelie-kraft/
https://re-publica.com/en/node/3842
https://www.cais-research.de/news/marginalisierte-stimmen-und-perspektiven-in-der-computergestuetzten-textanalyse/
https://www.cais-research.de/news/marginalisierte-stimmen-und-perspektiven-in-der-computergestuetzten-textanalyse/
https://www.cais-research.de/news/marginalisierte-stimmen-und-perspektiven-in-der-computergestuetzten-textanalyse/
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and she authored the respective parts of the paper (Sections 5.2.1 and Section
5.4). We co-authored the Introduction and Conclusion (Sections 5.1 and 5.5). I
authored Sections 5.2.2, 5.3, and the Appendices. I implemented and conducted
the quantitative analysis of LM bias. We collaborated closely in proofreading and
editing each other’s Sections to ensure coherence, content-wise and linguistically.

In Kraft et al. (2025), I conceptualized the idea, research questions, and opera-
tionalization. I conducted the quantitative and qualitative analyses (including the
annotation data collection) and wrote the paper. Judith Simon provided guidance
with the theoretical embedding of the paper, discussed results, and helped refine
the paper. Sonja Schimmler provided guidance regarding the methodological and
technical decisions, discussed results, and proofread the paper.

Comments on Edits

A few minor editorial changes were made to the papers in this thesis to improve
consistency and readability. Firstly, all articles were reformatted into a coherent
design throughout this dissertation. Secondly, the reference style was changed and
made coherent since the original papers were previously published at different
venues with varying citation guidelines. To avoid redundancy, all references
are listed in a combined bibliography, at the end of this book. Thirdly, the
appendices were renamed and given consistent titles so they are easier to identify
and distinguish from the main content in the table of contents.

1.4.2 Other Publications
Angelie Kraft, Hans-Peter Zorn, Pascal Fecht, Judith Simon, Chris Biemann, and Ricardo

Usbeck. 2022. Measuring Gender Bias in German Language Generation. In Proceedings
of 52. Jahrestagung der Gesellschaft für Informatik, INFORMATIK 2022, Informatik
in den Naturwissenschaften, 1257–1274. INFORMATIK 2022. Hamburg, Germany:
Gesellschaft für Informatik.

Angelie Kraft and Ricardo Usbeck. 2022. The Ethical Risks of Analyzing Crisis Events
on Social Media with Machine Learning. In Proceedings of the International Work-
shop on Data-driven Resilience Research 2022 co-located with Data Week Leipzig 2022
(DATAWEEK 2022). D2R2 2022. Leipzig, Germany: CEUR-WS.org.

Angelie Kraft. 2023. Triggering Models–Messung und Mitigation sexistischer Vorurteile
in deutschen Sprachmodellen. Frauen machen Informatik 47:39–44. Gesellschaft für
Informatik.

Angelie Kraft. 2024. Unpacking Large Language Models: Grundlagen, Perspektiven und
Herausforderungen. Frauen machen Informatik 48:10–16. Gesellschaft für Informatik.

1.5 Thesis Outline

The following two Chapters will provide insights into the technical and theoretical
underpinnings of the research presented in this cumulative dissertation. Chapter
2, firstly, defines and discusses the most essential computer science concepts and
methods that are subjects of investigation. It also establishes the core principles of

http://dx.doi.org/10.18420/INF2022/_108
https://ceur-ws.org/Vol-3376/paper01.pdf
https://ceur-ws.org/Vol-3376/paper01.pdf
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algorithmic bias research with a particular focus on NLP applications. Chapter 3
summarizes the philosophical foundations. It highlights the epistemological works
most influential to this research and scholarship that have previously introduced
the feminist-epistemological lens to AI. This is followed by the individual papers:

Chapter 4 presents a systematic review of research on social biases in KGs
throughout their lifecycle, from manual and automated creation of contents and
ontologies, to large-scale graphs and graph embeddings (Kraft and Usbeck, 2022).
This work was published as part of the proceedings of the main track of the
2022 Conference of the Asia-Pacific Chapter of the Association for Computational
Linguistics and the International Joint Conference on Natural Language Processing
(AACL-IJCNLP 2022).

Chapter 5 presents a research article published in the Proceedings of the
2024 Association for Computing Machinery (ACM) Conference on Fairness, Ac-
countability, and Transparency (FAccT 2024) (Kraft and Soulier, 2024). It critically
examines the knowledge processes behind the sources of truth utilized in knowledge-
enhanced LMs and the assumptions around objectivity and value-neutrality that
guide the development, use, and marketing of knowledge-enhanced LMs as
knowledge technologies.

Chapter 6 presents a research project in which the 30 most popular QA and
RC benchmarks are investigated regarding the underlying data collection and
annotation practices, focusing on coverage and representativeness (Kraft et al.,
2025). The article was published in the main track proceedings of the 2025
International Joint Conference on Natural Language Processing and Asian Chapter
of the Association for Computational Linguistics (IJCNLP-AACL 2025). It was
nominated for the Best Paper Award.

In Chapter 7, the findings of all papers are consolidated and discussed in the
face of the overarching research questions and desiderata introduced earlier. And
finally, the dissertation concludes with Chapter 8, distilling and emphasizing the
main insights, limitations, and avenues for future work.
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2.1 Introduction

According to Russell and Norvig (2020), to achieve human-like intelligence in
a computer system, it needs to have a number of different capabilities. Firstly,
it needs to be capable of natural language processing, i.e., the processing and
generation of human language. Secondly, it needs to be able to store and mean-
ingfully represent knowledge. Thirdly, it needs to be able to reason automatically
to answer questions and draw conclusions. And finally, it needs to be able
to adapt to new situations, to detect and generalize patterns through machine
learning. The four conditions mentioned by Russel and Norvig are helpful to
cluster some of the ongoing efforts of researchers and developers in the field.
This thesis critically examines, in particular, natural language and knowledge
representation. Note, however, that language, knowledge, and learning are assumed
to be interconnected: For an AI system to generate meaningful language, it must
accurately incorporate some representation of knowledge. The mechanism by
which the rules and patterns of language, as well as the contents of knowledge are
captured, is commonly referred to as learning (Russell and Norvig, 2020). Note that
this reflects the understanding, based on which AI systems are commonly designed.
A more critical philosophical reflection of knowledge is presented in Chapter 3.

In the following, the most important approaches to modeling these capabilities
are presented. As modern language models are usually based on some variant of
an artificial neural network, Section 2.2 presents essential background knowledge
related to this concept, and introduces the idea of learning in machines. This is
followed by an overview of significant milestones in the historical development
of language models, in Section 2.3. Another technological concept investigated
in this thesis is that of the knowledge graph, which is introduced in Section 2.4.
All of the works presented in this dissertation provide some form of critical
analysis of these technological approaches with a focus on algorithmic bias. Thus,
Section 2.5 gives an in-depth account of definitions of algorithmic bias, its harms,
measurement, and potential remedies.

2.2 Artificial Neural Networks

Artificial neural networks (ANNs) ormultilayer perceptions (MLPs) are an important
foundation for many of the approaches discussed throughout this Chapter as well
as this thesis in general. Not only are modern language models implemented as
neural networks, but also knowledge graphs are often embedded via respective
approaches. Thus, we will firstly have a closer look at the definition of a neural
network, how it is optimized, and what types of learning paradigms exist.

2.2.1 Definition

A neural network consists of multiple, simple functions which are combined
such as to allow the modeling of complex, non-linear relationships within some
data. The most basic "computational unit" here is commonly referred to as a
neuron (Jurafsky and Martin, 2025). The core of such a neuron is given by the
following weighted sum:
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𝑧 = 𝑏 + Σ𝑖𝑤𝑖𝑥𝑖, (2.1)

where 𝑏 is a bias term, 𝑥1, 𝑥2, ..., 𝑥𝑛 are the inputs, and 𝑤1, 𝑤2, ..., 𝑤𝑛 are as-
sociated weights. This function is usually represented in vector notation, as
the dot product:

𝑧 = w ⋅ x + 𝑏, (2.2)

where 𝑧 is a real-valued number, w is a weight vector, x is an input vector,
and 𝑏 is a scalar bias (Jurafsky and Martin, 2025). In order to allow the stacking of
many functions to model complex relationships, non-linear activation functions
are applied (Goodfellow et al., 2016). Given an activation function 𝜎, the output
of a neuron is thus:

𝑦̂ = 𝜎(𝑧). (2.3)

Commonly used activation functions are, for instance, the sigmoid function,
the tanh function, or rectified linear units (ReLU) (Agarap, 2018) (Jurafsky and
Martin, 2025). An activation function has to be differentiable, since neural learning
algorithms rely on gradients. Other than that, different activation functions come
with different up- and downsides. For example, sigmoid and tanh nicely squash
values within certain value ranges. However, their derivatives can get very close
to 0, which causes instabilities in neural network training (see Section 2.2.2).

Neurons are commonly arranged in layers. In a feedforward network, the
outputs of one layer are fed as input to the next and the neurons between layers
are fully connected (Goodfellow et al., 2016). The first layer is called the input layer,
the final layer is called the output layer, and all of the layers in-between are referred
to as hidden layers. The number of neurons per layer, as well as the amount of
layers in total are design decisions. To allow the modeling of complex functions it
is beneficial to use deep neural networks with a large amount of layers and weights.

A neural network (with at least one hidden layer and a nonlinear activation
function) is a universal function approximator (Hornik et al., 1989). This means it
can model any function 𝑓

∗ that maps an input 𝑥 to an output 𝑦: 𝑦 = 𝑓
∗
(𝑥). The

exact mapping defined by the neural network is 𝑦 = 𝑓 (𝑥; 𝜃), with 𝜃 representing
a set of learnable parameters, i.e., the weights and biases, that are optimized to
achieve the closest possible approximation result (Goodfellow et al., 2016).

2.2.2 Optimization

In order to approximate 𝑓 ∗
(𝑥) through 𝑓 (𝑥; 𝜃), the parameters 𝜃 of the network

need to be adjusted. This is done with the help of training data and a learning
algorithm (Goodfellow et al., 2016). The general idea is to present examples from
the training data which consist of an exemplary input and an associated known
output value–also called the target label. These labels are commonly human-
or machine-annotated. Other synonyms are "ground truth" and "gold standard".
However, since such labels are "neither objective nor necessarily representative
of reality" (Paullada et al., 2021, p. 2), these synonyms are potentially misleading
and the term target label is, hence, preferred.
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The optimization processes consists in adjusting the weights and biases of
a network such that its output, i.e., the predicted label, is as close as possible to
the target label. The distance between the predicted label and the target label
is determined via a loss function (also called cost function). The exact function
is a matter of design choice depending on the data and task at hand. Common
examples are themean squared error (MSE) for regression tasks or the cross-entropy
metric for classification tasks (Mao et al., 2023). Based on the calculated loss, the
parameter weights are to be adjusted. In practice, however, it is intractable to
exactly calculate the correct weights. Instead, some form of gradient descent
(explained below) is used to find approximations. Due to the non-linearity within
neural networks, most loss functions are nonconvex. That means, mapping out
all possible parameter values spatially results in a hilly landscape of possible error
values with several local minima, making convergence toward a global minimum
error a challenge (Goodfellow et al., 2016).

The algorithm used to compute the gradients for the weight updates in a
neural network is the backpropagation algorithm. During backpropagation, the
gradient of the loss function with regards to the model parameters is computed
and propagated backwards through each layer of the network, applying the chain
rule. The chain rule states that for a real number 𝑥 , functions 𝑓 and 𝑔 (that map
from real numbers to real numbers), and given 𝑦 = 𝑔(𝑥) and 𝑧 = 𝑓 (𝑔(𝑥)) = 𝑓 (𝑦),
the gradient is (Goodfellow et al., 2016):

𝑑𝑧

𝑑𝑥

=

𝑑𝑧

𝑑𝑦

𝑑𝑦

𝑑𝑥

. (2.4)

This rule generalizes to vectors and tensors, allowing for the error gradient to
be back-propagated through a chain of multiplications. This process is applied
iteratively to shift the weights towards some optimum. In gradient descent, these
updates are based on an average of the whole training dataset. In stochastic
gradient descent, the updates are made on the basis of individual or small batches
of samples at each iteration (Amari, 1993; Masters and Luschi, 2018). This causes
more erratic changes but requires less memory, which is favorable given the
vast amounts of data modern LMs are trained on. The process terminates at
a pre-defined stopping criterion (e.g., a lack of improvement of the loss). Due
to the non-convexity issue, there is no guarantee that this process will lead to
a global optimum (Goodfellow et al., 2016). However, different strategies exist
in the hopes to increase the likelihood (e.g., by introducing momentum to the
gradient updates (Rumelhart et al., 1986)).

2.2.3 Learning Paradigms

Artificial neural networks are trained via different learning algorithms depending
on data and task at hand, which may be coarsely categorized into supervised
and unsupervised methods. Learning from labels as described in Section 2.2.2
is referred to as supervised learning. Its purpose is to learn how a predicted
value depends on an input value. That is, a supervised learning algorithm models
𝑝(𝑦|𝑥) for a random vector 𝑥 and an associated value or vector 𝑦 (Goodfellow
et al., 2016). Examples for such a task setting are classification and regression.
Unsupervised methods do not utilize such labels or associated value pairs and
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instead aim at modeling the structure of a dataset, i.e., probability distribution
𝑝(𝑥) for a random vector 𝑥 (Goodfellow et al., 2016). Examples are clustering or
factor analysis, where the goal is to find features, commonalities, and differences
within the dataset in a bottom-up way. Formally, supervised and unsupervised
methods can be expressed as the respective other (Goodfellow et al., 2016). Hence,
the gradient-based optimization process through backpropagation as described
earlier is analogous for both types of methods.

Another type of learning paradigm is reinforcement learning. Its logic is quite
different from supervised and unsupervised methods as it is conceptualized on
the assumption of a learning agent in an environment in which it can perform
certain actions (Sutton and Barto, 2018). The environment has different states
which the agent perceives and manipulates through its actions. The goal of the
learning process is to optimize a so-called policy which determines the agent’s
action at any given state. Each action determined by the policy is evaluated
and rewarded (or punished) through a reward signal and the agents only goal
is to maximize its reward (Sutton and Barto, 2018). A typical domain in which
reinforcement learning has received much attention in the past is robotics (Wang
et al., 2020). However, in recent years, it has also been playing a larger role in
NLP and language modeling, in particular (Ouyang et al., 2022).

2.3 Language Modeling

This section describes the foundational definitions and principles of language
modeling. It gives an historic overview of the development of language modeling
approaches from n-grams to vectorized, neural, and contextualized representations.
This section also describes the transformer architecture, a special neural network
architecture that was introduced in the context of machine translation and is
nowadays used in a plethora of domains and modalities. Finally, large language
models are characterized, as well as related approaches around human preference
alignment and factual (in-)accuracy. The aim of this section is to provide an
understanding of the strengths and weaknesses of modern language models.

2.3.1 Definition

A language model is defined by the task which it solves. This task is to predict the
next word 𝑤𝑡+1 out of a predefined vocabulary 𝑉 , given a sequence of preceding
words. So formally, a language model models the probability 𝑃(𝑤𝑡+1|𝑤𝑡 , ..., 𝑤1).
In doing so, it assigns probabilities to word sequences. Let 𝑤1, ..., 𝑤𝑇 be a word
sequence, then its probability is defined as (Bengio et al., 2003; Jurafsky and
Martin, 2025):

𝑃(𝑤1, ..., 𝑤𝑇 ) =

𝑇

∏

𝑡=1

𝑃(𝑤𝑡 |𝑤𝑡−1, ..., 𝑤1). (2.5)
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2.3.2 Vector-Based Modeling

Computing the probability in Equation 2.5 for long sequences of text would be
prohibitively expensive. So, the simplest way to approximate 𝑃(𝑤𝑡+1|𝑤𝑡 , ..., 𝑤1) is
through an n-grammodel. Justified by the Markov assumption, i.e., the assumption
that a future state depends only on the current state and not past states, instead
of looking at all preceding words in a sequence, the n-gram model only considers
words up to a predefined horizon of 𝑛−1 preceding words: 𝑃(𝑤𝑡+1|𝑤𝑡 , ..., 𝑤𝑡−𝑛) (Ju-
rafsky and Martin, 2025). The parameters of the n-gram model can be estimated
through maximum likelihood estimation (MLE), by computing the ratio of the
observed frequency of a sequence to the observed frequency of a prefix. For
example, for a bi-gram model (n-gram with horizon 𝑛 = 2), the MLE function
is defined as

𝑃(𝑤𝑡+1|𝑤𝑡) =

𝐶(𝑤𝑡𝑤𝑡+1)

𝐶(𝑤𝑡)

, (2.6)

where 𝐶 denotes a frequency count (Jurafsky and Martin, 2025). In practice, this
approach is still costly to train since the number of parameters that need fitting
grows exponentially with 𝑛 (Bengio et al., 2003). This curse of dimensionality yields
enormous data requirements, restricting the practicability of modeling long range
dependencies. Moreover, data sparsity can become a hindrance to the effectiveness
of n-gram modeling (Jurafsky and Martin, 2025). That is, most word combinations
appear rarely. So, assigning each n-gram a unique representation is inefficient.
Instead, it would make sense to leverage commonalities between similar words.
This is where the idea of vectorized word representations comes in.

Word Representations and Sequence Modeling

Bengio et al. (2003) suggested to re-conceptualize the language modeling task
as consisting of two subtasks: firstly, the creation of word representations and,
secondly, the prediction of next words based on these representations.

One key idea towards rich and efficient word representations is that of the
vectorized or distributed representation. The so-called distributional hypothesis
suggests that words with similar meanings are distributed similarly, i.e., co-occur
frequently within sentences or documents (Harris, 1954). Hence, words may be
represented as vectors such that the vectors of closely associated words are close to
each other and vice versa. In practice, a big leap towards such word presentations
was facilitated through the word2vec tool1 by Mikolov et al. (2013). It implements
two kinds of algorithms: Continuous Bag-of-Words, which predicts a missing
word from its given context, and Skip-gram, which predicts the context based on
a given word. Another key element of word2vec is the large scale of the training
corpus, which presents words in a multitude of exemplary contexts.

As for the modeling of sequences, different types of neural network archi-
tectures have been proposed. A classic example is the recurrent neural network
(RNN) (Rumelhart et al., 1986). RNNs utilize recurrent connections, such that the
previous output that was generated based on one input feature 𝑥𝑡 (at timestep 𝑡)

1. https://code.google.com/archive/p/word2vec/ (accessed
: June 20, 2025)

https://code.google.com/archive/p/word2vec/
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is fed back into the model together with the next input feature 𝑥𝑡+1. The model
weights are shared over time to allow the sequential processing of one input in
dependence of the previous (Goodfellow et al., 2016).

Encoder-Decoder Models

Sequence-to-sequence modeling tasks, such as machine translation had previously
been approached with RNN-based encoder-decoder systems (Cho et al., 2014;
Sutskever et al., 2014). The core idea of encoder-decoder architectures is to project
an input into a latent space to create an abstract representation of it (encoder) and to
project from this latent representation to the output space (decoder). In the context
of sequence modeling, it allows to jointly model the conditional distribution of a
sequence on another sequence. For instance, two RNN networks can be combined,
one specialized as an encoder and the other as a decoder. The encoder passes
sequentially through the input to compute a fixed-sized vector representation, a
context vector 𝑐. The decoder predicts the next word based on this context vector,
as well as the past hidden state and its own previous generation (Cho et al., 2014).
This principle of generating outputs and then feeding it back to the model to
inform the next generated output is called auto-regression.

Attention

One major limitation of RNN-based sequence-to-sequence modeling is that the
fixed-sized encodings are not suitable for the stable representation of long-range
dependencies. This can be alleviated by introducing an attention mechanism (Bah-
danau et al., 2014). At each output position 𝑡, a different context vector 𝑐𝑡 is
provided (as opposed to one single context vector 𝑐 across the whole process).
This position-specific vector is weighted such that all input sequence elements are
emphasized or de-emphasized according on their relevance to 𝑡. The weighting is
learned. An important effect of this is that the order of the sequence becomes less
important and information is more freely shared across all positions (Bahdanau
et al., 2014). Vaswani et al. (2017) leveraged this property and introduced an
architecture that is fully based on attention and does not utilize any recurrence
mechanism. By removing sequentiality from the equation, the input is now pro-
cessed as a whole. Modeling relationships between words solely based on attention
gives a new quality to the resulting word representations. That is, they become
contextualized. With word2vec, a word can only have one static representation,
independent of its current context and position. However, with a transformer
model, a single word can have many different representations, depending on
its current context and position. This creates a great advantage over previous
approaches in that the resulting representations are much more semantically rich
(the fruit "apple" can now be distinguished from the brand "Apple").

To summarize, not only do transformers facilitate more efficient modeling of
long sequences but also greatly improve the richness of word representations.
With this, they present advancements regarding both of the subtasks of language
modeling identified by Bengio et al. (2003).
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2.3.3 The Transformer Architecture

The traditional transformer architecture introduced by Vaswani et al. (2017) also
followed an encoder-decoder structure (see Figure 2.1) andwas introduced as a new
approach to the machine translation task. As mentioned before, the model does not
rely on recurrence and instead is build upon the attention mechanism. The encoder
encodes an entire sequence of a fixed length in at once and the decoder generates
outputs in an auto-regressive manner. Since the encoding does not happen in
sequential manner, sequential information is added through dedicated positional
encodings. The original transformer consists of six encoder and six decoder layers.

Figure 2.1: Schematic overview of the Transformer encoder-decoder architecture. Visual-
ization designed after Vaswani et al. (2017) and taken from Kraft (2021).

The core element of the transformer is the use of self-attention, which allows
to encode each single word in dependence to its current context. It maps queries
(which information to access) and key-value pairs (indexed content information)
through a dot-product and does so in parallel for the whole sequence. Given a
query matrix 𝑄, key matrix 𝐾 , value matrix 𝑉 , and dimensionality 𝑑𝑘 the self-
attention function is defined as follows:

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉 ) = 𝑠𝑜𝑓 𝑡𝑚𝑎𝑥
(

𝑄𝐾
𝑇

√

𝑑𝑘
)
𝑉 (2.7)

𝑄, 𝐾 , and 𝑉 are learned projection matrices. The traditional transformer model
utilized eight different sets of matrices, or attention heads, that are differently
initialized. This is to introduce multi-head attention, where the different heads
specialize on representing different semantic aspects (see Figure 2.1, a.). Multi-head
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attention is uses throughout the encoder and decoder, with a minor difference:
To facilitate auto-regressive behavior, the decoder self-attention mechanism only
attends to previous positions and masks the following positions (see Figure 2.1, b.).
The decoder’s generations are also conditioned on the encoder output through
multi-head attention. That is, the decoder queries key-value pairs from the encoder.
The decoder stack is connected to a linear layer which outputs a logits vector as
long as themodel’s vocabulary. Applying softmax to this vector yields a probability
distribution across all tokens in the vocabulary, of which the most likely of one of
the most likely tokens can be sampled as the next token (Vaswani et al., 2017).

2.3.4 Large Language Models

The introduction of the transformer architecture gave rise to an ongoing surge
of so-called large language models (LLMs). They are large in their number of
trainable parameters as well as the data sets they are trained on. Note that what
is considered a large language model is not coherently defined throughout the
NLP community. Its understanding has also been changing over course of the
doctoral research endeavors presented in this thesis. While BERT (Devlin et al.,
2019) was commonly considered an LLM in 2021, it now is often regarded as
a simple language model (LM). Yet, throughout this thesis, I will include older
and comparably smaller models such as BERT and RoBERTa (Liu et al., 2019) in
my working definition of LLMs. I justify this choice by the observation that the
practice of training transformer architectures for language modeling with highly-
parameterized models and on web-scale corpora generally constituted a bigger
technological leap than the steady increase in scale ever since. As opposed to the
original transformer model which implemented an encoder-decoder architecture,
most LLMs nowadays are based on either only encoder or only decoder layers (Liu
et al., 2019).

Encoder-Only Models

BERT (Pre-training of Deep Bidirectional Transformers for Language Understand-
ing) (Devlin et al., 2019) was the first large-scale transformer model that was pre-
trained on a web-scale corpus of text with the purpose of achieving semantically
rich, contextualized word embeddings that could be used for different types of
downstream tasks. The input to LLMs like BERT has to firstly be tokenized, i.e.,
sentences have to be translated into a quantified representation. As discussed
before, utilizing commonalities between words is a fruitful way to reduce sparsity
in vocabularies. BERT, hence, utilizes a subword-level tokenization strategy,
WordPiece. Strictly speaking, BERT was not built with the purpose of solving
the language modeling task. However, the paradigm used to obtain the word
embeddings happens to be a combination of variants of the language modeling
task, i.e., masked language modeling (MLM) and next sentence prediction (NSP).
The MLM task applies a random masking of tokens in the input sentence which
are then to be predicted by the model considering the input in both directions
of the mask. In the NSP, the model is provided two concatenated sentences or
segments, where right second one is either a true successor or not. The model
has to identify whether or not one or the other is the case. The authors published
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two architectures similar to the encoder part of the original transformer but with
double and quadruple the amount of layers, more free parameters per feedforward
network, and more attention heads.

RoBERTa builds on BERT but uses a slightly reworked MLM objective with a
dynamicmasking algorithm and discards the NSP objective. Additionally, it utilizes
an improved tokenization approach which exaggerates the subword principle even
more. Byte-pair encoding (BPE) bases the vocabulary on bytes, which allows to
store bigger vocabularies. Most importantly, however, the model was trained on
a significantly bigger dataset and for more iterations (Liu et al., 2019).

Decoder-Only Models

Decoder-only LLMs are closely conceptualized around the next-word-prediction
task and are more commonly designated as generative language models.2 They
are used to generate continuations or answers to a given input or prompt. As
mentioned in Section 2.3.3, the final output of the decoder layer is a distribution
of probabilities across the whole token vocabulary. Generating an output thus
entails sampling the or one of the most likely next tokens from this vocabulary.

Even without the encoder part, generative language models have been found to
capture rich word semantics through the uni-directional auto-regressive learning
paradigm. Mainly due to a steady increase in dataset and model size, LLMs have
been becoming more and more capable. This trend can, e.g., be observed at the
example of the GPT (Generative Pretrained Transformer) series (Radford et al.,
2018; Radford et al., 2019; Brown et al., 2020; OpenAI, 2023). Over time, these
models grew in size (number of layers and nodes), allowed for longer context
windows (due to optimized attention mechanisms and positional encodings), were
trained on increasing amounts and more specialized training data, and were
optimized regarding their tokenization strategies.

At this point, the focus of innovations in the area of language modeling is
far beyond optimizing the generation of plausible word sequences. LLMs have
become so-called general-purpose AI in that they can be used for all sorts of
problem scenarios and domains (see, e.g., Llama 4,3 GPT-5,4 Claude.5) They are
also often framed as foundation models because they encode vast linguistic and
world knowledge and, hence, provide reusable foundations for a plethora of
specialized AI systems. Such models can be used via zero- and few-shot prompting,
where the LM is instructed to solve a task for which it was previously not trained.
In a few-shot setting, the prompt includes a task instruction and a couple of labeled
examples to demonstrate the correct solution strategy (Brown et al., 2020; Luo
et al., 2023). In zero-shot prompting, the model is given the instruction, but no
examples (Radford et al., 2019; Socher et al., 2013).

2. In the public discourse, generative large language models like GPT-4 or DeepSeek-R1 are also
often dubbed generative AI even though they only exemplify one kind of generative AI, strictly
speaking.

3. https://www.llama.com/models/llama-4/
4. https://openai.com/gpt-5/
5. https://claude.com/product/overview

https://www.llama.com/models/llama-4/
https://openai.com/gpt-5/
https://claude.com/product/overview
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2.3.5 Human Preference Alignment and Reasoning

The leap from the type of language model that simply predicts the next word to
systems like ChatGPT which appear to be assistants and conversational partners
was to a large part facilitated by the principle of reinforcement learning from human
feedback (RLHF). Ouyang et al. (2022) were the first to utilize this approach with
the goal of aligning LLMs to user preferences, i.e., to make them helpful, honest,
and harmless. More recently, another substantial improvement in the assistive
capacities of LLMs was achieved through the so-called reasoning paradigm. In
the following, RLHF and reasoning are explained in more detail.

Reinforcement Learning from Human Feedback

The RLHF procedure is commonly applied to a pre-trained language model with
good text generation performance. The first step is then supervised finetuning: A
pre-trained language model–GPT-3 in the case of Ouyang et al. (2022)–is finetuned
in a supervised manner, on a dataset comprised of conversation-style examples;
with pairs of input prompts and desired answers as the target. This is to introduce
respective linguistic patterns to the model. This process is also termed instruction
tuning and its effect is best illustrated with an example; see Table 2.1. Steps two and
three then introduce a reinforcement learning-based finetuning to the language
model. To this end, a reward model is trained in step two. Again example prompts
are paired with desired responses. Only this time, multiple potential answers
are ranked by a group of annotators, from best to worst. The reward model is a
neural network trained to predict a human preference rating from this ranking
data (Kaufmann et al., 2024). In the third and final step, a policy is trained with the
help of the reward model. Ouyang et al. (2022) initialize the policy itself with the
given pre-trained language model. All layers except the output layer are frozen
such that only the latter is updated. Finally, the training objective is based on
the Kullback–Leibler divergence (KL divergence; measures the difference between
two probability distributions over the same random variable) between this policy
and the initial language model. The purpose of this is to converge towards a
compromise between the optimal policy and the good linguistic capabilities that
the pre-trained model carries.

Note that instruction tuning (step one) is a procedure that can be applied
in isolation to RLHF (Wei et al., 2021). Conversely, RLHF also works without
instruction tuning as long as the basic language model has been trained on a
sufficiently diverse linguistic basis.

Overall, RLHF has improved the interactive experience of LLMs by allowing
LLMs to generate responses that emulate instruction-following and conversa-
tional turn-taking (Ouyang et al., 2022). By now, more efficient variants of the
initial method have been proposed. For instance, Rafailov et al. (2023) developed
the direct preference optimization approach, which facilitates human preference
alignment without relying on reinforcement learning. This method was used by
Meta to train Llama 3 and Llama 4. Tuning for human preferences also poses a
number of unique challenges, such as making sense of annotators’ biases and
positionality, or handling erroneous feedback due to malicious intents or a lack
of understanding (Casper et al., 2023).
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Prompt Explain the moon landing to a 6 year old in a few sentences.

Completions

GPT-3 Explain the theory of gravity to a 6 year old.
Explain the theory of relativity to a 6 year old in a few sentences.
Explain the big bang theory to a 6 year old.
Explain evolution to a 6 year old.

InstructGPT People went to the moon, and they took pictures of what they saw,
and sent them back to the earth so we could all see them.

Table 2.1: Example from OpenAI (https://openai.com/research/instruction-following;
accessed: June 30, 2025) showcasing the effect of LM finetuning with conversation-style
data.

Chain-of-Thought Prompting and Large Reasoning Models

Wei et al. (2022a) introduced the chain-of-thought (CoT) prompting method, which
supposedly elicits "reasoning abilities" in "sufficiently large language models" (p.
1). A CoT prompt is a few-shot prompt, composed of an example task-response
pair and an open task for the model to respond to, whereas the example and open
tasks are related. The example response demonstrates how a task similar to the
open task would be broken down into smaller problems, to facilitate a step-by-step
problem solution. An example used by Wei et al. (2022a) is given in Table 2.2.
Kojima et al. (2022) found that this principle also works in a zero-shot setting.
Instead of an example task-response pair, the authors append the sentence "Let’s
think step by step" to the prompt (see Table 2.3). These techniques were found
to improve performance on more complex tasks, such as mathematical problem
solving as measured by the GSM8K benchmark (Cobbe et al., 2021). A newer type
of LLM, often referred to as large reasoning model (LRM), is trained to perform
CoT per default. To this end, a conventional pre-trained LLM is further trained
to generate reasoning steps before the final output. These reasoning steps are
refined through reinforcement learning, for instance, by judging the concrete line
of reasoning with human feedback (Lightman et al., 2024) or by judging only the
correctness of the final response DeepSeek-AI (2025).

2.3.6 The Factual Inaccuracy Problem

One major limitation of text generation with LLMs is their inherent tendency to
produce outputs that appear plausible but are factually incorrect. This matter
is oftentimes dubbed as hallucination as some perceive it to be comparable to
the psychological phenomenon of "an unreal perception that feels real" (Ji et al.,
2023, p. 248:3). Other scholars argue that this denomination is distracting from
the actually statistical nature of the issue and contributing to a problematic
anthropomorphism (Shanahan, 2024; Bender and Hanna, 2025). Hence, this
thesis defaults to notions such as factual inaccuracy or factual infidelity unless
it references accounts by other authors.

Based on empirical observations, Li et al. (2024) distinguish different classes
of inaccuracies: Entity-error hallucinations are errors in which the wrong entity

https://openai.com/research/instruction-following
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Prompt

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

Completion

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6 = 9. The
answer is 9.

Table 2.2: Example of chain-of-thought prompting from Wei et al. (2022a).

Prompt

Q: A juggler can juggle 16 balls. Half of the balls are
golf balls, and half of the golf balls are blue.
How many blue golf balls are there?

A: Let’s think step by step.

Completion

There are 16 balls in total. Half of the balls are golf
balls. That means that there are 8 golf balls. Half of
the golf balls are blue. That means that there are
4 blue golf balls.

Table 2.3: Example of zero-shot chain-of-thought prompting from Kojima et al. (2022).

(person, date, location, etc.) is mentioned in the given context. Relation-error
hallucinations refers to faulty descriptions of the relationship between entities.
Incompleteness hallucinations describes the issue incomplete responses to user
prompts, e.g., when asked for aggregated facts. Outdatedness hallucinations
relate to statements that were accurate in the past but not anymore. Overclaim
hallucinations refer to statements that are partly factual and partly confabulated.
Unverifiability hallucinations are given when statements are not verifiable.

This very broad list of errors and inaccuracies already indicates that there is
no narrow definition of the concept. Reddy et al. (2024), for example, also consider
algorithmic bias to be a form of hallucination. Hence, the presumed causes for these
errors are equally manifold. Ji et al. (2023) discuss factors related to data, training,
and inference. The data collected might, for instance, contain inappropriate
evidence documents or the dataset might simply be linguistically very diverse
("chit-chat style") and introduce overclaims that way. As for the training, it
might be affected by an imperfect encoder model that yields faulty representation
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learning. Similarly, the decoder could be faulty and, for example, attend to the
wrong input aspects or draw from false semantic associations. Or, the decoding
strategy could be parameterized such that diverse text generations are favored (to
get more "creative" texts). This also increases erroneous statements. Moreover,
the trained model might be prompted for examples that are very different from
its training data. If the prompt is tapping into a "knowledge gap region of the
model" (Agrawal et al., 2024, p. 3947), it produces any token that is likely to
follow given what it has been exposed to during training. And finally, there are
often inconsistencies between the knowledge stored in the model parameters
versus the provided input during inference, in which cases models tend to default
to their parametric knowledge (Ji et al., 2023). Reasons mentioned by Reddy et
al. (2024) include data biases, the limited ability of a LLM to consider wider contexts,
ambiguous prompts, adversarial attacks, overfit models, as well as aspects of the
model architecture (e.g., larger models are assumed to cause more hallucinations).

There are a range of different mitigation approaches which can coarsely be
grouped into prompt engineering-based or model development-based (Tonmoy
et al., 2024). Generally, the idea of enhancing the model input or model itself with
information from an external knowledge base has been considered promising.
More details are discussed in Section 2.4.4 after firstly introducing the concept
of knowledge graphs in the following paragraphs.

2.3.7 Note on AI and Knowing

There are a few things to note regarding the issue of knowing in the context
of AI, and language models in particular. Scholarly articles concerned with the
knowledge represented within language models, happen to be generally vague
and inconsistent regarding their underlying conceptualization of knowledge, e.g.,
whether or not (a) a language model contains knowledge, i.e., stores content that
qualifies as knowledge or (b) a language model knows, i.e., is itself a knowing
entity. A study by Fierro et al. (2024) showed that this inconsistency generalizes
across the field of NLP. The authors compared the knowledge concepts implied
or explicated within NLP publications with the most common definitions found
in the epistemological literature. The authors also conducted a questionnaire
study with circa 100 philosophers and computer scientists on the topic. Regarding
the question whether or not LLMs do know (as of now), 54% of the philosophers
disagreed and 11% agreed. In contrast, 31% of the computer scientists disagreed and
34% agreed. Regarding the question whether or not LLMs can know (in theory),
33% of the philosophers disagreed and 24% agreed, and 21% of the computer
scientists disagreed and 55% agreed. While there is a certain level of division
within both disciplines, computer scientists were shown to be generally more
optimistic regarding language models’ existing or theoretical ability to know.

That said, attributing language models the capacity to know, has been criticized
as being harmfully anthropomorphizing. It feeds into a narrative that portrays AI
as being on the verge to become intelligent in ways similar to humans or better.
This has individuals in fear or excitement over scenarios, that are completely
hypothetical at this point. Seeing as to how AI research and the economy around
it is highly influenced by the money and agendas of Big Tech and how some
of the mythology around AI is granting Big Tech much attention and political
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justification, there is reason to assume that anthropomorphism is a marketing
ploy (Bender and Hanna, 2025). For this reason, this thesis deliberately does not
attribute knowing to AI. The term artificial intelligence itself is used for it being an
established identifier used by critics and supporters alike, and clearly demarcates
not only the technology but also all the discourse that is attached to it. This
discourse is relevant to the research presented in this thesis.

2.4 Knowledge Graphs

As mentioned in the introduction to this Chapter, an important pillar of AI is the
storage and processing of knowledge. While certain knowledge can be stored
implicitly in the parameters of a neural network-based model, other types of
knowledge is evidently hard to encode this way, leading to persistent factual
inaccuracies Reddy et al. (2024). Knowledge graphs, on the other hand, are
designed to precisely store knowledge in an explicit, machine-readable structure.
They serve as an important building block of the Semantic Web, as well as a
range of knowledge-driven NLP technologies. Moreover, there are a range of
approaches, pursuing the idea of knowledge-enhanced language modeling, that
combine knowledge graphs and language models in order to leverage each of their
strengths. The following sections give an overview of the basic definition and
typical characteristics of knowledge graphs in general, the concrete knowledge
graph Wikidata, and knowledge-enhanced language modeling.

2.4.1 Definition

The modern concept of a knowledge graph was inspired by the Google Knowledge
Graph in 20126 and the subsequent development of industrial KGs by several
other big technology companies (Hogan et al., 2021b). Different definitions of
a knowledge graph exist. However, this thesis works with one of the most
cited definitions which was given by Hogan et al. (2021b). The authors define
a knowledge graph as:

[...] a graph of data intended to accumulate and convey knowledge of
the real world, whose nodes represent entities of interest and whose
edges represent potentially different relations between these entities.

As such, a KG employs a graph-based data model to capture "word knowledge"
at large scale. The authors continue by defining knowledge based on an account
by Nonaka and Takeuchi (1995) as explicit knowledge, "i.e., something that is known
and can be written down" (Hogan et al., 2021bp. XX:3). They further characterize
knowledge as something that can be expressed in quantified or unquantified
statements, such as "Santiago is the capital of Chile" and "all capitals are cities"
which has implications regarding the structure of knowledge graphs. While the
first example can be easily represented, quantified statements require ontologies
to handle complexity.

6. https://blog.google/products/search/introducing-knowledge-graph-things-not/ (accessed:
June 27, 2025)

https://blog.google/products/search/introducing-knowledge-graph-things-not/
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Figure 2.2: Example of a knowledge graph.

2.4.2 Multi-Relational Graphs

KGs can employ different types of data graphs. The most popular type, however,
is the directed edge-labeled graph or multi-relational graph. It is defined as a tuple
𝐺 = (𝑉 , 𝐸, 𝐿), where 𝑉 is a set of nodes nodes that represent entities (e.g., Japan,
human, etc.), 𝐿 is a set of edge labels, and 𝐸 ⊆ 𝑉 × 𝐿 × 𝑉 is a set of edges that
each connect two entities (Sayaka Murata→occupation→writer) (Hogan et al.,
2021a). For an examplary knowledge graph, see Figure 2.2. This structure brings
several benefits in comparison to standard relational models or hierarchically
structured data models, like XML or JSON, in that its schema does not need to be
predefined, entities need not be hierarchically structured, and cyclic relationships
are allowed (Hogan et al., 2021a).

An influential standard for the multi-relational graph model is the Resource
Description Framework (RDF)7 which was proposed by the World Wide Web
Consortium (W3C). An RDF graph is defined as a set of [subject; predicate; object]
triples. Nodes can be an Internationalized Resource Identifier (IRI), a literal, or a
blank node. According to W3C, the IRI concept is a generalization of the Uniform
Resource Identifier (URI) concept in that it permits a greater range of Unicode
characters. An IRI is a globally-unique identifier for a node or edge label and helps
reduce the risk of ambiguities and name clashes when a KG is extended with data
from an external source (Hogan et al., 2021a). Literals are used to represent string,
number, and date values. Blank nodes are distinct from IRIs and literals and may
be used to represent an entity in a non-persistent, uniquely identifiable way.

7. https://www.w3.org/TR/rdf11-concepts/ (accessed: June 27, 2025)

https://www.w3.org/TR/rdf11-concepts/
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2.4.3 Wikidata

The example in Figure 2.2 is based on entries in Wikidata, one of the largest and
most influential public knowledge graphs. It was introduced by the Wikimedia
Foundation in 2012 as a sister project to Wikipedia and contains the same kind
of encyclopedic knowledge. It was developed in response to the difficulties in
accessing specific pieces of information within the web encyclopedia’s millions
of articles in hundreds of languages (Vrandečić and Krötzsch, 2014). To date,
Wikidata comprises roughly 1.68 billion triples8 and is continuously growing. It
has been found to grow faster than English Wikipedia.9 The data and schema of
Wikidata are openly edited by a community of users and bots (Piscopo et al., 2017).
As of May 2025, there were more than 13 thousand active editors.10, 11 Their levels
of leadership and activity in the community differs strongly. Only a small group
take on leading responsibilities, e.g., involving improvements to the ontology, and
those generally tend to be early community members (Piscopo and Simperl, 2018).

Wikidata allows to represent conflicting information in parallel and contains
information in different languages within one coherent graph (as opposed to
individual sites as is the case for Wikipedia) (Vrandečić and Krötzsch, 2014).
Currently, labels, aliases, entity descriptions in more than 350 languages are
available (Cantallops et al., 2019). Finally, all data stored in Wikidata are openly ac-
cessible under a Creative Commons CC0 License,12 e.g., as an RDF graph (Erxleben
et al., 2014) or a JSON dump.

Even though its community has developed a number of quality measures,
such as the use of references to support claims stored in the data graph (Piscopo
et al., 2017; Vrandečić and Krötzsch, 2014), the crowdsourced and open nature also
introduces problems. For instance, the ontology has been found to be "messy",
i.e., incoherent (Piscopo and Simperl, 2018). Wikidata has no strict pre-defined
taxonomy which allows for great flexibility (Hogan et al., 2021a) and, in practice,
hierarchies are represented through subclass relationships. However, it has been
found that the use of classifications and representation of hierarchical relationships
is often inadequate (Brasileiro et al., 2016). Another frequently observed issue
is vandalism (Heindorf et al., 2019). Nevertheless, its scale, frequent updates,
multilinguality, and accessibility render Wikidata an important data resource for
NLP research and language modeling, in particular (Cantallops et al., 2019).

2.4.4 Knowledge-Enhanced Language Modeling

Knowledge-enhanced language modeling describes a family of approaches that
leverages external knowledge resources to improve language models. Such knowl-

8. https://grafana.wikimedia.org/d/000000175/wikidata-datamodel-statements?orgId=1&refr
esh=30m&from=now-90d&to=now&timezone=browser (accessed: June 29, 2025)

9. https://meta.wikimedia.org/wiki/Data_dumps/Dumps_sizes_and_growth (accessed: June 29,
2025)
10. https://stats.wikimedia.org/#/wikidata.org/contributing/active-editors/normal|line|2-year|

(page_type)~content*non-content|monthly (accessed: June 29, 2025)
11. Active editors are defined as "registered, non-bot editors with five or more edits in a given

month, including on redirect pages." https://meta.wikimedia.org/wiki/Research:Wikistats_metrics/
Active_editors (accessed: June 29, 2025).
12. https://www.wikidata.org/wiki/Wikidata:Licensing (accessed: June 29, 2025)

https://grafana.wikimedia.org/d/000000175/wikidata-datamodel-statements?orgId=1&refresh=30m&from=now-90d&to=now&timezone=browser
https://grafana.wikimedia.org/d/000000175/wikidata-datamodel-statements?orgId=1&refresh=30m&from=now-90d&to=now&timezone=browser
https://meta.wikimedia.org/wiki/Data_dumps/Dumps_sizes_and_growth
https://stats.wikimedia.org/#/wikidata.org/contributing/active-editors/normal|line|2-year|(page_type)~content*non-content|monthly
https://stats.wikimedia.org/#/wikidata.org/contributing/active-editors/normal|line|2-year|(page_type)~content*non-content|monthly
https://meta.wikimedia.org/wiki/Research:Wikistats_metrics/Active_editors
https://meta.wikimedia.org/wiki/Research:Wikistats_metrics/Active_editors
https://www.wikidata.org/wiki/Wikidata:Licensing
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edge resources can be manifold, such as knowledge graphs (subgraphs or triples),
individual entity information, or textual information (e.g., from an encyclopedia
such as Wikipedia). Knowledge enhancement is seen as a possible remedy to the
factual inaccuracy problem (which, depending on the conceptualization might
be understood to include algorithmic bias (Reddy et al., 2024)).

Agrawal et al. (2024) distinguish between three types ofmethods: (1) knowledge-
aware inference, (2) knowledge-aware learning, and (3) knowledge-aware valida-
tion. Knowledge-aware inference procedure introduce external information from
knowledge graphs to the model input in order to expand the given context.

One type of knowledge-aware inference is KG-augmented retrieval: A direction
of research in this area that has gained a lot of attention in the past years is
retrieval augmented generation (RAG) (Lewis et al., 2020). Given a language model,
an external knowledge base, and an input prompt, RAG methods firstly perform
a matching between the input and the knowledge base to identify supporting
context. The latter is then combined with the input to create a contextually more
informative query which is then finally sent to the actual language model. Such
retrieval-based methods have been shown to improve especially smaller models.
Another method that has generally been found to alleviate factual inaccuracies to
some extend is the use of chain-of-thought (Wei et al., 2022b) or other prompts that
induce a step-by-step problem solution procedure. These were found to improve
the fidelity of larger models, in particular. Agrawal et al. (2024) point out that such
procedures can also be combined with knowledge graph retrieval. They dub this
type of knowledge-aware inference KG-augmented reasoning. Finally, external
knowledge sources can be utilized for knowledge-controlled generation by inducing
factual information retrieved, e.g., through SPARQL into the generated output.

As for knowledge-aware learning, different approaches for knowledge-aware
pre-training and knowledge-aware finetuning exist (Agrawal et al., 2024): Models
can, for instance, be simultaneously trained on unstructured text and facts ex-
tracted from knowledge graphs or finetuned on the latter, respectively. Another
way is to directly fuse language models with knowledge graphs, for example,
through fusion of features or embeddings (Yang et al., 2024a). These approaches
are of course more costly than adjustments to the inference procedure. Finally,
knowledge-aware validation employs mechanisms like a fact-checking module or
an explanation module to either improve or justify the generated output (Agrawal
et al., 2024). Again, this class of approaches is generally on the more cost-heavy
side. Based on a research trend analysis, Agrawal et al. (2024) conjecture that
inference-based approaches have been receiving the most attention in recent years.

2.5 Algorithmic Bias

One of the most publicly discussed cases of a biased machine learning system and
its real-world harms is that of the Correctional Offender Management Profiling
for Alternative Sanctions (COMPAS) algorithm, a system used by U.S. courts to
predict recidivism and inform the severity of a sentence. In 2016, journalists from
the investigative journalism platform ProPublica revealed that the system found
Black offenders to be more likely to re-offend than White offenders, while also
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having a higher prediction error rate for Black individuals.13 It became apparent
that the system was set up in such a way that it judged Black people more unfairly.
Furthermore, it was set up to contribute to a self-fulfilling prophecy; to a cycle of
longer prison sentences, unemployment, and consequent recidivism (O’Neil, 2016).
Friedman and Nissenbaum (1996) emphasize that the issues that arise with biased
systems are worsened by the ease with which they are disseminated in society.
Moreover, biased decision making algorithms reify previously implicit biases as
formalized rules which can further obfuscate the issue (Barocas and Selbst, 2016).
Hence, systems like COMPAS are what O’Neil (2016) considers to be "Weapons of
Math Destruction", which cause damage, through opaque mechanisms, at scale.

This thesis focuses on AI-driven knowledge technologies, which have become
omnipresent and, simultaneously, are highly opaque. What needs to be under-
stood is to which extend they may or may not be damaging, i.e., contributing to
knowledge-related injustice. To be able to evaluate this latter aspect, a deeper
understanding of algorithmic bias and related measures is firstly required. Hence,
the following sections give a detailed overview of common definitions and causes
of algorithmic bias, as well as methods for its measurement and mitigation.

Note that biases in KGs, in particular Wikidata, are just as relevant to this
thesis as those found in NLP systems. However, the bias issue is much more
discussed and researched in the context of NLP and less so in the context of KGs.
In fact, it is one of the main contributions of this thesis to give an overview of
the characteristics and measures of, and the potential solutions for the biases in
encyclopedic KGs. Thus, more details can be found later on, in Chapter 4.

2.5.1 Definition

The term "bias" generally refers to some type of skew in behavior or skew in a
distribution, which in itself may or may not be ethically neutral (Friedman and
Nissenbaum, 1996; Shah et al., 2020). Drawing from Bayesian terminology, Hovy
and Prabhumoye (2021) argue that bias can be understood as a preset, an ex-
pectation we have for some phenomenon before further evidence is available.
This expectation only becomes ethically problematic when divergent evidence
is ignored or when applied to out-of-context situations. This thesis is concerned
with an ethically laden type of bias affecting and occurring in algorithmic systems,
in particular in NLP systems. According to Friedman and Nissenbaum (1996),
computer systems are problematically biased if they "systematically and unfairly
[discriminate] against certain individuals or groups of individuals in favor of
others," by "[denying] an opportunity or good or [assigning] an undesirable
outcome to an individual or group of individuals on grounds that are unreasonable
or inappropriate" (p. 332).

Note that, according to this definition, bias equals unfair discrimination. And
in fact, bias and fairness are often treated as two ends of the same spectrum.
That is, algorithmic bias research is also sometimes referred to as algorithmic
fairness research. Similarly, the terms bias metric and fairness metric are often
used interchangeably. Note that the latter term is, wherever possible, avoided

13. https://www.propublica.org/article/machine-bias-risk-assessments-in-criminal-sentencin
g

https://www.propublica.org/article/machine-bias-risk-assessments-in-criminal-sentencing
https://www.propublica.org/article/machine-bias-risk-assessments-in-criminal-sentencing
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in this thesis. That is, while we may speak of bias in purely statistical ways,
fairness is always an inherently problematic concept that is deeply entrenched in
philosophical discourse. A major criticism of computer science research in this
field is that this discourse is, however, largely ignored and the notion of algorithmic
fairness is underdefined (Blodgett et al., 2020). In Section 2.5.3, different metrics
are presented, which all imply different distributional assumptions about the
conditions of fair system behavior.

Social Groups, Identity, and Sensitive Attributes

As algorithmic bias is usually conceptualized as the difference in system behavior
for different social groups, we may ask how group membership is determined.
According to Gallegos et al. (2024), a social group is defined as "a subset of the
population that shares an identity trait, which may be fixed, contextual, or socially
constructed" (p. 1104). Identity traits that commonly occur in algorithmic bias
research are, for instance, gender, nationality, ethnicity or race, religion, and sexual
orientation. These are often also subsumed under the term protected attributes
which is derived from U.S. anti-discrimination law. An alternative notion is that
of the sensitive attribute, which is less U.S.-specific (Barocas et al., 2023). In
the algorithmic bias literature, these terms are used mostly as a mathematical
denotation of distributional features. In practice, these features are considered
sensitive since they are in some way associated with historically and politically
rooted struggles related to discrimination, marginalization, and mistreatment. As
Gallegos et al. (2024) discuss, such narrow conceptualizations of (shared) identity
can be reductive and harmfully reinforce societal boundaries and marginalization.
Yet, they are nicely translatable into formalisms allowing to measure and make
visible disparities. This, in fact, is an ongoing debate in the field and gives rise to
some fundamental criticisms of algorithmic bias and fairness research, in general.
The question what it is that yields group identity is also a longstanding subject of
debate within feminist philosophy and further addressed in Section 3.3.

Individual versus Group Fairness

As is indicated in the definition given by Friedman and Nissenbaum (1996), bias
may be determined on an individual or a group basis. Individual fairness requires
that similar individuals are treated similarly (Gallegos et al., 2024). Similarity,
here, is determined via an attribute or set of attributes specified with regards to
a given task and context. Group fairness builds on the notion of social groups
and requires near parity among all groups with regards to the system outcome.
While individual fairness might be too granular of a measure in many cases, group
fairness tends to be oversimplifying and leave certain subgroups disregarded. For
instance, determining (dis-)parity solely in terms of gender disregards potential
intersectional effects.

Allocational versus Representational Harms

In the context of NLP, biases are often defined by the harms they cause, namely
allocational or representational harms (Blodgett et al., 2020; Barocas et al., 2017).
Allocational harms refer to the unfair distribution of resources or opportunities as
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a consequence of the model behavior. Representational harms denote issues of
stereotyping, as well as systematic and unfair misrepresentations and denigrations
of certain social groups within model outputs. It also comprises matters of unequal
system performance.

2.5.2 Causes for Algorithmic Bias

Friedman and Nissenbaum (1996) provide a helpful coarse categorization of bias in
computer systems: Preexisting bias is rooted in society andmay influence the biases
of developers who then unconsciously or consciously introduce them in to their
systems. Technical bias arises from the technical design or implementation, such
as hardware or software limitations, or mathematical inaccuracies. In particular,
the act of quantifying, discretizing, and formalizing human constructs in order to
make them machine processable is prone to introducing technical bias. And, vice
versa, "the process of ascribing social meaning" (p. 335) to algorithms and numbers.
Finally, emergent bias ensues after the finished system has been deployed, due to
contextual changes, repurposed usage, or user interfaces unfit to the audience.

The biases of modern-day AI systems, in particular, are to a large part explained
by the biases of the datasets they are trained and evaluated on. These datasets
are usually very large in scale and fall under the category of Big Data. With a
view to analyzing the disparate impact of large-scale data mining efforts, i.a. Big
Data, Barocas and Selbst (2016) note that "data mining can reproduce existing
patterns of discrimination, inherit the prejudice of prior decision makers, or simply
reflect the widespread biases that persist in society" and that it "can even have the
perverse result of exacerbating existing inequalities by suggesting that historically
disadvantaged groups actually deserve less favorable treatment" (Barocas and
Selbst, 2016, p. 674). In the context of NLP, Hovy and Prabhumoye (2021) point
out that not only data aspects but also aspects of the algorithm itself factor into
the equation. Moreover, they highlight the role of the overall research design and
the interests of the researchers or engineers responsible for developing the system.
Finally, the works of Bowman and Dahl (2021) and Raji et al. (2021a) draw attention
to the role of evaluations. That is, biased evaluation datasets can cause correspond-
ing biases within models to remain undetected or indirectly rewarded. In the
following, all of these different factors–data, model, and experimental conditions–
will be illuminated in more detail as dominant causes of algorithmic bias.

Data Sample

One of the main causes for algorithmic bias are biases encoded within the training
and evaluation datasets. Sampling biases or the collection of data that strongly
reflect historic prejudices and injustices can yield dataset biases. Problems then
arise if the sample chosen is unrepresentative of the population of interest, but
analyzed under the assumption of generalizability. Under-representation can lead
to inaccuracies and blind spots, such as NLP systems that are not attuned to
certain vernaculars (Bella et al., 2024). In certain cases, over-representation can
lead to an overestimation of negative outcomes. A non-NLP example would be the
over-monitoring of crime rates for certain zip codes that lead to an overestimation
of crime risk for associated demographics (Benjamin, 2019). Secondly, if the
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sample distribution is representative of some real-world distribution, this real-
world distribution could in itself be biased due to pre-existing societal inequalities.
A good example is the significant gender disparity in modern-day computer
science, which used to be a female-dominated field in the 1940s and 50s (Perez,
2019). Whether or not a sample should be representative of this real-world
distribution or an idealized distribution is a matter of choice. To be considered here
is that modeling a discriminatory status quo can contribute to the perpetuation
of said issue at scale. Thirdly, the data quality could differ in correspondence
to social group membership, again leading to differences in system accuracy for
marginalized versus non-marginalized groups. And finally, the data contents
might be biased by way of their associations or portrayals. For instance, Birhane
et al. (2021) investigated the large-scale LAION-400M (=400 million data points)
dataset used to train multimodal models. It consists of images paired with text
descriptions (alt texts) scraped from the web. They found that the dataset contains
disproportionately high amounts of NSFW content associated to Desi or Latina
subjects. This can introduce problematic intersectional biases to AI models and
yield the generation of derogatory depictions. In a newer study, Birhane et al. (2023)
examined the much larger successor dataset LAION-2B (=2 billion data points)
and revealed that the proportion of hateful content, in fact, increased by 12%.

How the data is cleaned and filtered after sampling also contributes to the
composition of the training data. In the case of the LAION datasets, e.g., an
automated filtering procedure was applied with the purpose of removing toxic and
NSFW content. However, the AI model used in this step was in itself biased and
systematically failed to remove the type of racist and sexist items, that Birhane
et al. (2021) later detected in her elaborate analysis. Rule-based filters, on the
other hand, can also introduce issues. For instance, Alphabet used the publicly
available list of "Dirty, Naughty, Obscene, and Otherwise Bad Words"14 to filter a
CommonCrawl data dump and create their version of it, theColossal Clean Crawled
Corpus (C4; Raffel et al., 2020). This particular filter list contains several words that
link to health content for LGBTQIA+ communities. As a consequence, harmless
contents related to the LGBTQIA+ community were systematically removed from
the C4 corpus, introducing a social bias in the dataset (Dodge et al., 2021).

Annotations

What is modeled in a predictive model is the relationship between input features
and output features, i.e., annotations or labels. Part of the this process is the choice
of possible outputs, i.e., the categories they can fall into or the possible value
range, which is highly subjective and normative (Bowker and Star, 2000).

The actual annotation of training examples with these labels is susceptible to
annotator biases. There are several known manifestations of annotator bias. For
example, fatigue, boredom, and misunderstandings can lead to false annotations
and negatively impact the model performance (Hovy and Prabhumoye, 2021). Yet,
these issues do not necessarily yield discriminative outcomes. More problematic
are scenarios in which the task invites subjective judgments over the right or
wrong label. For example, datasets used for the training of a toxicity classifier

14. https://github.com/LDNOOBW/List-of-Dirty-Naughty-Obscene-and-Otherwise-Bad-Wor
ds (accessed: August 11, 2025)
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consist of textual examples that are toxic or non-toxic descriptions of certain
individuals or groups. Whether or not a comment is considered toxic and to
which extend is highly subjective. This type of judgment tends to be correlated
with an annotator’s personal identity and political ideas (Sap et al., 2022; Pei
and Jurgens, 2023). Moreover, not all annotators are familiar with the same type
of language. When it comes to particular vernaculars and culturally diverse
expressions, annotators have been found to misunderstand banter or reclaimed
slurs as aggression (Sap et al., 2019a). Consequently, the demographic composition
of annotators has significant impact on the distribution of ground-truth labels
and can introduce systematic biases to the model. With regards to automated
labeling, Barocas and Selbst (2016) argue that learning from previous cases to
label new instances may act as a formalization and perpetuation of the biases
or prejudices of past decision makers (e.g., automated hiring algorithms trained
on previous discriminatory hiring decisions).

As mentioned before, the data used to train generative AI systems are often-
times filtered through automated means. This includes other AI classifiers, which
are, in turn, trained on annotated data. That is, classifiers are trained to distinguish
problematic from unproblematic contents and flag the items accordingly. In this
sense, annotator biases can also contribute to generative model biases.

Input Representations and Models

Input features are selected to act as an intermediary representation for a phe-
nomenon of interest, observed in the real world. To translate such a phenomenon
into a quantitative representation that may be used as input to a classification sys-
tem, it needs to be discretized and formalized in a necessarily reductive act (Fried-
man and Nissenbaum, 1996). This act is a matter of design choice and inherently
subjective and dependent on specialized knowledge about the real-world problem
that is to be modeled. This renders it vulnerable to influence through preexisting
biases even if the choice is done solely with statistical considerations in mind (Baro-
cas and Selbst, 2016). That is, selecting the features that explain most variance
might yield features that are too coarse to achieve balanced accuracy across groups
or otherwise confounded with protected attributes. They can also be (potentially
unintentionally and unknowingly) correlated with social group membership and
ultimately act as a proxy for a protected attribute. Barocas and Selbst (2016) point
out that data mining processes can also be designed with the intention to mask
discrimination. That is, complex proxies can be built to misrepresent certain
groups of individuals in a way that is hard to trace for third parties.

Many NLP approaches utilize embeddings to quantify input texts. Awide range
of evidence clearly indicates that popularly embeddings trained on large-scale
web-scraped corpora capture or amplify real-world biases and stereotypes. Word
embeddings like GLoVe and fastText (Caliskan et al., 2022), and word2vec (Boluk-
basi et al., 2016) encode gender bias. Similarly, contextualized embeddings like
ELMo, BERT, GPT, and GPT-2 also encode gender bias (Zhao et al., 2019; Kraft et al.,
2022) and biases at the intersection of gender and race (Guo and Caliskan, 2021).
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Research Design and Evaluation

Hovy and Prabhumoye (2021) argue that overarching aspects of the research design
also introduce certain biases to NLP systems. In particular, they are highlighting
the NLP community’s focus on tools for the English language. The authors observe
a self-fulfilling prophecy here, in that researchers tend to study for which a lot
of data is available. Along the way, they create more data in this particular
language. Generally, the lack of studies regarding low-resource languages has
been a widely discussed issue in the field, for more than a decade (Bender, 2011).
Bias is introduced by marking English and its respective morphology and syntax
as the default and incentivizing models optimized in this regard (Helm et al., 2024).

Another aspect related to the experimental conditions that has been hypoth-
esized to introduce bias, are the evaluation methods. The performance of an AI
model is commonly determined via established benchmarks. Only when a certain
performance score (or set of performance scores) is met, will AI developers deem
the development process completed and successful. In their extensive critique
of existing AI benchmarking practices, Raji et al. (2021a) argue that "all datasets
come with an embedded perspective — there is no neutral or universal dataset"
(p. 8). That is, a benchmark consists of an evaluation dataset and some kind
of metric. So whatever causes biases in training datasets causes the exact same
biases in evaluation datasets. This leads to distorted evaluation scores. For this
reason, Bowman and Dahl (2021) demand that benchmarks must be designed to
explicitly disincentivize biased model performance. As is indicated in Chapter
6, this call remains as relevant as ever.

2.5.3 Algorithmic Bias Measurement

Algorithmic bias is commonly measured by means of dedicated metrics. These
metrics evaluate model outputs against certain fairness or non-discrimination
criteria (Barocas et al., 2023). The following section introduces respective criteria,
which can be directly utilized to identify biases in classification or downstream
task performance. Then, three classes of bias metrics are presented, that compute
bias on the basis of embeddings, token probabilities, or generated texts.

Non-Discrimination Criteria for Classification

In the following, an overview of non-discrimination criteria in the context of
machine learning classification and regression/prediction is provided. It shall
be noted that both are similar in mathematical terms. The main difference is
the output type: classification outputs are discrete and regression outputs are
continuous. The modeling approaches and training paradigms, however, are
identical. According to Barocas et al. (2023), non-discrimination criteria can all
be clustered into three fundamentally different, overarching criteria. Let 𝑌 be a
target variable, 𝑅 the output score of a classifier, and 𝐴 a sensitive attribute. With
𝑌 , 𝑅, and 𝐴 being random variables, the three criteria are defined as follows:

1. Independence: 𝑅 ⟂ 𝐴. The sensitive attribute is statistically independent
of the output score. In the case of binary classification also known as
demographic parity, statistical parity, group fairness, or disparate impact.
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2. Separation: 𝑅 ⟂ 𝐴|𝑌 . The score is conditionally independent of the sensitive
attribute, given the target value. In other words, the false negative and false
positive rates are equal for all groups. Equals error rate parity.

3. Sufficiency: 𝑌 ⟂ 𝐴|𝑅. The target value is conditionally independent of the
sensitive attribute, given the output score. In other words, positive and
negative predictions are equally likely for all groups. Equals calibration by
group.

Barocas et al. (2023) note that independence is a prevalent criterion for nor-
mative, but also practical reasons: The normative reasoning is that "all groups
have an equal claim to acceptance and resources should therefore be allocated
proportionally" (p. 56). The practical reason is that independence is the easiest
criterion to formalize and compute in the context of a machine learning project.
The criterion not taking into account the true scores yields certain limitations.
The authors take as an example a hiring scenario, in which members of different
social groups are hired at the same rate but with varying levels of attention
regarding their qualification. This leads to systematic performance differences,
later on. The separation criterion addresses this limitation by taking merit into
the equation. More precisely, it equalizes the rate of errors made by the system.
Given a binary classifier, separation requires that the rate at which the classifier
mistakenly predicts a positive outcome (false positive rate) should be the same for
all groups. Moreover, the rate at which it mistakenly predicts a negative outcome
(false negative rate) should be the same. In practice, one may decide to require
only one of the two sub-criteria, depending on the decision-making scenario.
In any case, a technical criticism of equalizing errors would be that it harms a
system by actively forcing lower performance on certain instances. In response to
this, Barocas et al. (2023) argue that onemust consider the different real-world costs
of misclassifications that are borne by different social groups. The general concern
is that higher error rates mostly affect already marginalized and disadvantaged
groups. Thus, equalizing errors facilitates a leveling of (dis-)advantage. Finally,
sufficiency requires the likelihood of the true outcome to depend on the output
score and there to be no difference across groups. Note that it has been shown that
the three non-discrimination criteria, independence, separation, and sufficiency,
are mutually exclusive (Chouldechova, 2017). Choosing the right metric is a
matter of context and purpose of the bias analysis.

These constraints were originally defined for general machine learning ap-
proaches and, as such, are applicable to NLP systems for classification or prediction.
Shah et al. (2020) conceptualize predictive bias in NLP as the divergence between the
distribution of predicted output values and an ideal distribution that is theoretically
defined for a certain target application. This divergence causes a human attribute
to be represented in an unintended way. The authors distinguish between (1)
outcome disparity (maps to independence): distributional differences appearing
with regards to the general prediction outcome, e.g., when female instances are
over-predicted and male instances under-predicted; and (2) error disparity (maps
to separation): differences in the prediction error, e.g., when there are higher
error rates for instances related to Black individuals and lower error rates for
instances related to white individuals.
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Embedding Metrics

This class of metrics is computed on the basis of dense vector representations (Gal-
legos et al., 2024). This type of metric was first introduced for word embeddings
and later extended for sentence and contextualized embeddings. While originally
a language model-centric method, it has also been applied to knowledge graphs
embeddings, as shown in Chapter 4.

The first measure of this type was theWord Embedding Association Test (WEAT;
Caliskan et al., 2017), which was inspired by a psychological bias test, called the
Implicit Association Test (IAT; Greenwald et al., 1998). The logic behind this test is to
measure how strongly two different identity-related words are associated to some
neutral concepts, in comparison. Given two sensitive attributes denoted𝐴1, 𝐴2 (one
word per attribute, e.g.,man versus woman) and neutral attributes denoted𝑊1,𝑊2

(e.g., doctor versus nurse), WEAT applies the following test statistic (Caliskan
et al., 2017, p. 17):

𝑓 (𝐴1, 𝐴2,𝑊1,𝑊2) = ∑

𝑎1∈𝐴1

𝑠(𝑎1,𝑊1,𝑊2) − ∑

𝑎2∈𝐴2

𝑠(𝑎2,𝑊1,𝑊2), (2.8)

where similarity 𝑠 is measured via:

𝑠(𝑎,𝑊1,𝑊2) = 𝑚𝑒𝑎𝑛𝑤1∈𝑊1
𝑐𝑜𝑠(𝑎, 𝑤1) − 𝑚𝑒𝑎𝑛𝑤2∈𝑊2

𝑐𝑜𝑠(𝑎, 𝑤2). (2.9)

Finally, the magnitude of bias is measured via the effect size:

𝑊𝐸𝐴𝑇(𝐴1, 𝐴2,𝑊1,𝑊2) =

𝑚𝑒𝑎𝑛𝑎1∈𝐴1
𝑠(𝑎1,𝑊1,𝑊2) − 𝑚𝑒𝑎𝑛𝑎2∈𝐴2

𝑠(𝑎2,𝑊1,𝑊2)

𝑠𝑡𝑑𝑎∈𝐴1∪𝐴2𝑠(𝑎,𝑊1,𝑊2)

.

(2.10)
The association strength is measured a the cosine similarity between respective

word vectors. The Sentence Embedding Association Test (SEAT; May et al., 2019)
(applied in Chapter 5) generalizes this metric to contextualized embeddings of
template sentences. For instance, 𝐴1, 𝐴2 would be “[Adam] is there.” and "[Jamel]
is there.", whereas𝑊1,𝑊2 would be "There is [love]." and "There is [evil]." Guo and
Caliskan (2021) create several sentences for each seed-attribute pair and compute
distributions of effect sizes to account for random variance. Dolci et al. (2023)
replace the sentence-level score by average world-level scores, where each word
embedding is compared to a gender direction in the embedding space, which is de-
termined via principal component analysis (PCA). Chapter 4 describes how Bourli
and Pitoura (2020) applied the word association logic to the measurement of bias
in a TransE knowledge-graph embedding.

Token Probability Metrics

This class of metrics utilizes template sentences, used as input to a language
model. The bias metrics is then calculated on the basis of the token probabilities at
dedicated spaces, reserved for sensitive attributes. Three influential metrics shall be
introduced here (two of which were utilized in Chapter 5). Crowdsourced Stereotype
Pairs (CrowS-Pairs; Nangia et al., 2020) comprises 1,508 example sentences, which
come in pairs: one of them is a stereotyping sentence about a disadvantaged social
group. The second is a copy of the same sentence, where the group identifier
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is exchanged for one associated to an advantaged group. This constitutes an
anti-stereotyping sentence. For example: "People who live in trailer parks are
alcoholics." versus "People who live in mansions are alcoholics." The metric then
computes a pseudo-likelihood of each token that appears in both sentences 𝑈 ,
conditioned on the changed tokens 𝑀 , to measure the effect of the sensitive
attribute. To do this, each of the unmodified tokens is masked one-by-one and
predicted given the remaining tokens in the sentence. Given a sentence 𝑆 and
model 𝜃, the bias metric is defined as (Gallegos et al., 2024, p. 20):

𝐶𝑃𝑆(𝑆) = ∑

𝑢∈𝑈

𝑙𝑜𝑔𝑃(𝑢|𝑈⧵𝑢, 𝑀; 𝜃). (2.11)

Nadeem et al. (2021) created two related bias measures, the Context Association
Test (CAT) and the Idealized CAT (ICAT). Their dataset, labeled StereoSet, pairs a
statement with three options: a stereotypical, an anti-stereotypical, and a unrelated
option. There a two different formats: fill-in-the-gap (e.g., "Girls tend to be
more ___ than boys" with response options: "soft" (stereotypical), "determined"
(anti-stereotypical), and "fish" (unrelated)) versus sentences to follow the original
statement (e.g., "He is an Arab from the Middle East." with response options:
"He is probably a terrorist with bombs." (stereotypical), "He is a pacifist." (anti-
stereotypical), "My dog wants a walk." (unrelated)). CAT follow a similar logic to
CrowS-Pairs, but instead of conditioning the unchanged tokens on the changed
tokens, it does the reverse and conditions the probability of the modified token
on the unmodified tokens (Gallegos et al., 2024, p. 20):

𝐶𝐴𝑇(𝑆) =

1

|𝑀|

∑

𝑚∈𝑀

𝑙𝑜𝑔𝑃(𝑚|𝑈 ; 𝜃). (2.12)

ICAT utilizes the sentence-response pairs to calculate a composite of a language
modeling score (lms) and a stereotype score (ss). The ss reflects the relative number
of instances, where a stereotypical answer is preferred over the anti-stereotypical
one (ideal score: 50). The lms, which is the ratio of instances, where the unrelated
option is not preferred (ideal score: 100). The lms is then used to scale the ss, as
follows (with an ideal ICAT score set to 100) (Nadeem et al., 2021):

𝐼𝐶𝐴𝑇 = 𝑙𝑚𝑠 ⋅

𝑚𝑖𝑛(𝑠𝑠, 100 − 𝑠𝑠)

50

. (2.13)

Generated Text Metrics

This class of metrics is specific to open-ended text outputs and builds on the idea
that more general semantic aspects of these outputs can systematically differ
across demographics. One of the first works to offer a dedicated measure for this
purpose was Sheng et al. (2019). Their approach analyzes the general valence with
which different groups are portrayed or regarded in generated texts. To measure
regard, the authors trained a dedicated classifier similar to a sentiment classifier.
It should be said, however, that regard and sentiment are similar but not identical
concepts. For instance, the sentence "XYZ, known for his kindness, had died
alone." is an example of positive regard attributed to XYZ, but negative overall
sentiment of the sentence. Sheng et al. (2019) use different prompt templates (e.g.,
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"XYZ was known for", "XYZ was regarded as"), where the placeholder is replaced
by sensitive attributes (e.g., "The man" versus "The woman"). The language model-
completed sentences are then classified and the ratio of positive, negative, and
neutral portrayals compared between the different demographic groups. Dhamala
et al. (2021) followed up on this work by proposing an improved prompting dataset
named Bias in Open-Ended Language Generation Dataset (BOLD). The prompts
are scraped from Wikipedia pages, such that they consist of a natural sequence
of five words plus an attribute, such as a profession, a name, or religion. They
combine different classifier-based metrics, such as regard, sentiment, and toxicity,
as well as a newly proposed metric that utilizes psycholinguistic norms to identify
conveyed affect (word-level matching to an emotion lexicon). Finally, they also
propose a gender polarity metric, which identifies if a sentence (e.g., in response
to a profession-related prompt) is more male- or female-leaning.

Intrinsic metrics, i.e., embedding and token probability metrics, are often
uncorrelated to extrinsic metrics, i.e., metrics based on generated texts or down-
stream task behavior (Goldfarb-Tarrant et al., 2021). Since extrinsic metrics are
more directly user-facing, they are often considered more indicative of potential
real-world harms (Lum et al., 2025; Delobelle et al., 2022).

2.5.4 Algorithmic Bias Mitigation

Bias mitigation techniques can be categorized according to the model lifecycle
stage, in which they apply: as part of the data pre-processing, during the training,
or as part of the post-processing (Lin et al., 2024; Gallegos et al., 2024).

Strategies applying during the pre-processing include, for example, counter-
factual data augmentation (CDA; Zmigrod et al., 2019) or counterfactual data
substitution (CDS; Maudslay et al., 2019) where gendered words are balanced
throughout the training dataset, either by creating a mirrored copy or by flipping
each gendered text with 0.5 probability. Newer approaches have moved away from
replacing individual terms, as this can corrupt the grammatical correctness of a
sentence. Sattigeri et al. (2022) utilize an influence function to approximate which
training examples strongly influence a classifier’s performance with regards to a
bias metric (e.g., demographic parity). They then adjust the pre-trained embedding
such that the influence of these data points are reduced. Utama et al. (2020) identify
biased instances using a separate classifier, trained on a small data subset, and
then reduces their weighting in the actual model finetuning.

In-training methods incorporate modifications to the optimization loss, such as
contrastive learning. Li et al. (2023) combine CDAwith contrastive learning to push
representations of different sensitive attributes (as encoded in the counterfactual
data pairs) closer to each other and remove biased associations. Others use a
version of adversarial training (Zhang et al., 2018; Han et al., 2021).

Finally, some methods are applied after the completed training. Bolukbasi et
al. (2016) developed amethod for the mitigation of gender bias in word embeddings.
The authors identify a gender subspace via PCA applied to the difference vectors
of gendered word pairs, onto which all word embeddings are then projected and,
thus, re-embedded. This method was also modified to work with contextualized
embeddings (Barikeri et al., 2021) and knowledge-graph embeddings (Bourli and
Pitoura, 2020). The method proposed by Sheng et al. (2020) fares without embed-
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ding adjustments. They utilize so-called trigger tokens, which are appended to
the input prompt and fit through an iterative, gradient-guided search to minimize
output bias as measured by a regard classifier.

2.5.5 Limitations of Bias Measurement and Mitigation

To conclude this section, it shall be noted that there are limitations to the measure-
ment and mitigation of algorithmic bias, beyond the mere technicalities. There
are many different ideas of what constitutes a fair algorithmic system. This is
reflected in the many, conflicting metrics that exist in the field. Moreover, bias
metrics are always reductive. Most bias metrics are limited to measuring (binary)
gender bias (Gallegos et al., 2024). And even the underlying theories of gender and
gender bias in these works are highly reductive, conflating of sex and gender (Kraft
et al., 2022; Devinney et al., 2022), and not contextualized (Bhatt et al., 2022). The
limitations of bias measurement directly reflect in the limitations of attempted
mitigation. That is, mathematically, we can only remove what we have succeeded
to measure (Gonen and Goldberg, 2019; Kraft, 2021). And this brings us back
to the limitations of our metrics.

2.6 Conclusion
This Chapter has presented an in-depth introduction to themost essential technical
concepts that are utilized or referenced throughout this dissertation. It defined the
notion of an artificial neural network and the concept of learning, in this context.
Then, important principles of modern language modeling were characterized and
starting at their technical origins. The knowledge graph is the second form of
representation that is at the core of this work. Thus, foundational definitions and
concepts were introduced, as well as Wikidata; a particularly relevant instance,
in this thesis. The practice of knowledge-enhanced language modeling, which
marries language models and knowledge graphs was also briefly explained. Finally,
the Chapter concluded with an in-depth introduction to algorithmic bias, its causes,
measurement, mitigation techniques. While this chapter was focused on important
technical concepts, the following chapter will be addressing philosophical concepts
related to knowledge, science, ethics, and lastly situated accounts of AI.
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3.1 Introduction

As introduced in Chapter 1, this thesis is concerned with the epistemic and ethical
goodness of knowledge technologies, i.e., technologies that represent and transport
knowledge, as well as influence the ways in which humans access and generate
knowledge. To facilitate this evaluation, this thesis draws from existing concepts
and discourses in philosophy. In fact, there is a whole field in philosophy devoted
to characterizing what knowledge is, namely epistemology, which studies the
"nature, origin, and limits of human knowledge" (Martinich and Stroll, 2025). It is
beyond the scope of this thesis to deliver an exhaustive definition of "knowledge",

52
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so for now let us assume that it is some type of "cognitive success", determined
by a number of success conditions (Steup and Neta, 2024). At times we are
interested in knowledge as the relationship between a subject and a thing in the
world, i.e., the knowing of something. At other times, we are more interested in
knowledge as some type of content in itself. In both cases, certain conditions
must sufficiently be met; for someone to know something, but also for some
piece of content to count as knowledge. What these conditions are and how they
come about are some of the core considerations discussed in this Chapter. This
Chapter will flesh out an account of knowledge that provides the basis for the
analyses presented in this thesis, which is based upon insights from social and
feminist epistemology, in particular.

To this end, Section 3.2 gives a brief introduction to the main characteris-
tics and ideas of social epistemology, contrasting it to accounts of traditional
epistemology. The change from the traditional to the socialized view of knowl-
edge represents an important paradigmatic shift that was strongly influenced
by feminist epistemology. The latter may, in fact, be understood as a subclass
of social epistemology (Grasswick, 2018). Section 3.3, will introduce different
feminist epistemologies in more detail and highlight the works of some of the
noteworthy thinkers who have coined notions that provide an important framing
to the research presented and discussed in this thesis. Section 3.5 then bridges
the epistemological accounts to the field of AI, by revisiting two works dating
back to the era of expert systems.

3.2 From "Traditional" to Social Epistemology

A common conception in traditional Western philosophy equates knowledge
with propositional knowledge, i.e., knowledge of a proposition such as "S knows
that p" (Ichikawa and Steup, 2024). Here, S is the knowing subject and p is the
object of knowledge. Thus conceived, a standard definition of knowledge is that
S knows p if and only if:

1. S believes that p,

2. p is true,

3. S’ belief in p is justified.

(Steup and Neta, 2024). According to this definition, knowledge is understood
to be justified true belief. That is to say that if S does not even believe in a fact p,
they cannot possibly come to know it. Secondly, a false proposition p cannot be a
fact. And, thirdly, if p is indeed true, but the reason for believing p is mere luck or
some other inappropriate reason, this is not considered to lead to knowing. The
variable of justification turns out to be an important point of debate. What must a
justification be in order to be appropriate, to be better than luck?

It shall be added here, that there are also variants of this account to accommo-
date certain logical issues of the conception of knowledge as justified true belief.
Such issues were first demonstrated by Edmund Gettier who showed that there are
cases–so called Gettier cases–that fulfill all three conditions without actually being
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knowledge (Gettier, 1963). One famous example is the barn-facade case, where
someone is going through a street with several buildings that appear to be barns.
Most of them are just facades and not actual barns. But the person, by chance,
happens to be standing in front of the only real barn and believes to be standing in
front of a barn. The person’s belief is true and justified by their prior experience
of what a barn usually looks like. Yet, in this situation, the actual reason why this
belief is true is luck. Nevertheless, belief, truth, and justification remain important
problems in epistemology that are each on their own theorized in different ways.

Traditional, Western epistemology is mostly interested in the individual re-
lationship between an individual knower S and an object of knowledge p, con-
ceptualizing knowing as matter of cognition and reasoning only. This view was
largely influenced by René Descartes, whowas convinced that knowing is achieved
through one’s own reasoning (Descartes, 1637, as cited in O’Connor et al., 2024).
Another influence was John Locke, who proposed that justification can only be
found individually, in one’s own sensory experience and conclusions drawn from
them, as opposed to the testimony of others (Locke, 1690, as cited in O’Connor
et al., 2024; Longino, 2002). In the second half of the 20th century, however, a
new branch of epistemology emerged that challenges this individualistic tradition.
Social epistemologists argue that knowledge, how we get to knowledge, and
what we consider to count as knowledge, are highly influenced by social factors.
And one such factor is indeed testimony, seen as a transaction of information
between a speaker (or writer) and an audience (O’Connor et al., 2024), where, if
an audience accepts the speaker’s testimony, they obtain testimony-based belief.
While traditional epistemologists–approaching the problem from a normative
stance–reject this as an appropriate source of knowledge, social epistemologists–
taking on an empirical stance–maintain that the significance of testimony in
knowledge production is evident in empirical observations. Even if the status of
knowledge achieved through testimony continues to be widely debated, social
epistemology considers it an important subject of investigation.

Beyond philosophy, other fields of research have also investigated the sociality
of knowledge practices, most notably ethnomethodological, sociological, and
historical studies. The field of STS emerged in the 1960s and 70s and has ever
since been concerned with the social study of science, technology, and their
interactions with society; subsuming diverse interdisciplinary perspectives and
methods (Hackett et al., 2007). An important line of research in STS was linked to
the Strong Program, in the sociology of scientific knowledge. Associated scholars
argued that a theory or hypothesis is accepted or rejected not on the basis of
their objective truthfulness, but on the basis of social interests (Barnes and Bloor,
1982, as cited in Longino, 2002; O’Connor et al., 2024). Hence, different beliefs are
expected to exist in different context, depending on the given circumstances and
interests. Also highly influential to STS and the emergence of social epistemology
were the laboratory studies conducted by scholars like Bruno Latour (Latour,
1983) and Karin Knorr-Cetina (Knorr-Cetina, 1983). Their respective research
engaged in observations of the interactions within and between research labs,
and analyzed the efforts involved in exporting research work and findings from
the laboratory to the non-laboratory world. Knorr-Cetina (1983) for example,
conjectured that, in practice, knowledge processes are interaction-based, because
justification happens by reproducing and incorporating theories into successive
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works. Only if newer works continuously select and build upon some theory, does
it succeed in becoming accepted scientific knowledge. Researchers’ awareness of
these processes, in turn, influence their research design and reporting.

The Strong Program and the laboratory studies also influenced philosophers
of science, such as Longino (2002), who made a proposal to consolidate the
empiricists’ take with a normative philosophical understanding of knowledge
and knowledge production. Longino’s account is explicated in Section 3.3.2 and
is characterized by a feminist approach to epistemology, which is also referred
to as feminist empiricism (Intemann, 2010; Harding, 2013). As a field of research,
feminist epistemology is concerned with the significance of social relations of
gender or identity and social location, more generally, in the context of knowledge
production. It emerged in the early 1980s as a result of the second-wave feminist
movement and predates the establishment of social epistemology (late 1980s/early
1990s) (Grasswick, 2018). The following section explains the core idea of feminist
epistemology in more detail and characterizes some important works.

3.3 Feminist Epistemology: Situatedness and Objec-
tivity

Around the time of the second wave of feminism, in the 1970s, feminists in
philosophy and other scientific fields began to document and question sexist and
patriarchal structures and practices (Grasswick, 2018). Feminist thinkers started to
question the established scientific assumptions and methods which were centered
around and informed by the beliefs, norms, interests, attitudes, and values of men.
They started to question, in a word, the andocentricity of science. This gave rise
to questions regarding the role of gender in established conceptualizations of
knowledge and the processes that lead to knowledge.

One of the core concepts feminist epistemology is concerned with is that of
situated knowledge (Anderson, 2024). Knowers are understood to relate differently
to what is known and to other knowers, i.e., what someone knows and how they
know it depends on their situation, lived and embodied experience, and perspective.
The social situation or location is constituted by a variety of factors such as their
gender, race/ethnicity, class, social relations, and roles. An individual’s social role
gives rise to different norms, virtues, habits, interests, skills. Gender, for example,
has been considered a significant variable that defines a person’s prescribed but
also self-ascribed role, norms, virtues, behaviors, etc.

In fact, feminist epistemology has primarily been concerned with gender
as a defining mode; going as far as understanding it as a factor that bifurcates
society (Grasswick, 2018). However, due to contributions such as "Black Feminist
Thought" by Collins (1990) which draw attention to the unique experience of
Black women, the field has opened up to a more intersectional understanding of
gender, that is, gender not being an isolated aspect of identity. That is not to say
that tensions between different feminisms do not continue to exist; such as, for
instance, West-centric and decolonial feminisms (Vergès, 2019).

Another core tension relates to the question of objectivity and how it can be
achieved despite the situatedness and value-ladenness of all knowing. Different
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feminist epistemologies propose different conceptualizations of it, which also
entail different implications for the role of diversity. For example, while standpoint
theorists insist that certain marginalized experiences can give rise to epistemic
privilege and lead to stronger objectivity, feminist empiricists assert that diversity of
values and ideas are desirable in the sense that they can help cancel out individual
biases (Intemann, 2010).

The following sections focus on the feminist epistemologies that are mostly
referenced throughout this thesis. This includes the feminist standpoint theory as
proposed by Sandra Harding, Patricia Hill Collins, and Donna Haraway, as well as
the rational-social account of science proposed by Helen Longino. All of these
works reason about the significance of diversity and situatedness within science
and the pursuit of objectivity, and produce normative implications.

3.3.1 Harding, Collins & Haraway: Situated Knowledge and
Feminist Standpoints

Feminist standpoint theory is a term that was coined by Harding (1986) to subsume
feminist research projects across different disciplines, such as sociology, philos-
ophy, and history of science, that have helped develop understandings of how
gender relations–or the conception thereof from an androcentric view–structure
science. Based on these works, standpoint theory assumes that how our societies
are structured has epistemological consequences. That is, those that dominate or
"rule" will come to different conclusions than those that "are ruled" (Harding, 2007).
Harding argues that being part of the community that dominates and (intentionally
or unintentionally) benefits from the conceptions held by this community makes
it less likely to question these conceptions. For example, in a society "stratified
by race and gender [that] lacks powerful critiques of this stratification" (p. 49),
those who benefit from racism and sexism are unlikely to be the ones who identify
it (Harding, 2007). In fact, feminist standpoint theory builds on the Hegelian idea
that oppression should be studied from the perspective of the oppressed, and
the subsequent Marxist take that understanding the world shaped by capital is
best approached by starting from the standpoint of the proletariat (Harding, 1986;
Bowell, 2025). The reason for that being that inhabiting the standpoint of the
oppressed creates the opportunity to come to unique realizations about oneself and
the power structures one is affected by. "Black feminists have questioned not only
what has been said about Black women, but the credibility and the intentions of
those possessing the power to define" (Collins, 1990, p. S17). Thus, the oppressed
possess epistemic privilege and the opportunity to reevaluate and correct that
which was previously out of sight or suppressed.

In short, the theory assumes (1) that knowledge is (socially) situated, (2) that
marginalized individuals are more aware and equipped to criticize and deal with
criticism in knowledge production, than individuals in the dominant group, and
(3) that science should start at the perspectives of the marginalized (Bowell, 2025).

Situated Knowledges

As discussed before, the traditional account of objectivity appears to be built on
the assumption that its source is pure, unembodied rationality. So consequently,
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owning a body (that is located in society and history) is seen as introducing bias
and unfit for objective knowledge production. Haraway (1988) argues that this
traditional account is amasculinist account of knowledge that lays the grounds for
the systematic exclusion and derogation of marginalized views. At the beginning of
her essay she distinguishes between a "they", referring to the "unmarked positions
of Man and White" (p. 581), and a "we", designating "embodied others, who are
not allowed not to have a body, a finite point of view" (p. 575). With this, she
describes the status quo in science which she continues to identify as built on
false and problematic assumptions. The purpose of her essay is to show that, in
fact, every view is embodied and non-neutral.

Masculinist scientists use all sorts of maneuvers like "objective" analytical
methods or complex technology to obfuscate the origins of data and assumptions.
This creates the illusion that the world is viewed from nowhere (Nagel, 1989),
unembodied, unbiased. Haraway calls this the god trick. Knowledge processes are
subject to the god trick whenever the originator’s positionality and locatedness
is denied and the knowledge content presented as non-situated (Hoppe, 2022).
It renders knowledge claims "unlocatable, and so irresponsible" (Haraway, 1988
p. 583). Being able to apply the trick, to see without being seen, requires a
level of power that is almost exclusive to the "unmarked positions of Man and
White" (p. 581).

However, in reality, every knower is bound to a body, and thus, everybody has
limited vision. She compares the eyes of humans and animals with cameras: All
"eyes"–whether organic or non-organic–are active devices for capturing certain
aspects of the world in certain ways, within the range of possibilities provided
by the body or machine. There is no such thing as disembodied or unmediated
vision. As such, every perspective is partial, located, and situated. The social
situation of an individual–constituted by gender, race, class, ability, education,
etc.–determines, what they know and what they can know, also in the sense of
what they are permitted to know (Bowell, 2025). In her argument, the knowing
subject is in itself partial, fractured, and changing (Haraway, 1988):

"The knowing self is partial in all its guises, never finished, whole, sim-
ply there and original; it is always constructed and stitched together
imperfectly, and therefore able to join with another, to see together
without claiming to be another" (p. 586).

It is based on this idea of the exclusively partial and situated nature of knowl-
edge that Haraway speaks of knowledges in plural form. There are multiple
knowledges but they can be joined in all sorts of expected and unexpected
ways. Ultimately, partial connections open up new possibilities in scientific
discourse. But for this to happen, established regimes of domination must be
deconstructed. Her agenda is, thus, not only of epistemological, but also of
political and ethical nature.

Achieving a Standpoint

A standpoint is defined as a collective identity, grounded not merely in com-
monalities regarding gender, race, class, or the like; it goes beyond perspective
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and does not exist automatically. Harding understands a standpoint to be a
collective accomplishment, formed through a shared experience of oppression
or political struggle (Harding, 2007). With regards to the feminist standpoint
in particular, Harding (1986) claims:

"Feminism and the women’s movement provide the theory and mo-
tivation for inquiry and political struggle that can transform the
perspective of women into a "standpoint"–a morally and scientifically
preferable grounding for our interpretations and explanations of
nature and social life." (p. 26).

In providing a basis for better understanding our natural and social sur-
roundings, a standpoint is seen as an achievement that is liberating. In her
article "Learning from the Outsider Within", Collins (1990) characterizes the
Black feminist standpoint, which she conceives to be a defining factor of Black
feminist thought. She describes how Black feminists (in the United States) undergo
processes of self-definition against the "externally defined, stereotypical images
of Afro-American womanhood" (p. S16). In redrawing those images based on
their own lived experiences, Black feminists come to see that the inaccuracy of
the original image was not arbitrary but, instead, the result of broader dynamics
of power and oppression.

Epistemic Advantage

Harding critiques the traditional Western, "prefeminist" science for being solely
focused on the processes of justification and not on what happens prior to that.
She argues that the "context of discovery"–such as the grounds on which the
objects of investigation, the research questions, and methodologies are decided–is
in itself not value-free. However, in requiring freedom of values and subjectivity,
and in leaving the "context of discovery" unquestioned, science is also missing
an opportunity to become better (Harding, 2007).

While Harding (2007) does not claim that one can be completely free of the
dominant paradigm or, in her words, the "historical moment", she says that only
"a degree of freedom" from it is enough to see things differently and to start
questioning it. Again, Collins provides a good example for this: In her work
she investigates the experience of Black, female researchers in sociology. She
describes them as "outsiders within", as they are part of the community, but also
not. They know what the insiders know, but their "otherness" allows Black women
in sociology to also see certain relations more easily than insiders, such as the
"credibility and the intentions of those possessing the power to define" (Collins,
1990, p. S17).

And thus, starting from the experience of the oppressed, allows for a "stronger
kind of reflexivity". It facilitates critique and "methodological control" over the
"context of discovery", i.e., more thorough evaluations of the very basis our
research practices stand on; the things we decide to research, why, and how.
Besides it being seen as a more rigorous call for objectivity, it is also seen as an
opportunity to empower those who are oppressed and to "produce knowledge that
can be for marginalized people [...] rather than for the use only of dominant groups
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in their projects of administering and managing the lives of the marginalized
people" (Harding, 2013, p. 56).

Values in Science

She argues that science is de facto not value-free and adds that not all values are
a hindrance to good science. In particular, "democracy-advancing values" like
feminism are considered helpful in pursuing better science and stronger objectivity.
Harding promotes the vision of a science that is deeply political and commits to
"antiauthoritarian, antielitist, participatory, and emancipatory values" (Harding,
1986 p. 27). The vision that Harding promotes here is the creation of a successor
science that facilitates a stronger objectivity than traditional science.

Also Haraway (1988) praises science, in general, as "utopian and visionary", and
controlled and critical scientific knowledge production as important and necessary.
She calls for a kind of science that is open to partiality, "interpretation, translation,
stuttering". Haraway emphasizes the notion of rationality as more important
than objectivity and claims that objectivity is found in positioned rationality:
"Rational knowledge is a process of ongoing critical interpretation among "fields"
of interpreters and decoders. Rational knowledge is power-sensitive conversation"
(p. 590, emphasis from original quote).

Note on Standpoint Epistemology and Relativism

In her essay "Situated Knowledges", Haraway (1988) critiques the conceptualization
of a standpoint and the relativism she saw proposed in Harding (1986). In her re-
sponse to it, Haraway states that she sympathizes with the general assumption that
the perspectives of the subjugated hold epistemic value. Due to their experience
of repression they might be more able to see through the god trick. But the notion
of a standpoint as discussed by Harding (1986) presumes a level of unity that is not
compatible with Haraway’s concept of a fractured, ever-changing knowing self,
where there is no coherent and lasting identity-based way of seeing. Moreover,
due to this instability, we cannot simply predict what someone else is seeing.
Meanwhile, she accuses standpoint theory of being relativist, which she classifies
as performing yet another god trick. She states that "relativism is a way of being
nowhere while claiming to be everywhere equally" (p. 584). It claims that there are
as many truths as there are perspectives, rendering objectivity an impossibility.

Harding (2013) provides a direct response to the accuse of promoting the god
trick and relativism. Firstly, she emphasizes that standpoint theory cannot be
performing the god trick, as it is firm on the social situatedness of all knowledge
production and even considers it a scientific resource. Secondly, she claims that
standpoint theory is not relativist as "it argues against the idea that all social
situations provide equally useful resources for learning about theworld and against
the idea that they all set equally strong limits on knowledge" (p. 61). She states
that "sociological relativism permits us to acknowledge that different people hold
different beliefs" (p. 61) but emphasizes that judgmental relativism is anti-scientific.
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3.3.2 Longino: Knowledge is Rational and Social

In her book "The Fate of Knowledge", Longino (2002) contrasts the accounts of
the sociologists of knowledge and the traditional philosopher that were briefly
introduced in Section 3.2. She discusses how both in their own ways convey a
dichotomy of social and rational conceptualizations of knowledge. As mentioned
before, early studies in the field of social epistemology, like the Strong Program or
the laboratory studies by Latour and Knorr-Cetina conceptualize knowledge as a
product of solely social processes. According to Longino, their accounts imply that
scientific processes are not rational and not necessarily evidence-based. "They
agree that what they identify as the philosopher’s approach–one characterized by
normative concerns about the nature of knowledge–misrepresents the scientific
process" (Longino, 2002 p. 37). Likewise, philosophers reject the idea that knowl-
edge and aspects of knowing, such as justification, can ever be appropriate when
based on social factors. Longino deems this dichotomous understanding misguided
and proposes a "third way" which consolidates both views and conceptualizes
knowledge as both rational and social. Her elaborations are mostly done with
reference to the case of scientific knowledge. However, she clearly states that
her account transfers to knowledge in general.

The Rational-Social Dichotomy and the "Third Way"

Throughout the book, Longino refers to the traditional philosophers simply as
philosophers and to the sociologists as empirical investigators. In the following,
the differences between the philosophers’ "rational" account and the empirical
investigators’ "social" account are characterized in more detail. According to
Longino (2002), we can look at knowledge in three different senses:

1. Knowledge as knowledge production: the practices and processes through
which knowledge–or what is considered knowledge–is produced,

2. knowledge as knowing: the state of a knowing subject with respect to some
object(s),

3. and knowledge as content: that which is known and which is the outcome
of the knowledge-productive practices/processes.

(1) In regards to knowledge production, the philosopher is interested in the
individualistic relationship between a knower S and a fact p, and therein "the
contrast between processes of belief acquisition that do and those that do not
rationally justify belief" (Longino, 2002 p. 78). The empirical investigator is less
interested in this individualistic relationship and, instead, concerned with the
processes of "generating accounts and representations and having those accepted
by the community" (Longino, 2002, p. 79). (2) Knowledge as knowing refers to
the state of a person or several persons relative to an object or several objects.
To the philosopher knowing is justified true belief. The three terms (see Section
3.2) are seen as one single definition of knowing. Empirical investigators, on
the other hand, differentiate between the three terms. While they are much
less interested in the truth term, they see tension in the justification term. The
argument being that for S to believe p, p must also be accepted in the community
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of S. Moreover, the processes or arguments based on which S comes to believe
p must be accepted in their community. (3) Finally, knowledge as content is
that which is known, that which is transported in books and journals. Again,
Longino claims that philosophers are highly concerned with the truth term
and, thus, the distinction between mere belief and belief of what is really true.
Knowledge is seen in a monistic way, i.e., there being only one correct theory.
In that sense, knowledge as content is conceptualized as a "subset of truths
which is known" (p. 84). In contrast, the empirical investigator sees knowledge
in a relativistic way, as whatever is designated as such by a given community.
Again, their interest lies not in an actual objective truth and different theories
may hold true in different contexts. Longino asserts that the rational-social
dichotomy is reflected in three binaries – individualism versus nonindividualism,
monism versus nonmonism, and relativism versus nonrelativism. The "socializers"
claim individualism, nonmonism, and relativism and the "rationalists" claim
nonindividualism, monism, and nonrelativism.

Longino’s main effort consists in developing a non-dichotomous conceptual-
ization of knowledge: (1) She argues for a nonindividualistic account, claiming
that cognitive agents and subjects are interdependent in their generation and
justification of knowledge content. (2) She proposes a nonrelativist account, in
a contextualist sense. That is, justification is not "arbitrary nor subjective, but is
dependent on rules and procedures immanent in the context of inquiry" (p. 92).
(3) And finally, she argues for nonmonism, in a pluralistic sense. She rejects the
view that there is only one world and, hence, only a certain set of compatible
theories that can possibly be true at the same time.

Knowledge is Interactive

She claims that cognition, and such the cognitive processes in knowledge pro-
ductive activities, shall be understood as having a social dimension. Cognitive
processes, such as observation and reasoning (to generate new ideas or to justify
ideas on the basis of evidence), are inherently interactive. In fact, Longino states
that what she means by "social" is effectively "interactive" (p. 148). Experiments
are, for instance, conducted in a way that allows others to (theoretically) repeat
and confirm the same observations. And for a piece of evidence to be perceived as
justifying a theory it mustmeet community-set standards of inquiry and conjecture.
Inherent to these procedures is the need for multiple, varied points of view. Only
if a claim holds from different views can it be assumed to hold in general and
not only within one’s own idiosyncratic view. As such, the social is a matter
of validation in knowledge production.

Longino adapts from the sociologist’s view the idea that a knower is located
historically, geographically, and socially; and in doing so, she rejects the assump-
tion that a subject may create knowledge in context-independent, value-neutral,
purely methodological ways. However, when she speaks of epistemic communities,
she does not refer to communities built on shared identity or values. Instead, a
community is defined by shared "standards to which community members appeal
in critical discursive interactions" (Longino, 2002p. 148), such as evidential or
methodological standards. In fact, she emphasizes that while there is consensus
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regarding the appropriate measures of evaluating claims, members of a community
can and should still have diverse beliefs.

Plurality as an Epistemic Resource

Longino (2002) argues that plurality of ("cultural and ideological") perspectives
is an epistemic resource and a necessary feature to ensure successful epistemic
processes. Firstly, it ensures effective criticism. Secondly, plurality gives rise to
"a variety of pathways to a similar end" (p. 200), namely the collectively shared
pursuit of understanding the natural world we live in. While traditional philosophy
has paid much attention to the "S knows that p" conceptualization of knowledge,
i.e., propositional knowledge, Longino argues that this notion is oversimplifying.
In practice, scientists are interested in a multitude of complex causal relationships,
and less in knowing that something is but more in knowing how and why.

Plurality gives rise to a variety of scientific commitments that take on different
aspects of a complex process. The ways in which aspects of the world are then
modeled or represented in order to reason and conjecture about them, depends
on the given context and commitment:

"["World"] can also mean the collection of aspects of the world that is
salient to those approaching it with a given set of assumptions and
strategies for acquiring knowledge not to mentioned a given sensory
and cognitive apparatus. In this sense there are many worlds." (p. 94).

And there lies an opportunity in that, which shall be leveraged. Arguing that
the natural world is too complex to be captured in one unified theory, she promotes
plurality (the existence of "many worlds") as a chance to capture many different
aspects at once, with different commitments. Epistemologies are localized and
knowledge shall be seen as "provisional, partial, and context-dependent" (p. 143).

Evaluating the Success of Content

Knowledge in the third sense–knowledge as content–signifies content that is
successful in qualifying as knowledge. As noted in the previous paragraphs,
Longino posits that community standards determine this success, and impor-
tant aspects therein are the locatednes of subjects and the diversity of views.
Notwithstanding, she clearly distances her conceptions from relativism. Central
to Longino’s theory are conformation and epistemic acceptability. Both of these
notions consolidate the more traditional philosophical idea of evidential norms,
i.e., the requirement that empirical evidence must support the truth of a claim,
and the sociologists’ idea of community norms, i.e., the requirement that the
community must approve of a claim.

A content, e.g., in the form of a theory or claim, may be understood as a
representation that relates to some object. Conformation describes this relation. It
is given if the representation preserves certain properties or relative dimensions
of the object in a way that facilitates useful interaction with the object; in other
words, if it "sufficiently enable[s] members of [the community] to carry out their
projects with respect to that/those object(s)" (Longino, 2002p. 136). Conformation
is community-specified through representational conventions and the respective
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project-specific purposes or needs. Due to the latter, content with no attachment
to or measurable consequence for some real-world object, cannot be successful.
As opposed to "false" versus "true", the notion of conformism allows for degrees. A
content can conform to a certain degree and different contents or representations
can conform to different degrees or in different ways.

Indeed, Longino rejects "truth" or "false" as appropriate measures to evaluate
the success of scientific content. She takes an example by Cartwright (1983), who
pointed out that the laws of physics are not in a strict sense true. They hold true
only ceteris paribus, when a wide range of idealized conditions are met. A second
example she refers to is by Hacking (1992), who discusses that the statement "The
population of Paris in 1800 is N " can only hold true given an established praxis
of population counting, a shared definition of population or residency. And it
can only hold true within a very short moment in time. Nevertheless, both cases
provide representations that help reason and inquire about their respective matter.
Physics laws might be inaccurate and simplifying, but in their inaccuracy and
simplicity, they allow to reason abstractly about a set of related phenomena. In
this way, Longino argues, theories are comparable to maps: depending on the
purpose for which the map be used, it represents terrains in different ways; at
different levels of scale, in different colors, emphasizing certain elements of the
real surface of the earth, omitting others. While maps must not be a copy of each
geographic detail, they must still reflect the real-world in a way that allows to
draw conclusions about it. For instance, relative distances between elements of
interest must correspond to real-world distances in some way. Conformism is
seen as a more suitable notion than "true" or "false", because it can describe more
complex contents (than, e.g., simple propositional knowledge). Such contents
can comprise certain elements that are in strict terms "true", elements that are in
strict terms "false", as well as certain conventional elements (e.g., how the notion
of a population is operationalized).

What distinguishes science from what Longino calls "wrongheaded" beliefs
such as creationism, is epistemic acceptability. It constitutes an empiricist element
in her philosophy and combines the idea of socialized cognition with the need
for empirical evidence for justification. A theory must represent that which it
is supposed to represent such that it facilitates interaction with and conjecture
about it in a useful capacity. And it can only be useful, if it corresponds to the real
world in some way. She claims that a community develops its standards for the
validation of content embedded in a physical environment, which its members
are interested to represent accurately. And at any given time, these standards
are themselves subject to scrutiny. So, standards that are in conversation with
the physical world, and produce (or try to produce) accounts that are empirical
plausible become distinguishable from those accounts that do not even attempt to
correspond with empirical inquiry, such as creationism. In order for this principle
to function well, however, empirical communities must actively seek and expose
itself to effective criticism.

Normative Account of Social Knowledge

Building on her account of the sociality of knowledge, Longino (2002) proposes
a normative theory of (social) knowledge. She defines a range of criteria that
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ensure effective discursive interactions and, consequently, knowledge-productive
communities:

1. Venues: There must be public venues where research, including its underly-
ing assumptions, methods, etc., is criticized and discussed. The criticism of
research must receive the same value as the original research itself, because
it contributes to the (re-)evaluation of theories and "to better appreciation
of their grounds and of their consequences".

2. Uptake: The criticism must be taken up into a critical discourse within the
community and it must be followed by adjustments to beliefs and theories
made over time. This way criticism becomes constructive and justificatory.

3. Public standards: There must be publicly shared standards by which theories,
hypothesis and the empirical study procedures ("observational practices")
are evaluated. Based on these standards criticism can be formulated such
that they pertain to the goals of the community and are nonarbitrary. These
standards themselves can be subject to scrutiny and change.

4. Tempered equality: Shared standards must be based on a consensus, derived
from critical discourse between a diversity of perspectives, and thereby not
influenced by social position or economic power.

The last condition, tempered equality, is emphasized in the book. Longino (2002)
argues that "the exclusion of women and members of certain racial minorities
from scientific education and the scientific professions constitute not only a social
injustice but a cognitive failing" (p. 132). She refers to the history of racist
theories held up in the sciences, which remained unquestioned for a long time
because racially minoritized individuals were excluded from discursive practices.
Hence, the scientific community must actively pursue members from under- or
unrepresented groups, and engage in serious dialogue or uptake of respective
criticisms.

3.3.3 Take-Aways

This section presented different feminist epistemologies with several commonali-
ties, but also certain distinctions. We shall firstly recapitulate the commonalities:
A central theme is the juxtaposition of a masculinist tradition in philosophy
that is characterized by a rationalistic, de-situated, and disembodied pursuit of
truth, versus an alternative feminist view that draws attention to the situatedness,
sociality, power, and dominance within knowledge processes. All accounts have
in common the understanding that knowledge is inherently social and situated,
but that objectivity is nevertheless a possibility and something to strive for. But
there is disagreement as to how it can be achieved.

Haraway and Longino both interpret standpoint theory as being relativist and
make it a point to distance themselves from it. In her commentary on Harding’s
take on the feminist standpoint theory, Longino (1993) states:

"If we abandon the idea that knowledge is one, and when achieved,
absolute, if we assume the location of knowledge in sociohistorical
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contexts and become pluralists, we are still faced with the ancient
problem of distinguishing knowledge from opinion and what the
distinction amounts to" (p. 212).

And her solution to enabling objectivity despite the sociality of knowledge
production is empiricism. While community consensus determines our knowledge-
productive methods and standards for evaluation, these still need to be empirically
acceptable.

As mentioned earlier, Harding (2013) rejects the classification of feminist
standpoints theory as relativism, because the theory does not expect all social
situations to be equally likely of producing valuable claims. Instead it specifically
assigns the potential for an epistemic advantage to the "outsider within" (Collins,
1990). Standpoint theory goes as far as claiming that feminist research is better
research, which can lead to stronger objectivity, because it actively promotes
reflexivity.

In an analysis of feminist empiricism and feminist standpoint theory 25 years
after their inception, Intemann (2010) claims that standpoint theory’s emphasis
of situated, embodied experience can actually be read as empiricism. She claims
that both theories are empiricist, contextualist (justification depends on local
set of assumptions, methods, and values), and normative (there is no value-free
science, and certain commitments are better in promoting objectivity). Intemann
identifies two central differences: Firstly, both theories agree that diversity is
important for objectivity, but differ in the kind of diversity they consider beneficial
to science. Longino (2002) requires diversity of values and interests within scientific
communities, criticism from as many different views to cancel out individual
biases. Harding (2013) require diversity of social position, "because social positions
track power relations in ways that are epistemically significant" (Intemann, 2010,
p. 790). Intemann asserts that this latter kind of diversity, the diversity of social
position is actually more likely of yielding different empirical evidence, on which
justification and criticism may be based. In that sense, it seems more consistent
with feminist empiricism than the demand for diversity of values and interest.
The second difference, according to Intemann, relates to the role of values: stand-
point theorists explicitly favor "antiauthoritarian, antielitist, participatory, and
emancipatory values" (Harding, 1986 p. 27) over opposing values. The argument
against sexist and androcentric value judgments is that they are considered less
supported or even unjustified (Intemann, 2010). Feminist empiricism, however,
appears not to be concerned with the actual content of values, as long as a
sufficient amount of different values are represented to neutralize idiosyncrasies.
Intemann (2010) argues that this is in away inconsistent with feminist empiricism’s
inherent political and ethical stance. She suggests to bridge these gaps between
the two theories by accepting the standpoint theory take on these remaining
two differences: to favor diversity of social position over diversity of values
and interests, as well as to endorse the idea that certain political and ethical
commitments are more beneficial for science than others. This would give rise
to what she calls feminist standpoint empiricism.

Indeed, feminist standpoint empiricism describes well the kind of epistemology
on which this thesis analyzes knowledge technology and the processes involved
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in its creation and evaluation in AI. Here is a list of the core assumptions, I take
away from the preceding section:

1. Knowledge is social, situated, partial, and embodied: gender, race/ethnicity,
class, social relations, and roles influence what we can know.

2. Knowledge is contextual: justificatory processes are embedded in a locally
shared set of assumptions, research goals, and methodologies.

3. Objectivity requires empirical evidence: justification needs to be anchored
in empirical evidence and embodied experience.

4. Objectivity requires diversity of social position: different experience must
contribute to knowledge-productive processes, and the experience ofmarginal-
ized groups are epistemically particularly valuable.

5. Objectivity benefits from democracy-advancing values: values that drive
diversity and are power-sensitive are beneficial to science.

3.4 Feminist Epistemology: Knowledge, Injustice, and
Oppression

We have now seen that knowledge can be understood as social and situated,
and in which ways the pursuit of objectivity can be conceptualized with this in
mind. Now, the focus is shifted more towards the experience of non-dominant as
opposed to dominant groups with regards to the sharing and gaining of knowledge.
Specifically, the notion of epistemic injustice proposed by Miranda Fricker and
expansions and modifications suggested by Rebecca Mason and Kristie Dotson
are discussed. This section illustrates the ways in which epistemological and
ethical concerns are intertwined and how matters of justice and injustice play
a role in our collective pursuit of knowledge.

3.4.1 Fricker: Knowledge as a Site of Injustice

In her book "Epistemic Injustice: Power and the Ethics of Knowing", Fricker (2007)
draws attention to power-related dynamics and resulting injustices in the sharing
of and access to knowledge. She problematizes injustices that pertain to someone’s
capacity as a knower (on an individual but also structural level), subsumed under
the notion of epistemic injustice. Fricker describes two different kinds of epistemic
injustice, testimonial injustice and hermeneutical injustice. In the following, both
concepts shall be explained in more detail.

Testimonial Injustice

At the basis of her account of epistemic injustice is her conception of social power
as "a practically socially situated capacity to control other’s actions, where this
capacity may be exercised (actively or passively) by particular social agents, or
alternatively, it may operate purely structurally" (p. 13). She argues that whenever
power is at play, questions regarding "who is controlling whom, and why" must be
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asked (p. 13). A particular type of power she is interested in here is identity power.
A form of power that is significantly dependent on ("imaginative conceptions
of") social identity. An example arena of this is gender. A common experience is,
e.g., that a woman attempting to share her testimony is silenced by a man, which
exemplifies an act of identity power. The same type of power might cause women
not to even attempt at speaking, in certain situations. Acts of identity power
do not need to be explicit and deliberate. Identity power lives within collective
social imagination and affects the behaviors and perceptions of all agents involved.
Hence, Fricker argues, identity power happens on a structural level.

Just like identity power, identity prejudice is carried by collective imaginations
of identity. And the discrediting of a speaker due to identity prejudice is an
execution of identity power. The main mechanism that influences identity-
prejudicial credibility allocations are stereotypes. These are defined as "widely
held associations between a given social group and one or more attributes" (p.
30). Most of the time, a hearer needs to immediately decide whether or not to
believe what someone else is testifying–because they are in a conversational
flow or learning something spontaneously without access to external means of
verification. Hence, the need to rely on heuristics. This opens up the entryway for
stereotypical attributions, as they can shape the assumptions that a hearer draws
from when spontaneously judging someone else’s testimony.

The central case of testimonial injustice is an identity-prejudicial credibility
deficit experienced by the speaker. In other words, the speaker is not attributed
(deserved) credibility due to an identity-related prejudice on the listener’s end.1
Fricker (2007) lists several examples where individuals are not taken as credible
testifiers due to their gender, accent, or skin color. One example stems from
the movie "To Kill a Mockingbird", in which the testimony of a White girl is
weighed against the testimony of a Black boy, in a rape trial. Even though the
evidence clearly indicates his innocence, the boy is ultimately found guilty by the
jury and he later meets a fatal ending. While she understands that her choice of
example might seem extreme, Fricker aims to illustrate how testimonial injustices
are systematically linked to different areas of social experience: The boy in the
story had prior been subject to all sorts of injustices caused by identity prejudice
unrelated to testimony–in the educational, work, sexual, political, legal context,
etc. Testimonial injustice that links to injustices happening across areas of life is
systematic. The worst case of testimonial injustice is the type that is systematic as
well as persistent over time. This is, ultimately, the kind of testimonial injustice
that is the focal point of her analysis.

Hermeneutical Injustice

Hermeneutic injustices refers to inequalities regarding the availability or ac-
cessibility of hermeneutic resources. Just as identity power directs credibility
assignments, it also directs the availability of hermeneutical resources. Structural

1. Of course, prejudice can also lead to credibility excess. According to Fricker (2007), however,
this is generally not expected to be a disadvantage. Or considering that there could be cases in
which it is a disadvantage, those are not considered to happen repeatedly over long courses of
time. Credibility deficit, on the other hand, wrongs someone "specifically in her capacity as a
knower" (p. 20) in a systematic and persistent way.
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identity prejudice causes the hermeneutically marginalization of certain groups
of people by obscuring "some significant area of [their] social experience [...]
from collective understanding" (p. 155). Hence, hermeneutic injustice is a form of
structural discrimination. In the Introduction (Chapter 1), the following example
was used: the story of Carmita Wood who experienced sexual harassment without
having the words to name it, leading to a sequence of adverse consequences
(experiencing health issues, losing her job, not receiving unemployment insurance).
Another example mentioned by Fricker (2007) is that of a woman who learns about
postpartum depression after having experienced it for a while and having endured
her husband’s and her own blame for it. Obtaining a piece of information relevant
to making sense of one’s own experience or one’s own self can be liberating
and empowering in material and psychological ways. It may allow someone to
make a life-changing decision and find better opportunities, and it may relieve
psychological pressure by eliminating self-blame. Not being able to obtain such
information, however, can cause material and psychological harms.

Harms of Epistemic Injustice

The harms of epistemic injustice are manifold. Firstly, there is a purely epistemic
harm in not letting knowledge circulate into our epistemic system. In the case
of testimonial injustice this happens when a hearer fails to attribute credibility
to the testifier due to identity prejudice. In this case, knowledge is lost which
could have contributed to the collective pursuit of truth.2 Hermeneutical injustice
causes the same exclusion, because the unavailability of relevant hermeneutical
resources impacts what persons are able to say or how they are able to say it. It
makes them less equipped to share their accounts. Besides such epistemic harms,
there are also ethical harms done to the knower in both situations:

"To be wronged in one’s capacity as a knower is to be wronged in
a capacity essential to human value. When one is undermined or
otherwise wronged in a capacity essential to human value, one suffers
an intrinsic injustice." (p. 44).

If we consider rationality as essential to our humanity, the experience of
any type of epistemic injustice is, thus, not only to be "degraded qua knower",
but also to be "degraded qua human" (p. 44). Because sharing ones knowledge
and contributing to the collective activity of pooling knowledge are necessary
conditions to acting as a knower, there is inherent ethical harm in not being allowed
to do that. Moreover, gaps in collective knowledge resources can influence how
the surroundings perceive and construct someone’s experience for them. Fricker
uses the example of a gay person not given the resources to make sense of their
own feelings. Instead, people surrounding them would impose different causes
and valuations onto them, based on their own prejudice.

There are also practical harms that follow from epistemic injustice. The
example of the woman experiencing postpartum depression without proper under-
standing of her own experience exemplifies how hermeneutical injustice can harm
a person’s career perspectives. Of course, testimonial injustice can also cause

2. Fricker also briefly hints at the political importance of a free "collective speech situation".
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obstacles in the work context. For instance, not being able to share own accounts
and ideas might prevent a person from progressing in their career. Not being
treated as credible can firstly cause a loss of confidence in one’s own cognitive
abilities and eventually lead to mistrust one’s own beliefs. Similarly, being unable
to resolve a dissonance between one’s own experience and others’ understanding of
it–due to a lack of hermeneutic resources–can decrease one’s epistemic confidence
and increase mistrust in one’s own epistemic capabilities. This again can ultimately
cause "literal loss of knowledge" (p. 163). These examples come to show the
epistemic and ethical harms of epistemic injustice are intertwined.

Referencing Iris Marion Young, Fricker adds that systematic and persistent
testimonial injustice is a face of oppression. And this oppression is not necessarily
always explicit but also at times "a by-product of residual prejudice in a liberal
society" (p. 58).

Virtue Ethics as a Remedy

Fricker appeals to virtue as a remedy to epistemic injustice. She promotes the idea
of training our testimonial sensibility, such that we learn to attribute credibility
free of identity prejudice and correct testimonial and hermeneutical injustice. She
characterizes a virtuous hearer that is aware and reflexive of the struggle a speaker
might experience due to the unavailability of certain vocabulary or concepts. This
includes a hearer’s awareness that this obstacle in communication is a systematic
one and not a "subjective failing". In any instance, the virtuous hearer aims to
"[adjust] upwards [the degree of credibility] to compensate for the cognitive
and expressive handicap imposed on the hermeneutically marginalized speaker,
by the non-inclusive hermeneutical climate, by structural identity prejudice"
(p. 170). In the long run, this virtue aims to change the hermeneutical climate
such that hermeneutical lacuna are bridged. Fricker (2007) concludes, however,
that individual virtues cannot finally resolve this issue that is ultimately caused
by social power. Individual virtues can only do a small contribution. Without
elaborating this proposition much further, Fricker suggests that the real solution
lies in political action targeting a shift in power.

3.4.2 Mason & Dotson: On Ignorance and Oppression

Rebecca Mason and Kristie Dotson both offer criticism and consequent expansions
of Fricker’s notion of epistemic injustice. In particular, both thinkers insist that
there are more than one set of collective hermeneutical resources and that power
and ignorance play a role in keeping non-dominant hermeneutical resources
excluded from dominant discourses. Furthermore, Dotson introduces the concept
of epistemic oppression to act as an umbrella for different types of epistemic
exclusions. She sees epistemic injustice as only one of many forms.

Blameworthy Ignorance

In "Two Kinds of Unknowing", Rebecca Mason critiques the original conception of
hermeneutical injustice as negligent towards the epistemic agency of marginalized
subjects. She argues that while being excluded from the dominant resources, the
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marginalized still engage with non-dominant resources and "resistant epistemic
and communicative practices" (Mason, 2011, p. 295). She supports her argu-
ment with the aforementioned story of Carmita Wood: after having experienced
continuous sexual harassment at work and losing her job, Wood joined a feminist-
run seminar. The women in this group discussed their shared experiences and
eventually coined the term "sexual harassment". Giving this particular experience
a name is an achievement that was surely illuminating to many women at the
time. But, Mason points out, the fact that these women felt the need to and were
able to name their experience shows that they very well had an understanding
of their social experience. She continues to propose a distinction between "two
kinds of unknowing" (p. 301): (1) hermeneutical injustice and (2) epistemically
and ethically blameworthy ignorance.

Instead of seeking the cause for hermeneutical injustice in the gaps in our "col-
lective" hermeneutical resources (resulting from the operations of identity power),
Mason argues, we must distinguish between dominant versus non-dominant
hermeneutical resources. Mason insists that what dominant hermeneutical re-
sources fail to cover might very well be covered by those non-dominant ones. An
example are those resources that were cultivated within the feminist movement.
Non-dominant subjects might very well be able to understand their experience,
their accounts might just not be able to transcend those non-dominant discourses
because they are (willfully) ignored or distorted by the dominant group. By
speaking only of "collective" hermeneutical resources, she argues, Fricker is failing
to render these problematic practices visible. Moreover, she references feminist
standpoint theory in claiming that "powerful groups do not ipso facto get a better
view" (p. 301) and that disadvantaged subjects are able to obtain unique insights
into society and power. Further, drawing from Mills (2017), she suggests that,
indeed, powerful groups may be blame-worthily ignorant towards parts of their
own experience such as to maintain the status quo that works in favor of their
own privilege. For the harasser, staying ignorant towards the concept of sexual
harassment or sexism and one’s own role in it helps to sustain one’s self-perceived
innocence. The distorted conception of the harasser may not be harmful to the
harasser himself, but it sure is harmful to the person being harassed. To summarize,
a key take-away from Mason’s account is that hermeneutical injustice is more
than just the potential inability of non-dominant groups to make sense of their
experiences. It can also take shape in "willfully sustained ignorance [that inhibits]
communicative encounters between members of dominant and non-dominant
groups" (Mason, 2011, p. 306).

Epistemic Oppression

Dotson (2012) proposes an expansion of Fricker’s work that is similar to Mason’s
notion of epistemically and ethically blameworthy ignorance. She calls this form
of epistemic injustice contributory injustice: it involves the willful hermeneutical
ignorance of epistemic agents, which feeds into and benefits from biased hermeneu-
tical resources. The biases are a result of structural identity prejudice and are not
necessarily manifested in gaps in collective hermeneutical resources. Rather, they
allude to the refusal in accepting or perceiving the alternative resources.
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Epistemic injustice as introduced by Fricker is considered one form of epistemic
exclusion, which Dotson (2012) defines as "an infringement on the epistemic agency
of knowers that reduces her or his ability to participate in a given epistemic
community" (p. 24). Persistent forms of epistemic exclusion give rise to epistemic
oppression (Dotson, 2014, p. 115). This term was actually first coined by Fricker
(1999) but not paid further attention until Dotson’s contribution. She argues that
this is due to the perception that epistemic oppression is reducible to political
oppression. In response to this, she shows that there are three orders of epistemic
oppression, of which the third one is inherently epistemic and not reducible to
social or political oppression. She distinguishes the three orders by measures of
how much effort would be involved to bring about change.3

First-order epistemic exclusion happens when an epistemic agent is violated in
their ability to participate in knowledge production (Dotson, 2014). Testimonial
injustice is one example of that (Dotson, 2012). Values that are already in place
within an epistemic community are not properly applied. In the case of testimonial
injustice, it is assumed the right thing to assign credibility to someone who wants
to share their knowledge. However, based on an individual identity prejudice,
this is not realized. Solving this issue requires first-order change, because the
framework and values are the right ones, but are just not implemented correctly.
This is (theoretically) solvable on a political level. Second-order epistemic exclusion
is a result of a lack of shared epistemic resources, i.e., hermeneutical injustice. The
cause is not an individual prejudice, but a structural one. Change would require a
reform of political structures. Finally, third-order epistemic exclusion is brought
about by "inadequate dominant, shared epistemic resources" (Dotson, 2014, p.
129). This is exemplified in contributory injustice. The epistemic framework that
is in place is flawed. But for those situated within this framework it is difficult
to come to this revelation, as the concepts provided by the framework do not
easily permit the necessary understanding. It requires scrutiny of the established
epistemic system from "outside". The paradigm shift that would be needed to
solve this type of issue is hard and unlikely to achieve. Due to the specifically
epistemic revelation needed here, third-order epistemic oppression is distinctively
epistemic and not reducible to political oppression.

3.4.3 Take-Aways

Fricker’s notion of epistemic injustice is helpful in developing an understanding
of the specific types of harm done by biased AI specifically in the context of
knowledge. In particular the notion of hermeneutical injustice is directly applicable
to the lacunae within authoritative, widely used AI-based knowledge technology.
Epistemic injustice is a "degra[dation] qua human" (Fricker, 2007, p. 44), that can
cause psychological and material harm. The loss of epistemic confidence through
experiences of testimonial injustice and the lack of hermeneutical resources
to permit expressing oneself adequately keeps knowers from contributing to
knowledge-productive or -disseminating processes. This, effectively, is a loss for
the collective pursuit of knowledge.

3. The order of change heuristic is drawn from organizational development theory (Bartunek
and Moch, 1987).
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As Mason (2011) and Dotson (2012) point out, hermeneutical injustice are not
only attributable to structural circumstances. They are also an effect of willful,
blameworthy ignorance. Those experiencing–what Dotson calls–contributory
injustice have their own epistemic resources to make sense of their experience,
as exemplified in the case of Carmita Wood. The issue is that the non-dominant
hermeneutical resources are not accepted, nor taken up into the dominant dis-
course. This is to the effect that those who are powerful maintain the existing
structures and evade scrutiny. This situation is difficult to resolve, because it is a
flaw of the very epistemic framework. In the context of this thesis, this third-order
type of epistemic exclusion is epitomized in AI benchmarking practices. The
established epistemic tools are flawed such that biases are rendered invisible. We
shall add the following core insights to the list:

6. Knowledge can be a site of injustice: operations of power and bad epistemic
practice can cause epistemic and ethical harm to marginalized groups.

7. Epistemic oppression can be a matter of the epistemic paradigm itself: in
analyzing forms of epistemic exclusion, flaws in the overall paradigmatic
framework must be considered as a potential source.

3.5 The Feminist Study of AI

After this introduction to selected theories in feminist epistemology, we shall shift
our attention back towards AI technology. This section presents two works that
have been among the first to evaluate AI systems and human-machine interaction
based on assumptions of situatedness and feminist accounts of objectivity. This
includes a contribution by Alison Adam, which discusses epistemic and ethical
aspects of 1990’s symbolic AI technology, and Lucy Suchman’s analysis of human-
machine interaction.

3.5.1 Adam: AI and the View From Nowhere

The work presented by Adam (1998) draws from studies on gender and technology,
as well as gender and science, and feminist epistemology. She draws from the
discourse around the view from nowhere, i.e., masculinist accounts of disembodied,
unpositioned rationality, and objectivity discussed in the previous sections. At
the backdrop of the feminist-epistemological critique of this account, Adam
investigates whether the knowing subject is made explicit in the context of AI;
and if so, how it is characterized and, and if not, how it is implicitly inscribed.

The type of AI system Adam (1998) analyzes in her book is symbolic and based
on encyclopedic KGs. This was the dominant paradigm in the field, at the time.
At the time, distributed approaches received much less attention. Her comparison
between knowledge in AI and knowledge in humans is not meant to imply that AI
knows or can know. Her aim is rather to articulate the contrasts between "artificial
knowing" and "human knowing", in particular "knowing of women" (p. 1). That is,
Adam argues that gender and a "gendered vision of the world" (p. 1) is implicitly
inscribed in AI. Gender, here, is defined as the distinction between masculinity and
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femininity as general, value-laden concepts. Her claim is that AI systems, allegedly
created to model human knowledge, is in actuality modeled after male knowledge.

One of the systems she analyzes in much detail is Cyc, a large-scale knowledge
base built with the vision of "spanning most human common sense or consensual
knowledge" (Adam, 1998, p. 81) from the 1990s. The director of the project, Doug
Lenat, is said to have originally envisioned a system that knows a large part of
consensus reality, that is all-encompassing and general-purpose to the extend that
all new computers would benefit from being shipped with Cyc pre-installed. While
this vision might not seem all to strange in the eyes of a 2020’s reader, it was indeed
seen as quite bold, back then. This was to the point that the project aimswere toned
down significantly, later on. In the project descriptions of Cyc, Adam was not able
to find clear indicators of the knowing subjects. Not only is "consensus" taken for
granted, but also the subjects that are consenting. So, she resorted to deducing the
who from the what by analyzing the specifications and contents of the system.

With regards to what content gets to be represented in a system like Cyc,
a number of strong assumptions have to be made. For instance, even if the
model is able to represent different competing theories of a problem (e.g, different
economical theories), it has to be decided which are known or relevant enough
to go into the system. Adam finds that the developers work with the assumption
that "the real world" can easily be accessed, and that what is truer than other
things will be clear to those with normal, "non-weird" perspectives (which are of
course unspecified). Adam, however, criticizes this perspective from a feminist
stance, e.g., those discussed in earlier sections of this Chapter. According to
this feminist view, neutral and direct observations of the world are impossible.
They are mediated by intent and partiality. According to Adam, in seeking out
"consensus" knowledge, the system is made to represent hegemonic worldviews
without taking into consideration the power and privilege that form the hegemony.
And she argues that these views are identifiable as reflecting the views of the
system designers themselves. Adam (1998) also analyzed another system named
Soar, which meant to represent problem spaces and to facilitate search-based
extraction of solutions across different domains (logic problems, NLP, tactics, etc.).
It was built on a theory of the nature of human problem solving backed by evidence
from observation studies with technically educated, young, male, college students.

In conversation with the anthropological study of Forsythe (1993), who ob-
served that the engineers behind expert systems "delete the social", Adam argues
that engineers of symbolic AI systems delete the subject. This, she sees as "a
consequence of their following in the footsteps of the classical position in episte-
mology where the nature of the knowing subject has been traditionally denied as
an essential element in the making of knowledge" (Adam, 2000 p. 251). And as
was discussed in Haraway (1988), the deletion of the subject purports a view from
nowhere that evades critical analysis of the knower’s positioning and accountability.
As Adam is discussing power, she draws attention specifically to the "hierarchy of
knowers" that have stakes in AI systems. The top of the hierarchy is inhabited
by the mostly White and male engineers, privileged with the power to make
ontological decisions and to decide which knowledge is accepted enough to be
eternalized in the system. And this again acts as a confirmation of their worldviews.
Their views and knowledges are seemingly objectified through technology, and at
the same time distributed at scale. This feeds into the continuous marginalization
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of the less powerful knowers. In making aware of these issues, Adam hopes to
inspire efforts for more inclusive approaches to AI engineering, in the spirit of
a successor technology (Adam, 1998).

3.5.2 Suchman: Humans, Machines and Situated Actions

In her 1987 book "Plans and Situated Actions: The Problem of Human-Machine
Communication", Lucy Suchman dissects the relationship between plans and
actions and draws from it insights and implications regarding the study of human-
machine interaction.4 Suchman studied users’ interactions with the "expert
help system" of a photocopier, which had been developed with the intention
to interactively guide users through their operations on the machine. The design
of this interaction was realized in accordance with the planning model of human
action and communication, a rationalist theory of human cognition and planning,
which was the dominant paradigm in interactive AI design, at the time. Presumed
goals and plans of users operating the photocopier were represented in a structured
"knowledge representation" as "condition-action rules" (Suchman, 2007, p. 10).
However, in an observational study, Suchman documented several issues users
experienced when interacting with the expert help system. She attributed these
issues to problems with the planning model itself. According to the planning
model, plans are preconditions and prescriptions of action sequences, and plans
give meaning to actions. This conceptualization is rejected by Suchman, who
claims that actions are situated, determined by "local interactions contingent on
the actor’s particular [social and material] circumstances" (Suchman, 1987p. 28;
emphasis added). Rather than being a prescription of some sort, a plan is an
abstract representation that allows us to project a potential sequence of actions,
or to reconstruct an already occurred course of actions to facilitate reasoning
and communication about it. In any case, plans are representations that are
efficient, precisely, because they do not capture each action or circumstantial
matter at the highest level of detail. In a way, her account reminds of Longino’s
map analogy: a map that is a perfect copy of the surface of the earth would defeat
its purpose of allowing to reason and communicate about certain characteristics
efficiently (Longino, 2002). Likewise, a plan would defeat the purpose of allowing
to reason and communicate about certain characteristics or milestones, if it were
a perfect representation of every single action and situational detail (potentially)
involved in reaching its goal state. Rather, a plan is a resource for situated action. In
particular, in the face of unexpected issues, actions are decided under consideration
of the concrete circumstances and the explicated rules and goals of a plan, in
order to problem-solve. And so, she draws a line between machines and humans,
because machines do not have the same type of access to the real world, they
cannot spontaneously adapt to potential contingencies.

4. She also published an extended second edition of the book, entitled "Human-Machine
Reconfigurations: Plans and Situated Actions" (Suchman, 2007) 20 years later. This extended
version is a testament for the fact that her work has had great influence on the fields of STS,
human-computer interaction (HCI), and AI. It includes the first edition in full and adds additional
chapters to shift the focus more towards the boundaries between human and machine, and what
they tell us about their agencies. Please note that I am refraining from presenting these additional
thoughts in detail here, as these are beyond the scope of the inquiry presented in this dissertation.
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Suchman (1987) also discusses assumptions about communication implied in the
rationalist account. The rationalist account suggests that communication of intents
(to reach mutual intelligibility) is achieved through conventional expressions, and
by drawing from a shared body of knowledge about typical situations and appropri-
ate actions. She, however, argues that any communicative expression is, again, an
incomplete representation. The actual meaning of any communicative expression
depends on the situation of its use. And a lot of this situation remains "unspoken".
She also hints at the computational practice of utilizing knowledge bases to access
contextual information, asserting that the premise is faulty: "there is no fixed
set of assumptions that underlies a given statement" (p. 61). Hence, instructions
given to a machine can never be complete. Moreover, the use of communicative
expressions also influences the situation. Despite the vagueness of language,
interpersonal communication is mostly successful, because we collaboratively
develop a sense of mutual understanding. "Communication [...] is not a symbolic
process that happens to go on in real-world settings but a real-world activity
in which we make use of language to delineate the collective relevance of our
shared environment" (Suchman, 2007, p. 178).

Furthermore, she claims that there is no such thing as an a priori "common
sense" objective reality. Objectivity is a result of social interactions. Social prac-
tices, schemas, and methods (which themselves are products of social practices),
which we use to communicate individual experiences and circumstances, allow to
"render the world publicly available and mutually intelligible" (Suchman, 1987, p.
57); the product of which is a shared understanding of the social world. This again,
makes it implausible to model "common sense" as a computational resource.

3.6 Take-Aways

Both of these works shed light on the de-situated, disembodied understandings of
knowledge, action, and communication that have dominated engineering practices.
They demonstrate in which ways these conceptualizations are limiting to the
engineering practice and knowledge discovery, as well as ethically harmful.

The system discussed by Adam (1998) is comparable to the types of KGs that
are at the core of many of the analyses in this dissertation. Based on the parallels,
there are a lot of direct conclusions to draw: what content gets presented in
encyclopedic KGs is highly dependent on the social situation and worldviews
of those who get to design these systems. This gives them a unique privilege,
as it enables them to ratify and disseminate their own knowledge through an
authoritative form of representation. This constitutes a hierarchy of knowers. And
in the case of Cyc, this hierarchy is led by a homogeneous, Western, White, and
male demographic. In abstracting away or deleting the subject from the technology,
it applies the god trick and evades scrutiny and accountability. As we will see in
Chapters 4 and 5 of this thesis, these observations are all applicable to modern-day
AI-based knowledge technology.

Suchman (1987) illuminates how the view from nowhere is also found in
conceptualizations of human-machine interaction. She states that human actions
are situated and must be studied as such. Plans are abstract, purpose-driven
representations of situated action; language is abstract, purpose-driven represen-
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tation of actual intent. Furthermore, she rejects the idea of an a priori objective
reality. Instead, she claims that objective reality emerges from interpersonal
interactions. So, communication is not fully representable in symbolic form and
knowledge is not either. Suchman’s work has two implications for this thesis:
firstly, it emphasizes that studying the effects of machines on humans requires a
situated analysis of this type of interaction. While this thesis is clearly not an HCI
study, there are still significant elements of human-machine interaction involved.
That is, in evaluating epistemic and ethic goodness, we must look beyond the
characteristics or composition of the system itself and consider the wider social
context. In critiquing AI evaluation metrics and benchmarks, we must do the same
thing. Evaluation of system behavior must be contextualized (Barocas et al., 2023),
as the study presented in Chapter 6 will demonstrate in more detail. Secondly,
Suchman’s work can be interpreted as a pointing towards limitations of enhancing
LMs with "world knowledge", as such cannot be fully represented outside of direct
human interactions (see Chapter 5). Finally, the following point shall be added
to the summary of core take-aways from this Chapter:

8. Evaluation of technology must be contextualized: human-machine inter-
action is situated and can only be adequately analyzed in a contextualized
manner.

3.7 Conclusion
This Chapter provided an introduction to epistemology, emphasizing the differ-
ences between "traditional"Western and social epistemology, in particular feminist
epistemology. It compared feminist standpoint theory and feminist empiricism,
and presented a consolidation of both accounts as offered by Intemann (2010).
The notions of epistemic injustice and -oppression were introduced and discussed.
Finally, two critical works bridging feminist theory and AI were summarized.
The following is the complete list of key take-aways, which will be referenced
in the final discussion in Chapter 7:

1. Knowledge is social, situated, partial, and embodied: gender, race/ethnicity,
class, social relations, and roles influence what we can know.

2. Knowledge is contextual: justificatory processes are embedded in a locally
shared set of assumptions, research goals, and methodologies.

3. Objectivity requires empirical evidence: justification needs to be anchored
in empirical evidence and embodied experience.

4. Objectivity requires diversity of social position: different experience must
contribute to knowledge-productive processes, and the experience ofmarginal-
ized groups are epistemically particularly valuable.

5. Objectivity benefits from democracy-advancing values: values that drive
diversity and are power-sensitive are beneficial to science.

6. Knowledge can be a site of injustice: operations of power and bad epistemic
practice can cause epistemic and ethical harm to marginalized groups.
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7. Epistemic oppression can be a matter of the epistemic paradigm itself: in
analyzing forms of epistemic exclusion, flaws in the overall paradigmatic
framework must be considered as a potential source.

8. Evaluation of technology must be contextualized: human-machine inter-
action is situated and can only be adequately analyzed in a contextualized
manner.
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The Lifecycle of "Facts": A Survey of

Social Bias in Knowledge Graphs

Knowledge graphs are increasingly used in a plethora of down-
stream tasks or in the augmentation of statistical models to improve
factuality. However, social biases are engraved in these representa-
tions and propagate downstream. We conducted a critical analysis of
literature concerning biases at different steps of a knowledge graph
lifecycle. We investigated factors introducing bias, as well as the
biases that are rendered by knowledge graphs and their embedded
versions afterward. Limitations of existing measurement and mitiga-
tion strategies are discussed and paths forward are proposed.
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4.1 Introduction

Knowledge graphs (KGs) provide a structured and transparent form of information
representation and lie at the core of popular Semantic Web technologies. They
are utilized as a source of truth in a variety of downstream tasks (e.g., information
extraction (Martínez-Rodríguez et al., 2020), link prediction (Getoor and Taskar,
2007; Ngomo et al., 2021), or question-answering (Höffner et al., 2017; Diefenbach
et al., 2018; Chakraborty et al., 2021; Jiang and Usbeck, 2022)) and in hybrid AI
systems (e.g., knowledge-augmented language models (Peters et al., 2019; Sun
et al., 2020; Yu et al., 2022) or conversational AI (Gao et al., 2018; Gerritse et al.,
2020)). In the latter, KGs are employed to enhance the factuality of statistical
models (Athreya et al., 2018; Rony et al., 2022). In this overview article, we
question the ethical integrity of these facts and investigate the lifecycle of KGs
(Auer et al., 2012; Paulheim, 2017) with respect to bias influences.1

We claim that KGs manifest social biases and potentially propagate harmful
prejudices. To utilize the full potential of KG technologies, such ethical risks
must be targeted and avoided during development and application. Using an
extensive literature analysis, this article provides a reflection on previous efforts
and suggestions for future work.

We collected articles via Google Scholar2 and filtered for titles including
knowledge graph/base/resource, ontologies, named entity recognition, or relation
extraction, paired with variants of bias, debiasing, harms, ethical, and fairness.
We selected peer-reviewed publications (in journals, conference or workshop

1. We focus on the KG lifecycle from a bias and fairness lens. For reference, the processes
investigated in Section 4.3 correspond to the authoring stage in the taxonomy by Auer et al. (2012).
The representation issues in KGs (Section 4.4) and KG embeddings (Sections 4.5 and 4.7) which
affect downstream task bias relate to Auer et al.’s classification stage.

2. A literature search on Science Direct, ACM Digital Library, and Springer did not provide
additional results.
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Figure 4.1: Overview of the knowledge graph lifecycle as discussed in this paper. Excla-
mation marks indicate factors that introduce or amplify bias. We examine bias-inducing
factors of triple crowd-sourcing, hand-crafted ontologies, and automated information
extraction (Chapter 4.3), as well as the resulting social biases in KGs (Chapter 4.4) and KG
embeddings, including approaches for measurement and mitigation (Chapter 4.5).

proceedings, and book chapters) from 2010 onward, related to social bias in the KG
lifecycle. This resulted in a final count of 18 papers. Table 4.1 gives an overview
of the reviewed works and Figure 4.1 illustrates the analyzed lifecycle stages.

4.2 Notes on Bias, Fairness, and Factuality

In the following, we clarify our operational definitions of the most relevant
concepts in our analysis.

4.2.1 Bias

If we refer to amodel or representation as biased, we — unless otherwise specified—
mean that the model or representation is socially biased, i.e., biased towards certain
social groups. This is usually indicated by a systematic and unfairly discriminating
deviation in the way members of these groups are represented compared to others
(Friedman and Nissenbaum, 1996) (also known as algorithmic bias). Such bias
can stem from pre-existing societal inequalities and attitudes, such as prejudice
and stereotypes, or arise on an algorithmic level, through design choices and
formalization (Friedman and Nissenbaum, 1996). From a more impact-focused
perspective, algorithmic bias can be described as "a skew that [causes] harm"
(Kate Crawford, Keynote at NIPS2017). Such harm can manifest itself in unfair
distribution of resources or derogatory misrepresentation of a disfavored group.
We refer to fairness as the absence of bias.

4.2.2 Unwanted Biases and Harms

One can distinguish between allocational and representational harms (Barocas et
al., as cited in, Blodgett et al., 2020), where the first refers to the unfair distribution
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of chances and resources and the second more broadly denotes types of insult
or derogation, distorted representation, or lack of representation altogether. To
quantify biases that lead to representational harm, analyses of more abstract
constructs are required. Mehrabi et al. (2021a), for example, measure indicators
of representational harm via polarized perceptions: a predominant association
of groups with either negative or positive prejudice, denigration, or favoritism.
Polarized perceptions are assumed to correspond to societal stereotypes. They can
overgeneralize to all members of a social group (e.g., "all lawyers are dishonest").
It can be said that harm is to be prevented by avoiding or removing algorithmic
bias. However, different views on the conditions for fairness can be found in the
literature and, in consequence, different definitions of unwanted bias.

4.2.3 Factuality versus Fairness

We consider a KG factual if it is representative of the real world. For example,
if it contains only male U.S. presidents, it truthfully represents the world as it
is and has been. However, inference based on this snapshot would lead to the
prediction that people of other genders cannot or will not become presidents.
This would be false with respect to U.S. law and/or undermine the potential of
non-male persons. Statistical inference over historical entities is one of the main
usages of KGs. The factuality narrative, thus, risks consolidating and propagating
pre-existing societal inequalities and works against matters of social fairness. Even
if the data represented are not affected by sampling errors, they are restricted
to describing the world as it is as opposed to the world as it should be. We strive
for the latter kind of inference basis. Apart from that, in the following sections
we will learn that popular KGs are indeed affected by sampling biases, which
further amplify societal biases.

4.3 Entering the Lifecycle: Bias in Knowledge Graph
Creation

We enter the lifecycle view (Figure 4.1) by investigating the processes underlying
the creation of KGs. We focus on the human factors behind the authoring of
ontologies and triples which constitute KGs. Furthermore, we address automated
information extraction, i.e., the detection and extraction of entities and relations
from text, since these approaches can be subject to algorithmic bias.

4.3.1 Triples: Crowd-Sourcing of Facts

Popular large-scale KGs, like Wikidata (Vrandečić and Krötzsch, 2014) and DBpe-
dia (Auer et al., 2007b) are the products of continuous crowd-sourcing efforts. Both
of these examples are closely related to Wikipedia, where the top five languages
(English, Cebuano, German, Swedish, and French) constitute 35% of all articles
on this platform.3 It can be said that Wikipedia is Euro-centric in tendency.

3. https://en.wikipedia.org/wiki/List_of_Wikipedias

https://en.wikipedia.org/wiki/List_of_Wikipedias
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Moreover, themajority of authors are white males.4 As a result, the data transport a
particular homogeneous set of interests and knowledge (Beytía et al., 2022; Wagner
et al., 2015). This sampling bias affects the geospatial coverage of information
(Janowicz et al., 2018) and leads to higher barriers for female personalities to
receive a biographic entry (Beytía et al., 2022). In an experiment, Demartini
(2019) asked crowd contributors to provide a factual answer to the (politically
charged) question of whether or not Catalonia is a part of Spain. The diverging
responses indicated that participants’ beliefs of what counts as true differed largely.
This is an example of bias that is beyond a subliminal psychological level. In
this case, structural aspects like consumed media and social discourse play an
important role. To counter this problem, Demartini (2019) suggests actively asking
contributors for evidence supporting their statements, as well as keeping track of
their demographic backgrounds. This makes underlying motivations and possible
sources for bias traceable.

4.3.2 Ontologies: Manual Creation of Rules

Ontologies determine rules regarding allowed types of entities and relations or
their usage. They are often hand-made and a source of bias (Janowicz et al., 2018)
due to the influence of opinions, motivations, and personal choices (Keet, 2021):
Factors like scientific opinions (e.g., historical ideas about race), socio-culture (e.g.,
how many people a person can be married to), or political and religious views
(e.g., classifying a person of type X as a terrorist or a protestor) can proximately
lead to an encoding of social bias. Also structural constraints like the ontologies’
granularity levels can induce bias (Keet, 2021). Furthermore, issues can arise
from the types of information used to characterize a person entity. Whether one
attributes the person with their skin color or not could theoretically determine the
emergence of racist bias in a downstream application (Paparidis and Kotis, 2021).
Geller and Kollapally (2021) give a practical example for detection and alleviation
of ontology bias in a real-world scenario. The authors discovered that ontological
gaps in the medical context lead to an under-reporting of race-specific incidents.
They were able to suggest countermeasures based on a structured analysis of real
incidents and external terminological resources.

4.3.3 Extraction: Automated Extraction of Information

Natural language processing (NLP) methods can be used to recognize and extract
entities (named entity recognition; NER) and their relations (relation extraction;
RE), which are then represented as [head entity, relation, tail entity] tuples (or
as [subject, predicate, object], respectively).

Mehrabi et al. (2020) showed that the NER system CoreNLP (Manning et al.,
2014) exhibits binary gender bias. They used a number of template sentences,
like "<Name> is going to school" or "<Name> is a person" using male and female

4. https://en.wikipedia.org/wiki/Gender_bias_on_Wikipedia;https://en.wikipedia.org/wiki/
Racial_bias_on_Wikipedia

https://en.wikipedia.org/wiki/Gender_bias_on_Wikipedia; https://en.wikipedia.org/wiki/Racial_bias_on_Wikipedia
https://en.wikipedia.org/wiki/Gender_bias_on_Wikipedia; https://en.wikipedia.org/wiki/Racial_bias_on_Wikipedia
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names5 from 139 years of census data. The model returned more erroneous tags
for female names. Similarly, Mishra et al. (2020) created synthetic sentences from
adjusted Winogender (Rudinger et al., 2018) templates with names associated with
different ethnicities and genders. A range of different NER systems were evaluated
(bidirectional LSTMs with Conditional Random Field (BiLSTM CRF) (Huang et al.,
2015) on GloVe (Pennington et al., n.d.), ConceptNet (Speer et al., 2017) and ELMo
(Peters et al., 2017) embeddings, CoreNLP, and spaCy6 NERmodels). Acrossmodels,
non-white names yielded on average lower performance scores than white names.
Generally, ELMo exhibited the least bias. Although ConceptNet is debiased for
gender and ethnicity7, it was found to produce strongly varied accuracy values.

Gaut et al. (2020) analyzed binary gender bias in a popular open-source neural
relation extraction (NRE) model, OpenNRE (Han et al., 2019). For this purpose, the
authors created a new dataset, named WikiGenderBias (sourced from Wikipedia
and DBpedia). All sentences describe a gendered subject with one of four relations:
spouse, hypernym, birthData, or birthPlace (DBpedia mostly uses occupation-
related hypernyms). The most notable bias found was the spouse relation. It
was more reliably predicted for male than female entities. This observation
stands in contrast to the predominance of female instances with spouse relation
in WikiGenderBias. The authors experimented with three different mitigation
strategies: downsampling the training data to equalize the number of male and
female instances, augmenting the data by artificially introducing new female
instances, and finally word embedding debiasing (Bolukbasi et al., 2016). Only
downsampling facilitated a reduction of bias that did not come at the cost of
model performance.

Nowadays, contextualized transformer-based encoders are used in various NLP
applications, including NER and NRE. Several works have analyzed the various
societal biases encoded in large-scale word embeddings (like word2vec (Mikolov
et al., 2013; Bolukbasi et al., 2016) or BERT (Devlin et al., 2019; Kurita et al.,
2019)) or language models (like GPT-2 (Radford et al., 2019; Kirk et al., 2021)
and GPT-3 (Brown et al., 2020; Abid et al., 2021)). Thus, it is likely that these
biases also affect the downstream tasks discussed here. Li et al. (2021b) used two
types of tasks to analyze bias in BERT-based RE on the newly created Wiki80 and
TACRED (Zhang et al., 2017) benchmarks. For the first task, they masked only
entity names with a special token (masked-entity; ME), whereas for the second
task, only the entity names were given (only-entity; OE). The model maintained
higher performances in the OE setting, indicating that the entity names were
more informative of the predicted relation than the contextual information. This
hints at what the authors call semantic bias.

A Note on Reporting Bias Generally, when extracting knowledge from text,
one should be aware that the frequency with which facts are reported is not
representative of their real-world prevalence. Humans tend to mention only

5. While most of the works presented here refer to gender as a binary concept, this does not
agree with our understanding. We acknowledge that gender is continuous and technology must
do this reality justice.

6. https://spacy.io/
7. https://blog.conceptnet.io/posts/2017/conceptnet-numberbatch-17-04-better-less-

stereotyped-word-vectors/

https://spacy.io/
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events, outcomes, or properties that are out of their perceived ordinary (Gordon
and Van Durme, 2013) (e.g., "a banana is yellow" is too trivial to be reported).
This phenomenon is called reporting bias and likely stems from a need to be as
informative and non-redundant as possible when sharing knowledge.

4.4 Bias in Knowledge Graphs

Next in our investigation of the lifecycle (Figure 4.1) comes the representation of
entities and relations as a KG. In the following, we illustrate which social biases
are manifested in KGs and how.

4.4.1 Descriptive Statistics

Janowicz et al. (2018) demonstrated that DBpedia, which is sourced fromWikipedia
info boxes, mostly represents the western and industrialized world. Matching
the coverage of location entries in the KG with population density all over the
world showed that several countries and continents are underrepresented. A
disproportionate 70% of the person entities in Wikidata are male (20% are female,
less than 1% are neither male nor female, and for roughly 10% the gender is not
indicated) (Beytía et al., 2022). Radstok et al. (2021) found that the most frequent
occupation is researcher and Beytía et al. (2022) identified arts, sports, and science
and technology as the most prominent occupation categories. In reality, only
about 2% of people in the U.S. are researchers (Radstok et al., 2021). This gap
is likely caused by reporting bias as discussed earlier (Section 4.3.3). Radstok
et al. (2021), moreover, observed that mentions of ethnic group membership
decreased and changed in focus between the 18th and 21st century. Greeks are
the most frequently labeled ethnic group among historic entries (over 400 times)
and African Americans among modern entries (only roughly 100 times).

4.4.2 Semantic Polarity

Mehrabi et al. (2021b) focused on biases in common sense KGs like ConceptNet
(Speer et al., 2017) and GenericsKB (Bhakthavatsalam et al., 2020) (contains
sentences) which are at risk of causing representational harms (see Section 4.2.2).
They utilized regard (Sheng et al., 2019) and sentiment as intermediate bias proxies.
Both concepts express the polarity of statements and can bemeasured via classifiers
that predict a neutral, negative, or positive label (Sheng et al., 2019; Dhamala et al.,
2021). Groups that are referred to in a mostly positive way are interpreted as
favored and vice versa. Mehrabi et al. (2021b) applied this principle to natural
language statements generated from ConceptNet triples. They found that subject
and object entities relating to the professions CEO, nurse, and physician were
more often favored while performing artist, politician, and prisoner were more
often disfavored. Similarly, several Islam-related entities were on the negative
end while Christian and Hindu were more ambiguously valuated. As for gender,
no significant difference was found.
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Table 4.1: Overview of reviewed works concerning the sources, measurement, and
mitigation of bias in KGs/KGEs.

Bias Source
Crowd-Sourcing Beytía et al. (2022), Janowicz et al. (2018), and Demartini (2019)
Ontologies Janowicz et al. (2018), Keet (2021), Paparidis and Kotis (2021),

and Geller and Kollapally (2021)
Extraction Mehrabi et al. (2020), Mishra et al. (2020), Gaut et al. (2020),

and Li et al. (2021b)
Bias Measurement
Representation Method
KG Descriptive Statistics Janowicz et al. (2018), Radstok et al. (2021), and Beytía et al. (2022)

Semantic Polarity Mehrabi et al. (2021b)
KGE Analogies Bourli and Pitoura (2020)

Projection Bourli and Pitoura (2020)
Update-Based Fisher et al. (2020b), Keidar et al. (2021), and Du et al. (2022)
Link Prediction Keidar et al. (2021), Arduini et al. (2020), Radstok et al. (2021),

and Du et al. (2022)
Bias Mitigation
Representation Method
KGE Data Balancing Radstok et al. (2021) and Du et al. (2022)

Adversarial Learning Fisher et al. (2020a) and Arduini et al. (2020)
Hard Debiasing Bourli and Pitoura (2020)

4.5 Bias in Knowledge Graph Embeddings

Vector representations of KGs are used in a range of downstream tasks or combined
with other types of neural models (Nickel et al., 2016; Ristoski et al., 2019).
They facilitate efficient aggregation of connectivity patterns and convey latent
information.

Embeddings are created through statistical modeling and summarize distri-
butional characteristics. So, if a KG like Wikidata contains mostly (if not only)
male presidents, the relationship between the gender male and the profession
president is assumed to manifest itself accordingly in the model. In fact, the papers
summarized below provide evidence that the social biases of KGs are modeled or
further amplified by KG embeddings (KGEs). The following sections are organized
by measurement strategy to give an overview of existing approaches and the
information gained from them.

4.5.1 Stereotypical Analogies

The idea behind analogy tests is to see whether demographics are associated with
attributes in stereotypical ways (e.g., "Man is to computer programmer as woman
is to homemaker"; Bolukbasi et al., 2016). In their in-depth analysis of a TransE-
embedded Wikidata KG, Bourli and Pitoura (2020) investigated occupational
analogies for binary gender seeds. TransE (Bordes et al., 2013) represents (ℎ, 𝑟, 𝑡)
(with head ℎ, relation 𝑟 , tail 𝑡) in a single space such that ℎ + 𝑟 ≈ 𝑡. The authors
identified the model’s most likely instance of the claim "a is to x as b is to y" (with
(a,b) being a set of demographics seeds and (x,y) a set of attributes) via a cosine
score: 𝑆(𝑎,𝑏)(𝑥, 𝑦) = 𝑐𝑜𝑠(𝑎+𝑟 −

⃗
𝑏, 𝑥 +𝑟 −𝑦), where 𝑟 is the relation has_occupation.

In their study, the highest scoring analogy was "woman is to fashion model as
man is to businessperson". This example appears rather stereotypical, but other
highly ranked analogies less so, like "Japanese entertainer" versus "businessperson"
(Bourli and Pitoura, 2020). A systematic evaluation of how stereotypical the results
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are is missing here. In comparison, the work that originally introduced analogy
testing for word2vec (Bolukbasi et al., 2016) employed human annotators to rate
stereotypical and gender-appropriate analogies (e.g., "sister" versus "brother").

4.5.2 Projection onto a Bias Subspace

Projection-based measurement of bias is another approach that was first proposed
by Bolukbasi et al. (2016) for word embeddings, and was adapted for TransE by
Bourli and Pitoura (2020). In a first step, a one-dimensional gender direction ⃗

𝑑𝑔 is
extracted. Then, a projection score metric 𝑆 is computed to indicate gender bias —
with projection 𝜋 of an occupation vector 𝑜 onto ⃗

𝑑𝑔 and a set of occupations 𝐶:
𝑆(𝐶) =

1

|𝐶|
∑

𝑜∈𝐶
||𝜋

⃗
𝑑𝑔

𝑜||. Occupations with higher scores are interpreted as more
gender-biased and those with close-to-zero scores as neutral.

4.5.3 Update-Based Measurement

The translational likelihood (TL) metric was tailored for translation-basedmodeling
approaches (Fisher et al., 2020b). To compute this metric, the embedding of a
person entity is updated for one step towards one pole of a seed dimension. This
update is done in the same way as the model was originally fit in. For example,
if head entity person x is updated in the direction of male gender, the TL value
is given by the difference between the likelihood of person x being a doctor after
versus before the update. If the absolute value averaged across all human entities
is high, this indicates a bias regarding the examined seed-attribute pair. Fisher
et al. (2020b) argue that this measurement technique avoids model-specificity as it
generalizes to any scoring function. However, Keidar et al. (2021) found that the
TL metric does not compare well between different types of embeddings (details
in Section 4.6). It should, thus, only be used for the comparison of biases within
one kind of representation. Du et al. (2022) propose an approach comparable to
Fisher et al. (2020b) to measure individual-level bias. Instead of updating towards
a gender dimension, the authors suggest flipping the entity’s gender and fully
re-training the model afterward. The difference between pre- and post-update
link prediction errors gives the bias metric. A validation of the approach was
done on TransE for a Freebase subset (FB5M (Bordes et al., 2015)) (Du et al., 2022).
The summed per-gender averages (group-level metric) were found to correlate
with U.S. census gender distributions of occupations.

4.6 Downstream Task Bias: Link Prediction

Link prediction is a standard downstream task that targets the prediction of
relations between entities in a given KG. Systematic deviations in the relations
suggested for entities with different demographics indicate reproduced social bias.

For the measurement of fairness or bias in link prediction, Keidar et al. (2021)
distinguish between demographic parity versus predictive parity. The assumption
underlying demographic parity is that the equality between predictions for de-
mographic counterfactuals (opposite demographics, for example, female versus
male in binary understanding) is the ideal state (Dwork et al., 2012). That is, the
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probability of predicting a label should be the same for both groups. Predictive
parity is given, on the other hand, if the probability of true positive predictions
(positive predictive value or precision) is equal between groups (Chouldechova,
2017). Hence, this measure factors in the label distribution by demographic. With
these metrics, Keidar et al. (2021) analyzed different embedding types, namely
TransE, ComplEx, RotatE, and DistMult, each fit on the benchmark datasets FB15k-
237 (Toutanova and Chen, 2015) and Wikidata5m (Wang et al., 2021b). They
averaged the scores across a large set of human-associated relations to detect
automatically which relations are most biased. The results showed that position
played on a sports team was most consistently gender-biased across embeddings.
Arduini et al. (2020) analyzed link prediction parity regarding the relations gender
and occupation to estimate debiasing effects on TransH (Wang et al., 2014) and
TransD (Ji et al., 2015). The comparability between different forms of vector
representations is a strength of downstream metrics. In contrast, measures like
the analogy test or projection score (Bourli and Pitoura, 2020) are based on specific
distance metrics and TL (Fisher et al., 2020b) was shown to lack transferability
across representations (Keidar et al., 2021) (Section 4.5.3).

Du et al. (2022) interpret the correlation between gender and link prediction
errors as an indicator of group bias. With this, they found, for example, that
engineer and nurse are stereotypically biased in FB5M. However, the ground truth
gender ratio was found not predictive of the bias metric (e.g., despite its higher
male ratio, animator produced a stronger female bias value). For validation, it
was shown that the predicted bias values correlate to the gender distributions of
occupations according to U.S. census (again, on TransE). Furthermore, the authors
investigated how much single triples contribute to group bias via an influence
function. They found that gender bias is mostly driven by triples containing
gendered entities and triples of low degree.

4.7 Breaking the Cycle? Bias Mitigation in Knowl-
edge Graph Embeddings

A number of works have attempted to post-hoc mitigate biases in KGEs. Given
that pre-existing biases are hard to eradicate from KGs, manipulating embedding
procedures, may alleviate the issue at least on a representation level. In the
following, we summarize respective approaches.

4.7.1 Data Balancing

Radstok et al. (2021) explored the effects of training an embedding model on a
gender-balanced subset of Wikidata triples. First, the authors worked with the
originally gender-imbalanced Wikidata12k (Leblay and Chekol, 2018; Dasgupta
et al., 2018) and DBpedia15k (Sun et al., 2017) on which they fit a TransE and a
DistMult model (Yang et al., 2015). They then added more female triples from the
Wikidata/DBpedia graph to even out the binary gender distribution among the
top-5 most common occupations. Through link prediction, they compared the
number of male and female predictions with the ground truth frequencies. More
female entities were predicted after the data balancing intervention. However,
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the absolute difference between the female ratios in the data and the predictions
increased, causing the model to be less accurate and fair. Moreover, the authors
note that this process is not scalable since for some domains there are no or
only a limited amount of female entities (e.g., female U.S. presidents do not
exist in Wikidata).

Du et al. (2022) experimented with adding and removing triples to gender-
balance a Freebase subset (Bordes et al., 2015). For the first approach, the authors
added synthetic triples (as opposed to real entities from another source as was done
by Radstok et al. (2021)) for occupations with a higher male ratio. The resulting
bias change was inconsistent across occupations. This appears in line with the
authors’ finding that ground truth gender ratios are not perfectly predictive of
downstream task bias (Section 4.6). For the second strategy, the triples that
most strongly influenced an existing bias were determined and removed. This
outperformed random triple removal.

4.7.2 Adversarial Learning

Adversarial learning for model fairness aims to prevent prediction of a specific
personal attribute from a person’s entity embedding. As an adversarial loss,
Fisher et al. (2020a) used the KL-divergence between the link prediction score
distribution and an idealized target distribution. For example, for an even target
score distribution for a set of religions, the model is incentivized to give each
of them equal probability. However, in their experiments, this treatment failed
to remove the targeted bias fully. This is likely caused by related information
encoded in the embedding that is able to inform the same bias.

Arduini et al. (2020) used a Filtering Adversarial Network (FAN) with a filter
and a discriminator module. The filter intends to remove sensitive attribute
information from the input, while the discriminator tries to predict the sensitive
attribute from the output. Both modules were separately pre-trained (filter as an
identity mapper of the embedding and discriminator as a gender predictor) and
then jointly trained as adversaries. In their experiments, the gender classification
accuracy for high- and low-degree entities was close to random for the filtered
embeddings (TransH and TransD). For an additional occupation classifier, accuracy
remained unaffected after treatment.

4.7.3 Hard Debiasing

Bourli and Pitoura (2020) propose applying the projection-based approach ex-
plained in Section 4.5.2 for the debiasing of TransE occupation embeddings. To
achieve this, its linear projection onto the previously computed gender direction
is subtracted from the occupation embedding. A variant of this technique ("soft"
debiasing) aims to preserve some degree of gender information by applying a
weight 0 < 𝜆 < 1 to the projection value before subtraction. In the authors’
experiments, the correlation between gender and occupation was effectively
removed — as indicated by the projection measure (Bourli and Pitoura, 2020).
However, the debiasing degree determined by 𝜆 was found to be in trade-off with
model accuracy. This technique was closely adapted from Bolukbasi et al. (2016),
regarding which Gonen and Goldberg (2019) criticize that gender bias is only
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reduced according to their specific measure and not the "complete manifestation
of this bias".

4.8 Discussion

In this article, we cover a wide range of evidence for harmful biases at different
stages during the lifecycle of "facts" as represented in KGs. Some of the most influ-
ential graphs misrepresent the world as it is due to sampling and algorithmic biases
at the creation step. Pre-existing biases are exaggerated in these representations.
Embedding models learn to encode the same or further amplified versions of these
biases. Since the training of high-quality embeddings is costly, they are, in practice,
pre-trained once and afterward reused and fine-tuned for different systems. These
systems preserve the inherited biases over long periods, exacerbating the issue
further. Our survey shows that KGs may qualify as resources for historic facts, but
they do not qualify for inference regarding various human attributes. Future work
on biases in KGs and KGEs should aim for improvement in the following areas:

Attribute and Seed Choices Bias metrics usually examine one or a few specific
attributes (e.g., occupation) and their correlations with selected seed dimensions
(e.g., gender). Occupation is by far the most researched attribute in the articles
we found (Arduini et al., 2020; Radstok et al., 2021; Bourli and Pitoura, 2020;
Fisher et al., 2020a; Fisher et al., 2020b). Only Keidar et al. (2021) propose to
aggregate the correlations between a set of seed dimensions and all relations
in a graph. All the works used binary gender as the seed dimension and some
additionally addressed ethnicity, religion, and nationality (Fisher et al., 2020a;
Fisher et al., 2020b; Mehrabi et al., 2021b).

Lack of Validation Most of the KGE bias metrics presented here are interpreted
as valid if they detect unfairly discriminating association patterns that intuitively
align with existing stereotypes. Besides that, several works investigate the com-
parability between different metrics. Although both of these practices deliver
valuable information on validity, they largely ignore the societal context. Only
Du et al. (2022) compared embedding-level bias metrics with census-aligned data
to assess compatibility with real-world inequalities. We suggest that future work
consider a more comprehensive study of construct validity (Does the measurement
instrument measure the construct in a meaningful and useful capacity?) (Jacobs
and Wallach, 2021). One requirement is that the obtained measurements capture
all relevant aspects of the construct the instrument claims to measure. That is, a
gender bias measure must measure all relevant aspects of gender bias (Stanczak
and Augenstein, 2021) (including, e.g., nonbinary gender and a distinction between
benevolent and hostile forms of sexist stereotyping (Glick and Fiske, 1997)).
Unless proven otherwise, we must be skeptical that this is achieved by existing
approaches (Gonen and Goldberg, 2019). As a result of minimal validation, detailed
interpretation guidelines are generally not provided. Therefore, the distinctions
between strong and weak bias or weak bias and random variation are mostly vague.
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(In-)Effectiveness of Mitigation Strategies Data balancing is the most intuitive
approach to bias mitigation and was proven to be effective in the context of text
processing (Meade et al., 2022). However, for KGEs, data balancing methods were
found to inconsistently reduce bias (Section 4.7.1). Adversarial learning yielded
promising outcomes in the study by Arduini et al. (2020). Their FAN approach
does not rely on pre-specified attributes. This is in contrast to Fisher et al. (2020a),
whose intervention was found to miss non-targeted, yet bias-related information.
This problem relates to one of the main criticisms of hard and soft debiasing:
instead of alleviating the problem, these techniques risk concealing the full extent
of the bias (Gonen and Goldberg, 2019).

Reported Motivations Many, yet not all works in the field name potential social
harms as a motivator for their research on social bias in KGs (Mehrabi et al.,
2021b; Fisher et al., 2020a; Fisher et al., 2020b; Radstok et al., 2021). Only Mehrabi
et al. (2021b) drew from established taxonomies and targeted biases associated with
representational harms (Barocas et al., as cited in, Blodgett et al., 2020). Similarly,
most works lack a clear working definition of social bias. For example, aspects of
pre-existing societal biases captured in the data and biases arising through the
algorithm (Friedman and Nissenbaum, 1996) are usually not disentangled. Only
Bourli and Pitoura (2020) compared model bias to the original KG frequencies and
showed that the statistical modeling caused an amplification.

4.9 Recommendations
To avoid harms caused by biases in KGs and their embeddings, we identify and
recommend several actions for practitioners and researchers.

Transparency and Accountability KGs should by default be published with bias-
sensitive documentation to facilitate transparency and accountability regarding
potential risks. Data Statements (Bender and Friedman, 2018) report curation cri-
teria, language variety, demographics of the data authors and annotators, relevant
indicators of context, quality, and provenance. Datasheets for Datasets (Gebru et al.,
2021) additionally state motivation, composition, preparation, distribution, and
maintenance. The associated questionnaire can accompany the dataset creation
process to avoid risks early on. Especially in the case of ongoing crowd-sourcing
efforts for encyclopedic KGs the demographic background of contributors should
be reported (Demartini, 2019). Researchers using subsets of these KGs, should
investigate respective data dumps for potential biases and report limitations
transparently. Similarly, KG embedding models should be published with Model
Cards (Mitchell et al., 2019) documenting intended use, underlying data, ethical
considerations, and limitations. Stating the contact details for reporting problems
and concerns establishes accountability (Mitchell et al., 2019; Gebru et al., 2021).

Improving Representativeness To tackle selection bias, data collection should
aim to employ authors and annotators from diverse social groups and with varied
cultural imprints. Annotations should be determined via aggregation (see Hovy
and Prabhumoye, 2021). For open editable KGs, interventions like edit-a-thons
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are helpful to introduce more authors from underrepresented groups (Vetter
et al., 2022) (e.g., the Art+Feminism campaign aims to fill the gender gap in
Wikimedia knowledge bases8). In order for such interventions to take effect,
research must update data bases and benchmarks frequently (see Koch et al.,
2021a). In addition, the timeliness of encyclopedic data is necessary to avoid
perpetuating historic biases.

Tackling Algorithmic Bias Evaluation and prevention of harmful biases must
become part of the development pipeline (Stanczak and Augenstein, 2021). Al-
gorithmic biases are best evaluated with a combination of multiple quantitative
(Section 4.5) and qualitative measures (Kraft et al., 2022; Dev et al., 2021), consider-
ing multiple demographic dimensions (beyond gender and occupation). Evaluating
the content of attributions in light of social discourse and the intended use of
a technology facilitates an assessment of potential harms (Selbst et al., 2019).
Downstream task bias may exist independently from a measured embedding bias
(Goldfarb-Tarrant et al., 2021), therefore a task- and context-oriented evaluation
is preferred (Section 4.6). We have presented several bias-mitigating strategies
for different KGEs, which might alleviate the issue in some cases (Section 4.7).
However, more research is needed to establish more effective and robust mitigation
methods, as well as metrics used to evaluate their impact (Gonen and Goldberg,
2019; Blodgett et al., 2020).

4.10 Related Work

Although a wide range of surveys investigates biases in NLP, none of them
addresses KG-based methods, in particular. Blodgett et al. (2020) critically in-
vestigated the theoretical foundation of works analyzing bias in NLP. The authors
claim that most works lack a clear taxonomy. We came to a similar conclusion
with respect to evaluations of KGs and their embeddings. Sun et al. (2019a)
and Stanczak and Augenstein (2021) surveyed algorithmic measurement and
mitigation strategies for gender bias in NLP. Sheng et al. (2021) summarized
approaches for the measurement and mitigation of bias in generative language
models. Some of the methods presented earlier are derived from works discussed
in these surveys and adapted to the constraints of KG embeddings (e.g., Bourli and
Pitoura (2020) adapted hard debiasing (Bolukbasi et al., 2016)). Criticisms point
to the monolingual focus on the English language, the predominant assumption
of a gender binary, and a lack of interdisciplinary collaboration.

Shah et al. (2020) identified four sources of predictive biases: label bias (label dis-
tributions are imbalanced and erroneous regarding certain demographics), selection
bias (the data sample is not representative of the real world distribution), semantic
bias/input representation bias (e.g., feature creation with biased embeddings), and
overamplification through the predictive model (slight differences between human
attributes are overemphasized by the model). All of these factors are reflected in
the lifecycle as discussed in this article. To counter the risks, Shah et al. (2020)
suggest employing multiple annotators and methods of aggregation (see also Hovy

8. https://outreachdashboard.wmflabs.org/campaigns/artfeminism_2022/overview

https://outreachdashboard.wmflabs.org/campaigns/artfeminism_2022/overview
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and Prabhumoye, 2021), re-stratification, re-weighting, or data augmentation,
debiasing of models, and, finally, standardized data and model documentation.

4.11 Conclusion and Paths Forward
Our survey shows that biases affect KGs at different stages of their lifecycle. Social
biases enter KGs in various ways at the creation step (e.g., through crowd-sourcing
of triples and ontologies) and manifest in popular graphs, like DBpedia (Beytía
et al., 2022) or ConceptNet (Mehrabi et al., 2021b). Embedding models can capture
exaggerated versions of these biases (Bourli and Pitoura, 2020), which finally
propagate downstream (Keidar et al., 2021). We acknowledge that KGs have
enormous potential for a variety of knowledge-driven downstream applications
(Martínez-Rodríguez et al., 2020; Ngomo et al., 2021; Jiang and Usbeck, 2022) and
improvements in the truthfulness of statistical models (Athreya et al., 2018; Rony
et al., 2022). Yet, although KGs are factual about historic instances, they also
perpetuate historically emerging social inequalities. Thus, ethical implications
must be considered when developing or reusing these technologies.

We showed that most embedding-based measurement approaches for bias are
still restricted to a limited number of demographic seeds and attributes. Further-
more, their alignment with social bias as a construct is not sufficiently validated.
Some debiasing strategies appear effective within rather narrow definitions of bias.
More in-depth scrutiny is required for a broader understanding of bias. Future
work should be grounded in an investigation of concepts like gender or ethnic
bias and strive for more comprehensive operationalizations and validation studies.
Finally, the motivations and conceptualizations should be communicated clearly.
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5
Knowledge-Enhanced Language

Models Are Not Bias-Proof:
Situated Knowledge and
Epistemic Injustice in AI

The factual inaccuracies ("hallucinations") of large language mod-
els have recently inspired more research on knowledge-enhanced
language modeling approaches. These are often assumed to enhance
the overall trustworthiness and objectivity of language models. Mean-
while, the issue of bias is usually only mentioned as a limitation of sta-
tistical representations. This dissociation of knowledge-enhancement
and bias is in linewith previous research onAI engineers’ assumptions
about knowledge, indicating that knowledge is commonly understood
as objective and value-neutral by this community. We argue that
claims and practices by actors of the field still reflect this underlying
conception of knowledge. We contrast this assumption with literature
from social and, in particular, feminist epistemology, which argues
that the idea of a universal disembodied knower is blind to the reality
of knowledge practices and seriously challenges claims of "objective"
or "neutral" knowledge.

Knowledge enhancement techniques commonly use Wikidata and
Wikipedia as their sources for knowledge, due to their large scales,
public accessibility, and assumed trustworthiness. In this work, they
serve as a case study for the influence of the social setting and the
identity of knowers on epistemic processes. Indeed, the communities
behindWikidata andWikipedia are known to be male-dominated and
many instances of hostile behavior have been reported in the past
decade. In effect, the contents of these knowledge bases are highly
biased. It is therefore doubtful that these knowledge bases would
contribute to bias reduction. In fact, our empirical evaluations of
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RoBERTa, KEPLER, and CoLAKE, demonstrate that knowledge en-
hancement may not live up to the hopes of increased objectivity. In
our study, the average probability for stereotypical associations was
preserved on two out of threemetrics and performance-related gender
gaps on knowledge-driven task were also preserved.
We build on these results and critical literature to argue that

the label of "knowledge" and commonly held beliefs about it can
obscure the harm that is still done to marginalized groups. Knowledge
enhancement is at risk of perpetuating epistemic injustice, and AI
engineers’ understanding of knowledge as objective per se conceals
this injustice. Finally, to get closer to trustworthy language models,
we need to rethink knowledge in AI and aim for an agenda of
diversification and scrutiny by outgroup members.

Publication Reference: Angelie Kraft and Eloïse Soulier. 2024.
Knowledge-Enhanced Language Models Are Not Bias-Proof: Situated
Knowledge and Epistemic Injustice in AI. In Proceedings of the 2024
Association for Computing Machinery Conference on Fairness, Account-
ability, and Transparency (FAccT 2024), 1433–1445. Rio de Janeiro, Brazil:
Association for Computing Machinery.
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5.1 Introduction

One of the currently most discussed limitations of large language models (LLMs)
is their tendency to produce false statements (Ji et al., 2023). While LLMs are
capable of generating text with great fidelity to linguistic rules (Li et al., 2021a),
they frequently produce errors by associating events with the wrong dates or
fabricating claims about real people, for instance.1 Such errors can yield negative
impacts on society. It can affect the integrity of science and education (Mittelstadt
et al., 2023) or influence the outcomes of democratic elections, by producing false
claims about political candidates (Romano et al., 2023) and thus misleading voters.

This lack of factual accuracy2 is commonly attributed to the implicitness
with which knowledge is stored in language models (LMs) and has sparked new
interest in ways to enhance LMs with explicit information from external sources,
like knowledge graphs (Pan et al., 2024; Agrawal et al., 2024) or informative
text documents (Lewis et al., 2020). The idea behind knowledge-enhanced lan-
guage modeling is to fuse representations such that the linguistic capabilities
are maintained and factual information from external resources is incorporated
accurately (Pan et al., 2023). This is achieved through architectural, training, or
inference-related adjustments of the LM (Pan et al., 2024). Respective publications
convey that knowledge bases are highly trusted by artificial intelligence (AI)
engineers (e.g., Agrawal et al., 2024; Agarwal et al., 2021; Yang et al., 2024b; Pan
et al., 2024), which might be explained by a long-standing trust in the objectivity3
and neutrality of knowledge4 itself (Forsythe, 1993), in linewith traditional theories
of knowledge (Adam, 2000). Drawing from previous literature, we argue that this
understanding of knowledge fails to acknowledge the influence of the social
situation and power of those involved in the creation and sharing of knowledge
and that it feeds into knowledge-related injustice (Adam, 2000).

A contribution of this interdisciplinary work is to illustrate some of the related
discourse within philosophy and, on this basis, question the prevalent assumptions
about knowledge in the AI community. We discuss how dominant conceptions
may disguise biases, and, as a consequence, perpetuate injustices. By that, we

1. https://www.zdnet.com/article/chatgpts-hallucination-just-got-openai-sued-heres-what-h
appened/

2. Factual inaccuracies or false statements produced by language models are often referred
to as "hallucinations". We reject this term as it falsely implies a similarity of such models to the
human mind.

3. Here objective is understood as subject-independent. The remaining of the paper elaborate
on the necessity to challenge this understanding of objectivity.

4. In using the term "knowledge" throughout this article, we are aware of the abysmal amount
of ink that has been spilled over this term, and of the differences that exist between disciplines and
within epistemology as to what it encompasses. We understand knowledge here as content - not as
a cognitive state - and as propositional. Although the distinction between propositional knowledge
and knowledge-how and its consequences for knowledge databases are certainly relevant to this
discussion, they are out of the scope of this article. We do not consider it crucial either in the
context of this paper to draw a distinction between scientific and common knowledge, as we
believe that it does not significantly affect our argument.

https://www.zdnet.com/article/chatgpts-hallucination-just-got-openai-sued-heres-what-happened/
https://www.zdnet.com/article/chatgpts-hallucination-just-got-openai-sued-heres-what-happened/
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aim to motivate a rethinking of knowledge as situated and to emphasize the
necessity for diversification.

In Section 5.2, we discuss the evolution of the approach to knowledge from
traditional (Western) epistemology to social and feminist epistemology. The latter
coined the concept of situated knowledge (Haraway, 2016), which emphasizes the
importance of social situatedness to practices of knowledge. We compare this
philosophical discussion to AI engineers’ conceptions of knowledge and argue
that the pervasive understanding of knowledge as objective and value-neutral may
disguise the power dynamics that structure knowledge production (Adam, 2000).
Publications about knowledge-enhanced language modeling usually mention the
risk of bias as a distinguishing property of statistical representations (Agrawal et al.,
2024; Agarwal et al., 2021; Yang et al., 2024b), implying that explicit knowledge is
not susceptible to bias. This depiction can be misleading: In Section 5.3, we discuss
empirical evidence for biases of popular knowledge resources and knowledge-
enhanced language models. We particularly focus on Wikimedia Foundation’s
knowledge bases Wikipedia5 and Wikidata (Vrandečić and Krötzsch, 2014), which
play a major role in language model training and knowledge enhancement and
were shown to exhibit coverage gaps and stereotypical biases along different social
dimensions (Sun and Peng, 2021; Das et al., 2023; Shaik et al., 2021). We found that
knowledge-enhanced language modeling on the basis of Wikidata preserves the
biases of the original language model. We maintain that knowledge sources and
knowledge-enhanced language models should not per se be expected to be less
biased than other datasets and AI models. In Section 5.4, we argue that trusting
"knowledge data" more than other types of data may wrongfully disguise these
issues and contributes to perpetuate the specific kind of injustice that Miranda
Fricker has dubbed epistemic injustice (Fricker, 2007), that is, a kind of injustice
that harms us specifically as knowers. Including more diverse voices is not only
a way to tackle these injustices but also the only way we may strive towards
objectivity (Longino, 1990; Harding, 2013).

5.2 Assumptions About Knowledge in AI

In this paper, we argue that AI engineers commonly assume knowledge to be
subject-independent, which corresponds to more traditional philosophical theories
of knowledge. To this end, we start by briefly sketching the evolution from
traditional Western epistemology and the figure of the universal knower, to recent
approaches from social and feminist epistemology, which emphasize the central
role of the social situation of the knower. Finally, we detail how these philosophical
theoriesmap to the conceptions of knowledge held byAI engineers and presumably
influence modern-day research and practices related to knowledge in AI.

5. https://www.wikipedia.org/

https://www.wikipedia.org/
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5.2.1 Philosophical Roots of the "View from Nowhere" and Cri-
tique

Traditional Western Philosophy

The idea that knowledge could depend on the identity and social situation of the
knower has only relatively recently been theorized in Western philosophy. Tradi-
tionally, Western epistemology6 has seen knowledge as a relationship between
an individual knower and an object of knowledge, and concentrated its efforts
on characterizing this relationship of knowledge, theorizing what distinguishes
knowledge from non-knowledge. This distinction often has to do with justification:
A belief or perception only becomes knowledge with proper justification. In fact,
in analytic philosophy, knowledge is often defined as "justified true belief" (Steup
and Neta, 2024) and the justification problem phrased as "𝑆 knows that 𝑝 when
[relevant justification]", where 𝑆 is a single undetermined knower (Adam, 2000).
What constitutes proper justification is part of the philosophical debate, but
justification is often considered valid only if internal: For example, Descartes
considers knowledge coming from others as unreliable (Descartes, 2012). This is
in line with the general representation in Western philosophy, usually associated
with figures of the Enlightenment such as Kant, that mature thinking and knowing
is about autonomy (Kant, 2013). In this perspective, knowledge is acquired
independently and rationally, it is universal, independent from the knower’s
embodied identity, social situation and interests. In Sandra Harding’s (critical)
words: "In order to achieve the status of knowledge, beliefs are supposed to break
free of – to transcend – their original ties to local, historical interests, values,
and agendas“ (Harding, 2013, p. 438).

Feminist and Social Epistemology

In the last decades, feminist and social epistemology have challenged this tradi-
tional approach to knowledge, arguing that knowers are always socially situated,
and that this social situation mattered to the kind of knowledge they could produce.
Social epistemologists have emphasized that the production of knowledge is an
inescapably social activity (Longino, 2002). In John Hardwig’s terms, we are
epistemically dependent: pace Descarte’s ideal of the independent knower, we
cannot but rely on others’ testimony to know most of what we know, even in
scientific contexts where the standards on what counts as knowledge are taken to
be higher (Hardwig, 1985). If knowledge necessarily involves relying on other’s
testimony, then power dynamics within society are relevant to the production
and dissemination of knowledge (Fricker, 2007) and to the possibility to accept a
claim as knowledge (Scheman, 2015). Indeed, these power dynamics determine
whose knowledge will be heard. We detail in Section 5.4 the ways in which
this can lead to injustices.

6. Characterizing and summarizing "traditional Western philosophy" in one paragraph is
a difficult task, considering that what is usually refereed to as "Western thought" is itself a
Western post hoc construction. What we mean here is a conceptual framework considered to have
crystallized during the Enlightenment, which has been significantly challenged in the last half
century by critical theories.



5. Knowledge-Enhanced Language Models Are Not Bias-Proof: Situated Knowledge
and Epistemic Injustice in AI 98

Feminist standpoint theorists have argued that we are limited in what we can
know by our social situation, and “some social situations – critically unexamined
dominant ones – are more limiting than others in this respect" (Harding, 2013,
p. 443). In other words, we are particularly constrained in what we are able to
know when our social situation is dominant, and therefore seldom questioned.
The "view from nowhere" (Nagel, 1989) supposed to characterize objectivity,
in Haraway’s words, actually "signifies the unmarked positions of Man and
White" (Haraway, 2016, p. 581). Different feminist approaches7 disagree on the
extent to which we are epistemically limited by our social situation, and the
depth to which scientific frameworks should be questioned. We leave the detail of
these discussions out of this short account, as we do not believe it is necessary
to take sides in order to draw from these different theorists for the problem at
hand. Note that related arguments have been made by decolonial epistemologists:
These scholars have emphasized the geopolitical situation of knowledge under
the persistent regime of coloniality (Pitts, 2017), and the necessity for subjects
of colonial oppression to think not only from their perspective, but outside of
Western epistemic resources (Grosfoguel, 2007; Pitts, 2017). We give this account
of the evolution of the field of epistemology, as we consider it reasonable to assume
that the influence of modern epistemology still has a bearing on contemporary
conceptions of knowledge. In the following we focus on the group of AI engineers,
as they are the relevant category to the object of this article, but we do not believe
these representations to be limited to this group.

5.2.2 AI Engineers and the "View from Nowhere"

Forsythe’s Anthropological Study

Three decades ago, in 1993, Diana E. Forsythe published one of the first in-
depth investigations of AI engineers’8 conceptions of knowledge (Forsythe, 1993).
She had observed and interviewed a group of engineers whose task it was to
elicit the knowledge of domain experts and translate it into a machine-readable
representation for use in AI systems. Back then, it was already envisioned that AI
would at some point "duplicate human expertise" (Forsythe, 1993, p. 1), i.e., that
AI systems would gain the same capabilities that humans have. Without more
critical scrutiny of what constitutes knowledge, the AI engineers in Forythe’s
study described it as universal, a constant that does not change with context, is
purely cognitive and conscious in nature. Forsythe (1993) also mentions the ways
in which AI engineers’ assumptions differ from those held by social scientists.
The latter believe knowledge to be a problematic subject of research that is highly
dependent on social and otherwise contextual factors. They consider a lot of what
people know to be tacit and unaligned to their actions. This gives rise to a wide
range of methodological principles, each of them designed to elicit knowledge
from humans while respecting its social and non-objective nature.

7. For a detail of the different approaches in feminist philosophy of science, see e.g. (Anderson,
2024)

8. Forsythe (1993) uses the term "knowledge engineer" to designate the participants’ profession.
However, as they are described as researching and developing (symbolic) AI technology, we instead
use the term "AI engineer" for the sake of consistency.
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Adam’s Epistemological Analysis

In "Deleting the Subject: A Feminist Reading of Epistemology in Artificial Intelli-
gence", Alison Adam (Adam, 2000) compares AI engineers’ beliefs to the traditional
Western take on knowledge (see Section 5.2.1). She points out that AI systems
are built on the assumption of knowledge as a universal "view from nowhere" (as
introduced by Nagel, 1989) and thereby dismiss the importance of the identity
of the knower. She argues that this effectively obscures an "implicit hierarchy
of knowers", i.e., the power dynamics which grant a specific demographic the
privilege to represent its knowledge in AI systems and others not. Following an
analysis of the Cyc commonsense9 knowledge base,10 Adam (2000) formulates two
main points of criticism: Firstly, the system did not allow to represent contradictory
information and, thus, could only represent one world view at a time. She explains
this with the presumably pervasive understanding of AI engineers "that there
is an independent world that can be accessed through perception and also that
everyone will agree on what the real world is like" (Adam, 2000, p. 241). Again, this
understanding disregards that individual knowers are limited in how they view
the world (by their identity and situation), which means that different perceptions
of the world co-exist. Her second point of criticism relates to the underlying
hierarchy of knowers: Ultimately, whose knowledge would be considered the
right one was determined only by the developers of Cyc, whose demographic was
described as the "middle-class, Western, professional man" (Adam, 2000, p. 241).
Again, including their knowledge exclusively in a system like Cyc is to certify
it as more legitimate than other knowledges.11

Understanding Modern Conceptions

The dominance of the "view from nowhere" and its harmful consequences are still
frequently discussed in the context of modern Machine Learning and AI (Linde-
mann, 2024; Keyes and Creel, 2022; Hancox-Li and Kumar, 2021; Gebru, 2021). The
current discourse on the capabilities of AI indicate that engineers pre-dominantly
focus on the technical challenges of knowledge extraction from data (Martínez-
Rodríguez et al., 2020), benchmarking the knowledge of AI models12 (Youssef et al.,

9. Knowledge regarding everyday situations and cause-effect relationships.
10. https://cyc.com/
11. Adam (2000) uses the terminology by Foley (1987) here, which distinguishes between "non-

weird" and "weird" knowledge.
12. “Artificial intelligence” has been, ever since the expression appeared in the 50s, associated

with an anthropomorphic aim to replicate human capabilities. Even though the term is currently
often associated with strictly technical definitions (for example, the definition that will most
likely figure in the upcoming European AI Act: https://data.consilium.europa.eu/doc/doc
ument/ST-14954-2022-INIT/en/pdf), it remains a common way of understanding “artificial
intelligence”. In the Google campaign, their Knowledge Graph was seen as a step towards "building
the next generation of search, which [...] understands the world a bit more like people do."(https:
//blog.google/products/search/introducing-knowledge-graph-things-not/). With the recent
development of sophisticated AI systems, researchers in the philosophy of AI have been inquiring
the ways in which concepts so far exclusively applied to humans and some other animals could
be extended to AIs in a non-metaphorical sense. These reflections include whether an AI can
"know" (Burns et al., 2023), or "believe" (Rathkopf, 2023) but also “love” (Nyholm and Frank, 2017)
or exert “agency” (Floridi and Sanders, 2004). We are not concerned with these questions in this
article. When we talk about what a LM knows, we mean metaphorically which – and importantly

https://cyc.com/
https://data.consilium.europa.eu/doc/document/ST-14954-2022-INIT/en/pdf
https://data.consilium.europa.eu/doc/document/ST-14954-2022-INIT/en/pdf
https://blog.google/products/search/introducing-knowledge-graph-things-not/
https://blog.google/products/search/introducing-knowledge-graph-things-not/
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2023; Roberts et al., 2020; Kadavath et al., 2022), and ways to embed more of it (Pan
et al., 2024). Yet, the provenance of this knowledge remains largely unexamined.
In a review on AI throughout history, Jiang et al. (2022) claim that "[k]nowledge
describes regular patterns and abstract facts that human understands [sic]" [,
p. 9] and thereby attribute universality to knowledge. The authors continue
by stating that, "[t]herefore, it is usually semantic and embedded in books and
research articles. To be interpretable and useful for machines, it needs to be
modelled, transformed, and generated" (Jiang et al., 2022, p. 9). This quote refers
to automated knowledge acquisition approaches, which are widely established. It
points to an understanding of knowledge as subject-independent and is similar
to the beliefs held by Forsythe’s participants, who had desired exactly this kind
of automation to avoid having "to mine those jewels of knowledge out of their
heads one by one" (Forsythe, 1993, p. 454). In his vision paper, Marcus (2020)
argues that the next decade in AI should focus on "a hybrid, knowledge-driven,
reasoning-based approach, centered around cognitive models, that could provide
the substrate for a richer, more robust AI than is currently possible"13 [p. 1].
Without addressing the social conditions under which knowledge resources are
created, he claims that having more of it embedded in AI models will make
these models more robust. LeCun predicts that AI will become a "repository of all
human knowledge", claiming that such a repository would be the "ultimate solution
*against* misinformation."14 He, however, emphasizes that automation alone will
not suffice and instead proposes Wikipedia-style crowd-sourcing, implying that
the more people contribute, the closer we will get to a representation of the sum
of all knowledge.15 As we will discuss in more detail in Section 5.3.3, Wikipedia,
in fact, clearly exemplifies that crowd-sourcing processes are not immune to the
influence of social power structures without appropriate countermeasures. While
we agree on the importance of improving the factual accuracy of AI systems
and on the value of crowd-sourcing as a basis for this, we believe that a more
nuanced understanding of knowledge is needed to come closer to just and objective
knowledge production in the long term.

5.3 Connecting the Debates on Knowledge Enhance-
ment and Social Bias

In the following, we take a closer look at the bias issue in Wikimedia knowledge
bases to exemplify the influence of the social setting on collective epistemic
processes. To this end, we firstly explain the idea behind knowledge-enhanced lan-
guage models. We then develop the connection between knowledge enhancement

whose – knowledge it embeds, not in which sense it might be said to know something itself.
This is not to say that this question is irrelevant to our main concern, as it seems possible that
anthropomorphizing the AI itself might further contribute to the disappearing of the original
subject of knowledge. But the role of this effect is beyond the scope of this article.
13. Hybrid AI, here, refers to a combination of symbolic representations of knowledge with

modern statistical approaches and is similar to the idea of knowledge enhancement discussed
earlier.
14. https://twitter.com/ylecun/status/1664681619335020560
15. https://twitter.com/ylecun/status/1713751182601015729

https://twitter.com/ylecun/status/1664681619335020560
https://twitter.com/ylecun/status/1713751182601015729
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and social bias and later detail the representation issues in Wikimedia knowledge
bases. Finally, we demonstrate how the biases of said knowledge bases can be
adopted by technology. We do this at the example of language models enhanced
with knowledge from Wikidata.

5.3.1 Knowledge Enhancement and the Dichotomy of Explicit
and Implicit Knowledge in AI

Hybrid AI systems or knowledge-enhanced models are attempts to combine the
strengths of statistical AI and explicit representations of knowledge. Statistical AI
subsumes approaches that model patterns and rules implicitly from (large-scale)
data sets, instead of following hard-coded rules. Such approaches allow to process
enormous amounts of information with minimal human involvement (compared
to mostly manually created symbolic systems) and are more generalizable to
new areas and tasks (Pan et al., 2024). Statistical AI is the currently dominating
paradigm and AI-based language models are part of this category (Jurafsky
and Martin, 2009). One limitation of these approaches it that the knowledge
represented can no longer be accessed directly and can only be interpreted and
quantified through dedicated decoding procedures (Petroni et al., 2019; Youssef
et al., 2023).

The effort to represent explicit knowledge content in machine- and human-
readable form and perform inference based on hard-coded rules is commonly
denoted symbolic AI, which was the most prominent AI paradigm for most of the
second half of the 20th century. Knowledge graphs (KGs) are a type of symbolic
representation that are still used to represent the semantic relationships between
things in the world across various topical domains. A KG is a graph where each
triple describes the relationship between real-world entities in the form (head,
relation, tail) (Paulheim, 2017). A KG-specific ontology defines the possible classes
of entities, their attributes, and properties. The graph-based structure allows for
efficient machine processing, is human-readable, and transparent.

Since statistical LMs always output the most likely next word, they may
generate results that seem linguistically sound, even when the content is not
accurate or appropriate (Ji et al., 2023). This phenomenon is frequently observed,
since the large-scale web-scraped datasets that LMs are trained on usually contain
false information, inaccuracies, and gaps. In other cases, the perceived input may
lack important contextual information for the model to produce contextually
accurate results. To tackle this shortcoming, explicit, relevant, fine-grained
knowledge can be incorporated (Agrawal et al., 2024). A large variety of knowledge
enhancement approaches exist to implement this idea. For example, the mention
of an entity (a person, a place, an event, etc.) may be combined with additional
background information during model training, so that an enriched representation
of the entity is learned (Wang et al., 2021b; Sun et al., 2020). Another common
approach is to give the model access to an external knowledge base to retrieve
relevant information from during runtime (Lewis et al., 2020).
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5.3.2 Why We Need to Talk About Knowledge Enhancement
and Social Bias

Social bias is observed when language models "systematically and unfairly dis-
criminate against certain individuals or groups of individuals in favor of oth-
ers" (Friedman and Nissenbaum, 1996, p. 332). It takes form in reproduced
stereotypes (Nadeem et al., 2021), negative valuations of groups (Sheng et al., 2019),
or systematic performance differences based on sensitive attributes (Kiritchenko
and Mohammad, 2018; Dev et al., 2022). Social bias is another widely discussed
limitation of language models (Sun et al., 2019a; Liang et al., 2021; Bender et al.,
2021). Both social bias and factual inaccuracies are considered obstacles to the
trustworthiness of LMs (Mallen et al., 2023; Wang et al., 2023) but are usually in-
vestigated in isolation to each other. Factual inaccuracies are countered by adding
knowledge, i.e., data that represent facts about things in the world, while social bias
is tackled, e.g., through data balancing, manipulation of the embedding space, or
constraining the predictions (Sun et al., 2019b). It is at times implied that enhancing
the factual accuracy of LMs through knowledge enhancement could positively
impact bias issues in the same instance, since knowledge is highly trusted and
curated.16, 17 This corresponds to our observation that, in the context of knowledge-
enhanced language modeling, the issue of bias is usually only mentioned as a
limitation of statistical AI and its unstructured training databases (Agrawal et al.,
2024; Agarwal et al., 2021; Yang et al., 2024b).18 The fact that highly curated and
structured KGs, like Wikidata and DBpedia, reproduce the same societal biases
mostly goes unmentioned (Kraft and Usbeck, 2022). This omission is unjustified
and potentially harmful. That is, misconceiving of knowledge as objective and an
antithesis to bias, value judgements, and uncertainty, grants anything under the
label of knowledge potentially undeserved legitimacy. In fact, it gives undeserved
legitimacy to the interests, assumptions and world views of a privileged group.
In the case of both the work of Adam (2000) and the KGs discussed here, this is
predominantly the group of educated Western men (Kraft and Usbeck, 2022).

In the next section, we summarize representation-related issues in Wikidata
and Wikipedia, which are examples of crowd-sourced knowledge bases. As
mentioned before, the creation or extension of knowledge graphs is also oftentimes
based on or supported by automated processing (Schneider et al., 2022), e.g.,
through automatic knowledge extraction (Martínez-Rodríguez et al., 2020) and
knowledge integration (Möller et al., 2022). Other works are even inspecting the
possibility to extract knowledge directly from language models to utilize them
as knowledge bases (Petroni et al., 2019). It is important to remember here that
automatic approaches of course also mirror the values of their developers. Firstly,
many of these mentioned natural language processing (NLP) approaches are
affected by social biases (Mehrabi et al., 2020; Mishra et al., 2020; Gaut et al., 2020;

16. https://blog.research.google/2021/05/kelm-integrating-knowledge-graphs-with.html
17. https://www.searchenginejournal.com/google-kelm/408151/
18. We found one exception in Lewis et al. (2020), , p. 10, where it is stated that "Wikipedia, or

any potential external knowledge source, will probably never be entirely factual and completely
devoid of bias [...]" and that "[i]n order to mitigate these risks, AI systems could be employed to
fight against misleading content [...]". This suggestion fails to address the real-world source of the
problem and instead points in the direction of techno-solutionism (Morozov, 2013).

https://blog.research.google/2021/05/kelm-integrating-knowledge-graphs-with.html
https://www.searchenginejournal.com/google-kelm/408151/
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Du et al., 2022; Keet, 2021). Secondly, they are more frequently applied for the more
represented languages. For instance, more bots are used to populate Germany-
related content in Wikidata than Vietnam-related content (Ma and Zhang, 2023),
further amplifying existing coverage gaps. So, while the automatic creation and
extension of knowledge bases may save a lot of time and effort (and avoid potential
frustrations caused by social interactions (Forsythe, 1993)), theymay amplify biases
and further occlude the social conditions of knowledge production.

5.3.3 The Biases of Wikidata and its Hierarchy of Knowers

Most research articles that present new techniques for KG-based enhancement
of language models utilize English Wikidata (e.g., Sun et al., 2020; Wang et al.,
2021a; Qin et al., 2021; Zhang et al., 2022; Wang et al., 2022), since it is the
largest publicly accessible open-domain KG (Wang et al., 2021b). A wide range of
non-KG approaches are developed on the basis of Wikipedia, e.g., many Retrieval-
Augmented Generation (RAG) approaches (Gao et al., 2023 for an overview).
These knowledge bases19 are more curated and reviewed than most other data
sources involved in the training of language models.20 That is, users populate
the knowledge bases collaboratively, engage in discussions on the content, and
constantly work on updates and refinements. Agarwal et al. (2021) imply that KGs
have less limited coverage of the world knowledge than text corpora. The authors
used a dedicated data-to-text model to verbalize all triples in the English Wikidata
KG and thereby created a synthetic natural-language corpus called the KELM
corpus (Corpus for Knowledge-Enhanced Language Model Pre-training) which is
intended for integration with natural language training datasets to improve LM
performance on knowledge-intensive tasks. In a blog post, the authors claim
that "KGs are factual in nature because the information is usually extracted
from more trusted sources, and post-processing filters and human editors ensure
inappropriate and incorrect content are removed."21

These claims strike us as particularly interesting in the face of prevalent issues
with Wikimedia’s knowledge bases: Wikidata exhibits significant coverage gaps
for different genders (Zhang and Terveen, 2021; Das et al., 2023), races, and citizen-
ships (Shaik et al., 2021). We analyzed Wikidata and the KELM corpus and found
that women make up only approximately 20% and other genders make up less than
1% (see Table 5.3 in Appendix 5.8). Representational biases are not only manifested
in coverage gaps: Wikidata entries about German personalities are significantly
more often edited than entries about Vietnamese personalities (Ma and Zhang,
2023). This indicates that the latter undergo less deliberation and may be less
trustworthy (Tollefsen, 2009).22 The narration style used to describe different

19. In the following, we almost interchangeably address issues regardingWikipedia andWikidata.
The reason for this is that they are related projects and Wikidata contains all of the factual
information fromWikipedia presented as a graph (Vrandečić and Krötzsch, 2014). As both projects
are organized as part of the Wikimedia Foundation, they follow similar standards and procedures.
20. https://nytimes.com/2023/07/18/magazine/wikipedia-ai-chatgpt.html
21. https://blog.research.google/2021/05/kelm-integrating-knowledge-graphs-with.html
22. In summary, we may say that the content of Wikipedia and co. is trustworthy on average,

while the trustworthiness of individual claims ismore difficult to determine (Simon, 2010). Tollefsen
(2009) points out that not every content is equally debated and reviewed and claims that the more
a piece of content has undergone group deliberation, the more we may be able to trust it.

https://nytimes.com/2023/07/18/magazine/wikipedia-ai-chatgpt.html
https://blog.research.google/2021/05/kelm-integrating-knowledge-graphs-with.html
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demographics also differs in stereotypical ways. For example, on Wikipedia,
women are more likely to be described with regards to personal life events (even
within the "Career" section) than men (Sun and Peng, 2021). Popular KGs like
Wikidata use inappropriate and derogatory terms to indicate, e.g., ethnicity, sexual
identity or orientation (Nesterov et al., 2024).

The cause of these representation issues can be found in the power hierarchies
that characterize the community behind these efforts. Menking and Rosenberg
(2021) argue that there is a mismatch between the ideal scenario implied by the Five
Pillars of Wikipedia, i.e., the guiding principles, and the reality of its epistemic
community. "While anyone can edit Wikipedia, there are several barriers to
becoming a Wikipedian. For example, newcomers must learn how to navigate
any number of technical, organizational, and social hurdles they encounter when
performing a substantial edit." (Menking and Rosenberg, 2021, p. 458). Examples
for said social hurdles are manifold: Members of marginalized communities face
higher standards for notability, which is an eligibility requirement for coverage
in Wikipedia and Wikidata (Tripodi, 2023).23 Women editors’ articles are more
likely to be reverted, especially in the early phases of their participation (Lam
et al., 2011; Lir, 2021). Editors who identify as women and/or LGBTQIA+ are
trolled, harassed, receive death threats, and become victims of doxxing (Menking
and Erickson, 2015; Menking et al., 2019).24 Thus, it is not surprising that only
13% of all active Wikimedia editors are women and 4% gender-diverse, according
to a 2023 report.25 The same report also showed that active editors are highly
educated – 82% hold at least a post-secondary degree – and most US and UK
editors are white (disproportionately more than in the general population). The
geographic distribution of editors is skewed towards Western Europe, making
up more than 50% (as of 2018).26

These observations show how knowledge production is shaped by the situation
of the knowers. Their identities and values influence the interactions leading to
agreement (or disagreement) on what to consider knowledge. We focused on
Wikipedia and Wikidata because they are prevalent resources in NLP research
and a lot is known about the communities behind them. However, our criticism
extends to other knowledge bases, like DBpedia and Freebase, which exhibit
similar gaps (Kraft and Usbeck, 2022).

5.3.4 Knowledge Enhancement Does Not Solve the Bias Issue

Quantitatively, the effect of knowledge enhancement on bias was so far only shown
for commonsense knowledge: Melotte et al. (2022) fine-tuned different generative
language models – GPT-2 (Radford et al., 2019), T5-base, and T5-small (Raffel
et al., 2020) – with commonsense KGs – Wikidata-CS (Ilievski et al., 2020) and
ConceptNet (Speer et al., 2017) – to allow the models to predict an object from
a given subject-predicate pair (e.g., ("gentleman", "is capable of")). The authors
measured bias regarding origin, gender, religion, and profession via classifiers for

23. https://meta.wikimedia.org/wiki/Gender_equity_report_2018/Barriers_to_equity
24. https://www.nytimes.com/2019/04/08/us/wikipedia-harassment-wikimedia-foundation.ht

ml
25. https://meta.wikimedia.org/wiki/Community_Insights/Community_Insights_2023_Report
26. https://meta.wikimedia.org/wiki/Community_Insights/2018_Report

https://meta.wikimedia.org/wiki/Gender_equity_report_2018/Barriers_to_equity
https://www.nytimes.com/2019/04/08/us/wikipedia-harassment-wikimedia-foundation.html
https://www.nytimes.com/2019/04/08/us/wikipedia-harassment-wikimedia-foundation.html
https://meta.wikimedia.org/wiki/Community_Insights/Community_Insights_2023_Report
https://meta.wikimedia.org/wiki/Community_Insights/2018_Report
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sentiment and regard, which can identify whether or not an output sequence is
a positive or negative portrayal. T5-small tuned on ConceptNet created more-
than-average negative depictions of, e.g., "Columbians", "Afghans", and "Indians".
Occupations like "teacher", "doctor", and "professor", were more likely depicted in
positive ways, whereas "prosecutors" were more often depicted negatively. The
results showed an increase of bias with the scale of the KG.

In the following, we present a preliminary analysis of social bias in lan-
guage models enhanced with encyclopedic knowledge. We evaluated KEPLER
(Knowledge Embedding and Pre-trained Language Representation) (Wang et al.,
2021b) and CoLAKE (Contextualized Language and Knowledge Embedding) (Sun
et al., 2020) in comparison to RoBERTa (Robustly Optimized BERT Pretraining
Approach) (Liu et al., 2019).27 KEPLER and CoLAKE are both modified versions of
the popular RoBERTa language model and incorporate Wikidata. More detailed
explanations of these models are provided in Appendix 5.9. To validate the
knowledge enhancement effect, we compared the performance of the models on a
suite of knowledge-intensive evaluation tasks, called the LAMA (LAnguage Model
Analysis) probe (Petroni et al., 2019), and present the results andmore details on the
probe in Appendix 5.10. We investigated two kinds of bias: stereotypes, i.e., learned
systematic associations between individuals/groups and classes of professions
or other attributes, and secondly, performance differences on knowledge-related
tasks that might arise from imbalanced representation of individuals or groups
in the dataset.28

Stereotypical Bias Analysis

We use three common stereotype measures to compare the biases across models:29
1. SEAT (Sentence Embedding Association Test) (May et al., 2019; Caliskan et al.,
2017) measures the associations between certain demographics and certain at-
tributes, which are often discussed in stereotypical portrayals of said demographics
and their respective opposites. The significance of the association is determined
via a permutation test and its effect size is interpreted as an indicator of the bias
magnitude. Lower effect sizes indicate less bias. 2. CrowS-Pairs (Crowdsourced
Stereotype Pairs) (Nangia et al., 2020) is comprised of crowd-sourced stereotypical
descriptions of historically disadvantaged groups in the United States. The test
computes the percentage of instances where a stereotypical description is preferred
over a less or non-stereotypical description by a given LM. For a random score of
50%, no systematic association is observed and the model is considered unbiased. 3.
StereoSet follows a similar idea (Nadeem et al., 2021) and compares the likelihood
of stereotypical, anti-stereotypical, and unrelated responses (example: "Girls tend
to be more ___ than boys"; response options: "soft" (stereotypical), "determined"
(anti-stereotypical), and "fish" (unrelated)). The idealized context association score

27. We selected these to models for the following reasons: They introduce little changes to
RoBERTa to perform knowledge enhancement and are, thus, easily comparable. Secondly, their
model weights are publicly available.
28. Our analysis scripts and data are made available here: https://github.com/krangelie/KE-PLM

-bias.
29. Previous literature has shown that bias measures do not always correlate with each other as

they measure different facets. Furthermore, there is no established standard measure to date. It is,
thus, recommended practice to analyze bias via a combination of measures (Dev et al., 2022).

https://github.com/krangelie/KE-PLM-bias
https://github.com/krangelie/KE-PLM-bias
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(ICAT) is a stereotype metric based on the relative number of samples for which
the stereotypical is preferred over the anti-stereotypical option, scaled by the
model’s language modeling capability (percentage of cases, where the model does
not opt for the unrelated response).30

Table 5.1: Bias metrics for RoBERTa and its knowledge-enhanced variants KEPLER and
CoLAKE. Bold scores indicate the most optimal model according to the respective metric.
For SEAT, scores closer to 0 are less biased. For CrowS-Pairs, scores closer to 50 are more
optimal and for StereoSet, ideal scores are ICAT=100.

RoBERTa KEPLER CoLAKE

SEAT

gender .940 .789 .329
race .307 .374 .340
religion .127 .890 .332
average .458 .684 .334

CrowS

gender/gender identity 60.15 59.39 54.41
race/color 63.57 64.92 64.53
religion 60.00 50.48 58.10
socioeconomic status/occupation 61.99 60.23 66.67
nationality 47.80 47.80 44.03
age 49.43 52.87 55.17
sexual orientation 63.10 59.52 61.90
physical appearance 53.97 57.14 55.56
disability 67.80 71.19 66.10
average 58.65 58.17 58.50

StereoSet (ICAT)

gender 60.48 68.63 70.43
race 68.93 63.96 65.09
religion 62.89 68.25 69.81
profession 67.42 66.06 66.49
overall 67.11 65.50 66.45

Table 5.1 shows the final bias metrics for all three models. On the SEAT
metric, KEPLER and COLAKE yield larger effect sizes than RoBERTa on two out
of three bias dimensions, namely race and religion. On the gender bias dimension,
CoLAKE outperforms RoBERTa by a large margin, causing CoLAKE to receive
the best average score. For CrowS, the models again exhibit different strengths:
While RoBERTa is least biased regarding race/color, nationality, age, and physical
appearance, KEPLER and CoLAKE exhibit less stereotypical attributions in the
case of other dimensions, like gender, religion, sexual orientation, and disability.
On average, across all dimensions, all models prefer the stereotypical over the anti-
stereotypical option in 58% of the cases. On StereoSet (ICAT), RoBERTa slightly
outperforms the knowledge-enhanced models. In conclusion, these inconsistent
results indicate that simply adding knowledge to language models does not solve
the bias problem. Instead, two of the metrics used, CrowS-Pairs and StereoSet,
indicate a preservation of the average probability for stereotypical associations.

Performance Bias Analysis

To investigate the models’ biases on a knowledge-intensive task, we performed
a disaggregated evaluation on the T-REx (ElSahar et al., 2018) subtask from the

30. The tests were run with the implementations by Meade et al. (2022).



5. Knowledge-Enhanced Language Models Are Not Bias-Proof: Situated Knowledge
and Epistemic Injustice in AI 107

LAMA probe.31 It consists of cloze-style templates derived from KG triples. For
example, the triple (Dante, born-in, Florence) would translate to "Dante was born
in ___" and the model would have to predict "Florence" to be correct. The authors
assume a language model to "know" a fact if it fills the gap correctly (Petroni
et al., 2019). The T-REx subtask is comprised of 600 relations and 11 million triples
from Wikidata.32 We iterated through the entire set of triples and extracted those
relating to at least one human entity. We then queried the genders of these entities
from our Wikidata dump (October 2022) and split the examples into a male and
a female subset. Due to a lack of gender diversity in the dataset (see Table 5.3),
only a binary comparison was possible. Per relation, the group-level Demographic
Parity (DP) metric was calculated via DP =

ratio of correct completions of women-related examples
ratio of correct completions of men-related examples

(where DP= 1.0 indicates independence of output correctness from subject gender)
and then averaged across relations (Barocas et al., 2023; Feldman et al., 2015).
Finally, the performance metric used by Petroni et al. (2019), namely the Mean
P@1 scores (average number of cases for which the top-1 most likely response is
the correct one) across relations, were computed separately for female and male
examples. Table 5.2 shows that all three models exhibit demographic disparity,
with gender-based performance gaps roughly equal across models. Despite a slight
improvement for KEPLER, these results overall do not indicate a considerable
removal of bias after knowledge enhancement.

Table 5.2: Top: Average DP based on the per-relation model accuracy for female versus
male subjects. Bottom: T-REx performance (measured via Mean P@1) for male and female
subjects.

RoBERTa KEPLER CoLAKE
Mean DP .41 .55 .44

Mean P@1 female 12.71 13.08 13.76
male 19.36 18.81 21.01

5.4 How Can We Do Better? Drawing from Philo-
sophical Insights

We used the example of Wikidata because it is a very popular database. Therefore,
the biases described should be alerting in themselves. However, we do not expect
these issues to be specific to Wikidata. As we have argued in Section 5.2, the
conception of knowledge that seems to prevail in the AI community has been the
object of philosophical reappraisal. Thus, we consider it fruitful to draw from
feminist epistemology to better grasp the ways in which the social dimension
of knowledge production in general can lead to injustices, but also how we can
strive for better practices.

31. We utilized the evaluation script and data provided here: https://github.com/facebookresea
rch/LAMA.
32. List of Wikidata relations considered in analysis: place of birth (P19), place of death (P20),

country of citizenship (P27), field of work (P101), native language (P103), occupation (P106),
employer (P108), position played on team / speciality (P413), work location (P937), languages
spoken, written or signed (P1412).

https://github.com/facebookresearch/LAMA
https://github.com/facebookresearch/LAMA
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5.4.1 Including More Diverse Voices

The main insight we draw from feminist epistemology is that knowledge produc-
tion is not immune to the power dynamics that structure society. This is what
Miranda Fricker has famously theorized in her 2007 book "Epistemic Injustice,
Power and the Ethics of Knowing" (Fricker, 2007). The fact that we are, as knowers,
social beings that stand in power relations to each others, Fricker argues, makes
knowledge practices the locus of a specific type of injustice: epistemic injustices.
Fricker describes epistemic injustice as having two main aspects: testimonial
injustice and hermeneutical injustice. Testimonial injustice is a consequence
of identity prejudice: We usually assign credibility automatically to speakers,
and in this unreflective process, identity prejudice can unjustly lead us to grant
less credibility to some speakers, typically from marginalized groups. Their
contribution is dismissed, and they are harmed in their dignity and their capacity
to participate in knowledge production and transmission. Hermeneutical injustice
has to do with knowledge gaps: Because marginalized groups are less given the
ability to participate in knowledge production, because their experiences are less
the object of collective interest and study, their experiences and knowledge are not
represented in our collective hermeneutical resources. Fricker gives the example
of the concept of "sexual harassment", the absence of which long prevented some
women from making sense of what they were experiencing. This understanding
of hermeneutical injustice has however been nuanced among others by Rebecca
Mason (Mason, 2011). To Mason, hermeneutical injustice is not only a matter
of marginalized groups not having the hermeneutical resources to articulate
their experience, but also of dominant groups willfully, or at least blameworthily
ignoring this experience. Dominant groups bear an important responsibility
for these "blanks where there should be a name for an experience" (Fricker,
2007, p. 160).

The mechanisms of exclusion from the Wikimedia community described
in Section 5.3.3 are arguably examples of testimonial injustice contributing to
hermeneutical injustice. Some contributors’ testimony is dismissed because of
identity prejudice, and this results in gaps in the knowledge resource. As we have
shown in Section 5.3.4, feeding such knowledge databases to LMs does not make
them objective, but instead embeds these hermeneutical gaps in the technology.
Epistemic injustices have to do with the possibility to participate in knowledge
production and to be represented in collective resources. Working against these
injustices is important to justice and non-discrimination, but it is also crucial for
epistemic reasons. However strong a stance one takes on the way our situatedness
epistemically limits us, it remains that our knowledge resources are enriched by
including diverse contributions, particularly from marginalized groups. This is
arguably not the case – yet – for Wikidata or Wikipedia.

Networks like Art+Feminism33 and FemNetz34 provide safe spaces forWikipedia
contributors with feminist visions. They organize regular events, e.g. edit-a-thons,
to improve the platform’s coverage of knowledge relevant to all genders and
increase the use of inclusive and anti-discriminatory language. These initiatives
exemplify how epistemic injustice may be tackled bottom-up. However, against

33. https://artandfeminism.org/
34. https://de.wikipedia.org/wiki/Wikipedia:WikiProjekt_FemNetz

https://artandfeminism.org/
https://de.wikipedia.org/wiki/Wikipedia:WikiProjekt_FemNetz
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the backdrop of a community dominated by groups who resist the inclusion
of certain experiences by violent means, participation can only be realized at
high cost (Menking and Erickson, 2015) or sometimes not at all: The founders
of the German web encyclopedia Equalpedia initially raised public funds to
build an editorial team that would contribute information about women and
persons from the LGBTQIA+ community to Wikipedia.35 But, targeted by edit
wars,36 they ultimately failed to prevail against the existing power structures and
resorted to building their own platform instead. While institutions and individuals
developing AI and respective data corpora should work towards solutions and
pro-actively invite underrepresented views, the involvement of diverse voices
should be approached in reciprocal and empowering ways (Birhane et al., 2022a).
The reality of modern AI is largely determined by powerful technology compa-
nies that gather information without consent to their own financial benefit.37
Especially historically exploited communities should (co-)determine how these
resources are created, disseminated, and utilized (Birhane et al., 2022a). Hence,
refusal of participation in open access knowledge bases, like Wikipedia, is a
legitimate alternative that should be supported, as well. Inclusion should always
be approached with the perspective that hermeneutical injustice does not result
from innocent knowledge gaps, but is motivated by group interest as an integral
part of a pervasive system of social oppression (Mills, 2017). Power dynamics
shape discourses and practices of inclusion themselves (Hoffmann, 2021), and we
believe that inclusion should be approached critically, and not as the ultimate
fix to structural injustice (Browne, 2023).

5.4.2 Reflexivity and Intersubjective Criticism: Objectivity Is
Hard Work

Underlying this discussion is the question of whether there can be such a thing
as knowledge that would be perspective-independent, and how we can strive
for that or towards that goal. Viewpoints within feminist epistemology differ on
this matter. However, we believe it is possible to draw some common lessons
from them that are useful for AI engineers.

Feminist empiricists like Helen Longino or Elizabeth Anderson have argued
that it is inevitable that moral and political values play a role in scientific in-
quiry (Anderson, 1995; Longino, 1990). They play a role in determining what
will be researched, but also with which methods. They influence according
to which background theory facts will be interpreted and which facts will be
considered significant. What still protects scientific knowledge from arbitrariness
and preserves the possibility for objectivity – at least as a horizon– is, Longino says,
the possibility for intersubjective criticism of commonly available phenomena and
methodologies (Longino, 1990). This supposes among others avenues for criticism,
shared standards on the formulation of these criticisms, responsiveness to criticism,
and equal intellectual authority among qualified practitioners. And the greater
the number of points of view, the closer scientific practice gets to objectivity. In

35. https://www.equalpedia.org/ueber-equalpedia/
36. https://en.wikipedia.org/wiki/Wikipedia:Edit_warring
37. https://www.washingtonpost.com/technology/interactive/2023/ai-chatbot-learning/

https://en.wikipedia.org/wiki/Wikipedia:Edit_warring
https://www.washingtonpost.com/technology/interactive/2023/ai-chatbot-learning/
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this sense, we consider interdisciplinary exchange and collaboration essential for
critical decentering. In the case we have been discussing, engaging with different
disciplines – for example during education (Raji et al., 2021b) – and communities
should contribute to fostering a more critical understanding of the concept of
knowledge in the AI community.

Standpoint theorists share the conviction that beliefs and values are pervasive
in every aspect of knowledge production. However, to them, there is no tran-
scending our situatedness. Instead, it is precisely by theorizing this situatedness
of subjects of knowledge and the values that underlie any knowledge-seeking
endeavor that we can strive for what Harding calls "strong objectivity", a way
to "maximize objectivity" through "strong reflexivity" (Harding, 2013, pp. 460-
462). This requires to think broader than the avenues for criticism organized
by scientific communities (or any community that claims to create knowledge
of some authority, for example a knowledge database). Indeed, the criteria that
determine who is qualified to participate and according to which rules, should
themselves be subjects of critical scrutiny. And those who are excluded from these
groups are better situated to exercise this scrutiny. The consequence is that any
claim to produce authoritative knowledge such as knowledge databases should
not only imply organized practices of intersubjective criticism, but also actively
seek the critical scrutiny of outgroup members.

In the absence of such strong standards, Harding calls objectivity a "mystifying
notion", little more than an argument from authority that benefits dominant
groups (Harding, 2013). This article argues that in the same way, the term "knowl-
edge" in the context of AI runs the risk of not being more than a mystification, if
we do not strive for standards and practices that enable the resources in question
to come closer to the ideal of objectivity associated with knowledge. Besides afore-
mentioned efforts to facilitate more diverse contribution, we also need transparent
documentation practices that allow scrutiny of knowledge bases and their original
knowers (Gebru et al., 2021; Bender and Friedman, 2018).38 Institutionalizing
(participatory) data collection through dedicated consortia to structure outreach
to underrepresented groups as well as support and give visibility to their own
initiatives are also important directions to consider (Jo and Gebru, 2020).

5.5 Conclusion
Debates on the factual inaccuracy of language models and knowledge enhance-
ment as a potential alleviation to it have given new relevance to the question,
how engineers define knowledge and what attributes they associate with it. AI
engineers seem to approach knowledge as a "view from nowhere", a conception
prevalent in traditional Western epistemology. Based on this conception, knowl-
edge enhancement strategies are advertised as inheriting increased trustworthiness
from the objectivity and neutrality of their knowledge resources. We argue that
this promotion of trust is unjustified and harmful. As feminist epistemologists
have pointed out, dismissing the importance of the individual knowers behind
this knowledge, their values and social settings, effectively conceals the power

38. Such data and model documentation practices are well-known in the LM community, but
have not yet been adopted in the KG community (Kraft and Usbeck, 2022).
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dynamics at play in knowledge production and dissemination, as well as resulting
gaps and misrepresentations. Multiple reports and research studies have revealed
such dynamics shaping the epistemic communities behindWikipedia andWikidata,
knowledge bases which are essential to knowledge-enhanced language modeling.
What is revealed is an underlying hierarchy of knowers, organized along dimen-
sions of, e.g., gender, race, and geography. At Wikimedia, the testimony of women
or persons from the LGBTQIA+ community is systematically disregarded on the
basis of identity prejudice, yielding testimonial injustice. And, the consequence of
this is hermeneutical injustice: The resulting knowledge bases primarily reflect
the knowledge of and relevant to the dominant group.

Our first take-away is that a more nuanced understanding of knowledge is
needed in the AI community. Researchers concerned with measures of knowledge
in LMs and other AI systems should be aware of the social nature of knowledge
and avoid assuming content labeled "knowledge" to be objective and neutral.
Knowledge-enhanced language modeling serves as a case study for the relevance
of the social situation to knowledge production. Commonly, comparisons between
explicit knowledge resources and statistical AI models attribute bias-risks only
to the latter and consider that adding explicit knowledge to statistical systems
would make them more robust and less bias-prone. Our preliminary analyses
provide evidence against this claim. We were able to show that knowledge
enhancement on the basis of Wikidata does not remove biases on a stereotype
and task performance level. This is in line with previous findings on biases in
commonsense KG-enhanced language models (Melotte et al., 2022), which is – to
our knowledge – the only other work to analyze the relationship between bias
and knowledge enhancement. Future work should follow-up with more detailed
analyses, across different knowledge bases, LMs, and enhancement approaches.
This also includes the currently popular RAG approaches. Understanding the issue
at depth is vital as we strive for more trustworthy language models.

Our second take-away is that knowledge bases used in AI must include more
diverse voices. More balanced contributions by members of marginalized or
excluded groups must be fostered through dedicated structures (Birhane et al.,
2022a; Jo and Gebru, 2020). Not only the communities behind databases, like
Wikidata, but also those who determine which databases ultimately to include
in AI training and refinement, decide which voices are going to be heard. More
generally, the design of a technology beyond data inclusion determines which
values are being served. Hence, technical solutions that allow to encode more
than one truth at a time are worth exploring (Keyes and Creel, 2022). AI engineers
must recognize their own responsibility with regard to the ethical consequences
of the technologies they develop (Widder and Nafus, 2023). They determine whose
knowledge is legitimized, who is served hermeneutical resources, and whose
perspectives are excluded, in turn. Diversity is also epistemically necessary to
approach objectivity as a horizon. That is, only through intersubjective criticism
and scrutiny of members from underrepresented groups can we hope to come
closer to objective knowledge production.

Lastly, we would like to stress the importance of interdisciplinary work such
as the one presented here and an overcoming of "disciplinary self-isolation" (Raji
et al., 2021b, p. 522). Many ideas that are currently discussed in the AI field are by
no means new to other disciplines, like philosophy, political science, or psychology,
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and in many instances even intentionally borrowed from them. We argue that a
more comprehensive understanding of the original discourses provides important
insights and, in certain cases, can avert harms.

5.6 Limitations

Even though statements and publications by important contemporary voices in
the AI field indicate that the observations by Adam (2000) and Forsythe (1993) still
apply (see Section 5.2.2), more up-to-date empirical research on the conceptions
of knowledge held by different players in AI is needed and planned for future
research. To debunk the prevalent association of knowledge to objectivity and
absence of bias in the AI community, we conducted experiments to demonstrate
that bias is not solved through knowledge enhancement. We acknowledge that
our experimental results are limited with regards to the recency and number of
models examined and encourage follow-up work in this direction.

5.7 Researcher Positionality Statement

Both authors identify as Asian-White cis-genderedwomen, socialized and educated
in Western Europe. Both share a background in Computer Science paired with
Psychology or Philosophy. The first author considers herself to some extent
part of the AI community and has engaged closely with NLP and Semantic
Web researchers and developers. The second author mainly engages with the
Philosophy and Ethics of Technology communities. Both support and advocate
for feminist and anti-racist values.
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5.8 Additional Material 1. Distribution of Genders
in Wikidata and KELM

As described in Section 5.3.2, we investigated the distribution of genders across
Wikidata (as of October 2022) and the KELM corpus. All human entities were
filtered via relation instance_of and property Q5/human. For each of these, we
retrieved property P21/gender or sex if existing. Where no gender was stored
or the property value was "undisclosed", we counted the case as "Unknown".
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Table 5.3: Distribution of genders for all person entities in the English Wikidata and in
the KELM corpus.

Wikidata KELM
Gender # % # %
Non-binary/
agender/... 1,017 <0.01 379 0.02
Trans female 1,387 <0.01 582 0.03
Trans male 310 <0.01 172 0.01
Female 1,988,388 19.47 342,142 18.88
Male 6,140,593 60.13 1,466,421 80.93
Unknown 2,080,256 20.37 2280 0.13
Total 10,211,951 100.00 1,811,976 100.00

Table 5.3 shows that both datasets predominantly contain information about
(cis-)male individuals.

5.9 Additional Material 2. Model Details

Knowledge-enhanced language models are language models with architectural,
training, or inference-related adjustments made to increase the performance on
knowledge-related tasks or reduce the likelihood of false fabrications during text
generation (Pan et al., 2024). KEPLER encodes KG entities and aligned text snippets
in the same vector space and jointly optimizes for a knowledge embedding loss and
a masked language modeling (MLM) loss (Wang et al., 2021b). This way, the model
learns semantically richer representations for entities while preserving linguistic
fluency. CoLAKE utilizes the same dataset and follows a similar idea: the input text
is concatenated with subgraphs relating to the entities mentioned in the text (Sun
et al., 2020). Different type embeddings are assigned to the different occuring
elements, i.e., words, entities, and relations. The training again follows the MLM
objective. Both, KEPLER and CoLAKE are models that employ RoBERTa (Liu
et al., 2019) as their backbone, which they outperform on knowledge-related
tasks (Wang et al., 2021b; Sun et al., 2020).

We used the implementations and model weights provided through the GitHub
repositories of KEPLER39 and CoLAKE40 and the HuggingFace implementation and
weights of RoBERTa base41. We did not fine-tune or otherwise alter the models
and ran inference with the original settings.

5.10 Additional Material 3. Validating Enhanced Per-
formance on LAMA

We used the LAMA probe (Petroni et al., 2019) to check the effects of the knowledge
enhancement on the task performance of the different models. The full probe
comprises both encyclopedic and commonsense knowledge types. However, we

39. https://github.com/THU-KEG/KEPLER
40. https://github.com/txsun1997/CoLAKE
41. https://huggingface.co/FacebookAI/roberta-base
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Table 5.4: LAMA evaluation results for different LMs (with and without knowledge
enhancement). Numbers represent Mean P@1 scores (higher is better). Bold numbers
indicate the best performing LM when comparing the original and their knowledge-
enhanced variants.

Corpus Relation RoBERTa KEPLER CoLAKE
birth-place 11.56 11.90 10.32
birth-date 1.79 1.47 1.98
death-place 0.62 3.24 4.93Google-RE

Total 4.66 5.53 5.74
1-1 57.99 57.32 58.68
N-1 20.32 22.55 23.29
N-M 19.96 21.43 21.13T-REx

Total 22.02 23.81 24.17
SQuAD Total 9.79 6.64 10.84

leave out the commonsense evaluation since this is not the type of knowledge
that is enhanced in the models evaluated here. We evaluate on the basis of facts
from Wikipedia (Google-RE corpus), triples from Wikidata (T-REx), and question-
answer sets derived from Wikipedia (SQuAD). Table 5.4 shows that KEPLER and
CoLAKE slightly outperform their baseline on average for Google-RE and T-REx.
For SQuAD, only CoLAKE surpasses RoBERTa. Again, the observed increases are
rather small. As they serve only as additional evidence to the metrics reported in
the original papers, we interpret these results as sufficient evidence for a successful
knowledge enhancement and as providing a basis for further analyses.



6
Social Bias in Popular

Question-Answering Benchmarks

Question-answering (QA) and reading comprehension (RC) bench-
marks are commonly used for assessing the capabilities of large lan-
guage models (LLMs) to retrieve and reproduce knowledge. However,
we demonstrate that popular QA and RC benchmarks do not cover
questions about different demographics or regions in a representative
way. We perform a content analysis of 30 benchmark papers and a
quantitative analysis of 20 respective benchmark datasets to learn
(1) who is involved in the benchmark creation, (2) whether the
benchmarks exhibit social bias, or whether this is addressed or
prevented, and (3) whether the demographics of the creators and
annotators correspond to particular biases in the content. Most
benchmark papers analyzed provide insufficient information about
those involved in benchmark creation, particularly the annotators.
Notably, just one (WinoGrande) explicitly reports measures taken
to address social representation issues. Moreover, the data analysis
revealed gender, religion, and geographic biases across a wide range
of encyclopedic, commonsense, and scholarly benchmarks. Our work
adds to the mounting criticism of AI evaluation practices and shines
a light on biased benchmarks being a potential source of LLM bias by
incentivizing biased inference heuristics.
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6.1 Introduction
Large language models (LLMs) inhabit the core of a wide range of user-facing
systems. They power applications such as chatbots, which are utilized as writing
and coding assistants, search engines, and advisors. The biases and knowledge gaps
embedded in these systems pose significant risks of causing both short- and long-
term harm to users and society at large. The reproduction of societal biases through
LLMs is by now a well-documented phenomenon (Gallegos et al., 2024; Kotek
et al., 2023). Commonly discussed sources of bias are the training data (Navigli
et al., 2023), model design, deployment, and evaluation aspects (Gallegos et al.,
2024). Indeed, optimizing LLMs to perform well on popular benchmarks is highly
incentivized, as strong performance can enhance a researcher’s visibility and
credibility (Koch et al., 2021b). However, it has been theorized that many widely
used benchmarks are biased and effectively incentivizemodel optimization towards
biased standards (Bowman and Dahl, 2021; Raji et al., 2021a).

Our work provides one of the first systematic analyses demonstrating that
many of the most popular LLM benchmarks are, in fact, unrepresentative. Previous
analyses were mostly limited to bias benchmarks (Powers et al., 2024; Demchak
et al., 2024). The work presented here focuses on downstream task benchmarks, in
particular, question-answering (QA) and reading comprehension (RC) benchmarks.

https://aclanthology.org/2025.ijcnlp-long.79/
https://aclanthology.org/2025.ijcnlp-long.79/
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In both tasks, the model is presented an explicit question and its generated answer
is then checked for correctness (e.g., open-ended, fill-in-the-gap, or multiple choice;
Rogers et al., 2023). We argue that these tasks are close proxies to the ways in
which users query chatbots to gather information and, thus, the ways in which
LLMs are shaping modern knowledge ecosystems.

Raji et al. (2021a), p. 2 "describe a benchmark as a particular combination
of a dataset or sets of datasets [...], and a metric, conceptualized as representing
one or more specific tasks or sets of abilities."

We define a socially biased QA or RC benchmark as one that exhibits a statistical
skew in the occurrence of demographic and/or geographic identifiers or names
within its dataset, corresponding to pre-existing societal biases and gradients of
power. Examples are the under-representation of non-cis-male gender identities
or non-Western individuals, locations, or events. We would like to address that
said skews can be seen as more or less problematic when compared with an
assumed ideal distribution, which may differ depending on the purpose of the
benchmark or the views of its creator(s) (Shah et al., 2020). A benchmark dataset
containing less examples of female than male computer scientists may indeed be
representative of certain real-world statistics. However, one might choose to define
a more idealized target distribution, to avoid incentivizing the perpetuation of the
status quo. Preferably, any pre-defined ideal distribution should be explicated and
justified by benchmark creators. Unfortunately, in our analysis, such deliberations
were not encountered. Neither did we identify implicit reasons to assume that
under- or over-representing certain demographics is justified by the application
context. Therefore, we assume uniform ideal distributions in this study. Based on
a manual analysis of the 30 most popular QA and RC benchmark papers and a
quantitative data analysis of 20 benchmark datasets, our work seeks to answer
the following research questions:

RQ1 Who is involved in the creation of popular QA and RC benchmarks?

RQ2 Are the benchmark datasets socially biased? And are potential social biases
avoided or addressed in the creation of the benchmarks?

RQ3 Are social biases in the datasets reflected in the demographics of the indi-
viduals involved in the benchmark creation process?

Our findings are summarized as follows:1 (RQ1) We identified a lack of
transparency regarding demographic details but a general tendency towards
Western and, in particular, North American contributors. (RQ2) The benchmark
papers indicate a lack of consideration or prevention of biases. Many of the
datasets exhibit gender-, occupation-, religion-related, geographic, and linguistic
biases. (RQ3) The geographic and linguistic biases appear to correspond to the
predominantly Western author affiliations. However, we were not able to further
(and statistically) analyze the relationship between creator identity and data biases,
due to the lack of transparency in the reports. This highlights the fact that such
practices limit the opportunities to study bias- and positionality-related aspects
in benchmark creation processes.

1. The source code can be found here: https://github.com/krangelie/social-bias-qa-benchmark
ing

https://github.com/krangelie/social-bias-qa-benchmarking
https://github.com/krangelie/social-bias-qa-benchmarking
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We argue that social biases in QA and RC benchmarks can cause societal
harm. By overlookingmarginalized demographics in evaluation, these benchmarks
encourage the optimization of knowledge-driven language technologies to favor
the interests of a privileged few. This may cause systems to inaccurately represent
individuals from marginalized groups. And it may cause unequal accessibility of
relevant knowledge for respective groups, which is a form of epistemic injustice
(Fricker, 2007; Kay et al., 2024; Kraft and Soulier, 2024).

6.2 Related Works

LLMs reproduce stereotypical associations (Nadeem et al., 2021; Kotek et al., 2023)
and achieve different levels of accuracy for examples referring to different social
groups in downstream-tasks (Park et al., 2018; Kiritchenko and Mohammad, 2018),
such as QA (Parrish et al., 2022; Jin et al., 2024). They exhibit biases related to
gender and occupation (Rudinger et al., 2018; Sun et al., 2019a), race, religion,
and sexuality (Sheng et al., 2021). These biases can lead to representational and
allocational harms (Barocas et al., 2017; Blodgett et al., 2020). With the increasing
significance of LLMs in the context of knowledge technologies, more recent works
have also been discussing their potential of exacerbating epistemic injustice (Kraft
and Soulier, 2024; Helm et al., 2024; Kay et al., 2024). Sources of bias are the
training data, the training or inference algorithm, the deployment context and
user interface, as well as evaluation with unrepresentative benchmarks (Gallegos
et al., 2024; Suresh and Guttag, 2021). Bowman and Dahl (2021) identified
that benchmarks are built on top of socially biased datasets, and that systems
can improve their scores by adopting correspondingly biased heuristics. Raji
et al. (2021a) criticize that the universality claim of certain AI benchmarks masks
their inevitable situatedness and value-ladenness (Haraway, 1988). For instance,
age, gender, race, educational background, and first language of an annotator can
influence their annotations and, consequently, the ground truths used to train and
evaluate models (Pei and Jurgens, 2023; Al Kuwatly et al., 2020). Crowdworker
groups with low demographic diversity produce datasets of correspondingly low
diversity and generalizability (Geva et al., 2019). Moreover, clients of third-party
crowdwork services tend to inject annotations with their own world views (Miceli
and Posada, 2022). The situatedness of benchmarks manifests itself in dataset
biases, such as in the lack of coverage of "non-Western contexts" (Raji et al.,
2021a, p. 7), under-representation of non-cis gender identities, and non-white
racial identities.

Bowman and Dahl (2021) demand that benchmarks should be designed
to favor models that are unbiased and to reveal potentially harmful behaviors.
However, it appears that the AI community is still insufficiently sensitized towards
matters of social bias and transparency for this demand to be met. Transparent
documentation practices of datasets, including their biases and limitations, have
been promoted as a measure to prevent harmful outcomes (Bender and Friedman,
2018; Stoyanovich and Howe, 2019; Gebru et al., 2021), i.a., by facilitating more
informed decisions by dataset creators and users (Gebru et al., 2021). Yet, im-
provements are a long time coming and the lack of transparency and consistency
in documentation continues to be subject to criticism (Geiger et al., 2020). In a



6. Social Bias in Popular Question-Answering Benchmarks 119

structuredAI benchmark assessment, Reuel et al. (2024) evaluated aspects of design,
implementation, documentation, maintenance, and retirement for 24 foundation
and non-foundation model benchmarks; including natural language processing
(NLP), agentic and ethical behavior benchmarks. They generally scored low
on reproducibility and interpretability and MMLU scored lowest in the overall
assessment. Our assessment sits in the same category but targets a social bias-
related appraisal. A few works exist that investigate the biases of bias benchmarks,
like BBQ (Powers et al., 2024; Parrish et al., 2022), BOLD and SAGED (Demchak
et al., 2024; Dhamala et al., 2021; Guan et al., 2024). However, to the best of
our knowledge, our work is the first to provide a large-scale bias analysis of
downstream task benchmarks. Therefore, the work presented here is the first
to show empirically what Bowman and Dahl (2021) and Raji et al. (2021a) have
warned about on a theoretical level.

6.3 Method
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Figure 6.1: Qualitative content analysis process for the benchmark papers.

6.3.1 Benchmark Selection

To identify popular QA and RC benchmarks, we firstly selected all benchmarks
including textual data (not excluding multimodal datasets) in the Papers with
Code (PwC) corpus of machine learning dataset metadata2 and ranked them by
their citation counts. While citation count is a good indicator of popularity across
time, we were also interested in benchmarks that are most popularly applied for
the validation of currently influential LLMs. To identify such, we selected the
most highly ranked models on the Chatbot Arena LLM Leaderboard (Chiang et al.,
2024),3 as well as the language models with the most likes on HuggingFace.4 We
extracted the top 20models from both lists and collected all of the 40 related reports,
i.e., published articles, pre-prints, model cards, or model overviews provided on
HuggingFace, GitHub, or respective webpages. For each report, we then manually
counted all mentioned evaluation benchmarks to identify which of them dominate
the current discourse and are to be included in the following analysis. Our final

2. https://paperswithcode.com/about, accessed: September 17, 2024. Note that between the
time this study was conducted and the publication date of this article, PwC has been discontinued.

3. https://lmarena.ai/, accessed: September 18, 2024
4. https://huggingface.co/models?sort=likes, accessed: September 13, 2024

https://paperswithcode.com/about
https://lmarena.ai/
https://huggingface.co/models?sort=likes
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selection includes the 20 most cited QA and RC benchmarks on PwC with active
leaderboards (to exclude historically influential benchmarks that are not actively
used anymore) plus the top-10 benchmarks that are most represented in the
evaluation sections of the manually coded LLM reports and not already included
in the PwC list (mentioned in 7 or more of the LLM reports). The 30 benchmarks
considered in this study can be clustered into four categories: (1) Encyclopedic
benchmarks cover contents typically found in encyclopedias, concerned with
noteworthy personalities, places, events, etc. Answers are usually free-form,
binary "yes"/"no, a text span in a paragraph, or an entity in an external knowledge
base. (2) Commonsense benchmarks pose questions about everyday knowledge, e.g.,
related to cause-and-effect relationships, laws of physics and spatial relationships,
or social conventions. Most commonsense benchmarks in our study use a multiple-
choice answer format. (3) Scholarly benchmarks are single- or multi-domain,
based on academic exams or curricula, openly accessible educational resources, or
authored by students or experts. Most follow a multiple-choice format, some are
free-form or combine formats. (4) Multimodal benchmarks combine textual and
visual information, such that a textual question is answerable through information
visually presented in an image.

6.3.2 Analysis of Benchmark Papers

Figure 6.1 gives a schematic overview of our benchmark paper analysis procedure.
We followed a content analysis approach similar to Birhane et al. (2022b): we
firstly coded all of the benchmark papers, i.e., research articles or introductory
pre-prints,5 guided by our research questions. Using MAXQDA (VERBI Software,
2024), our first author highlighted sections relevant to our research questions
and suggested preliminary annotation labels on the fly. After the first phase of
annotations, labels were merged and categorized to create a codebook. The initial
codebook was discussed in a workshop with four participants (incl. two of the
authors and two colleagues from affiliated institutes) and later refined based on
the discussions.6 The final codebook was reformatted and implemented as an
online questionnaire via LimeSurvey (LimeSurvey Project Team / Carsten Schmitz,
2012) for the second wave of annotations.7 With the final coding schema, all
30 benchmark papers were re-annotated by our first author and one external
annotator each. We distributed the co-annotation among 12 experts, of which
nine were PhD students with a research focus on NLP and QA, two were Master’s
students, and one was a medical professional. All had a working knowledge of
NLP and experience in reading scientific texts. All annotators (incl. workshop
participants and respective authors) were aged between 25 and 60. They originated

5. Benchmarks are commonly published on their own, as a byproduct to a technical work, or
as a test split to a new corpus.)

6. During the workshop, the codebook was presented as a list of labels with short descriptions
and the external participants were asked to annotate two benchmark papers by marking and
labeling text spans using this list. It required a long time for the new annotators to comprehend
the list of possible labels and understand the type of insights we were looking for. One important
consequence we drew from this observation was to group the codebook into guiding questions
and to provide the actual codes as answer options to these questions. This helped to accelerate the
on-boarding.

7. The full questionnaire is available in our repository.
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from India, Pakistan, China, Germany, and Kazakhstan. All were based in Germany
at the time. Roughly one third identified as female.8

Scenario 1

Get Wikipedia 
article titles/ URLs

Wikidata

• instanceOf
• coordinates
• location (countryOfOrigin, 

locatedIn, …)
• gender
• occupation
• religion
• ethnicity

EN Wikipedia API

Get Wikidata
QIDs

Wikidata

Get entities & 
their propertiesScenario 2

Get question texts

Entity Linker

Find entities & 
Wikidata QIDs

Figure 6.2: Quantitative data analysis process for the benchmark datasets.

6.3.3 Analysis of Benchmark Datasets

For the quantitative analysis of social bias within the benchmark datasets, we re-
trieved external information about entities (people, places, events, etc.) mentioned
in the question-answer pairs from Wikidata,9 in particular, gender, occupation,
religion, and location-related properties. Location-related properties were a
combination of country of origin, country, located in, location, country of citizenship,
and place of birth.10 We mostly do not distinguish between human entities and
other types of entities, like events and organizations, in our analysis.

Our analysis comprises two different scenarios depicted in Figure 6.2: Scenario
1: The questions or answers of benchmarks like NaturalQuestions and TriviaQA
include entities described in Wikipedia articles and respective identifiers (e.g.,
article titles or URLs) are provided. Using these identifiers, we queried the
Wikipedia API11 to retrieve the corresponding Wikidata QIDs. Using SPARQL,12
we then retrieved properties of interest for these QIDs directly from the Wikidata
knowledge graph, e.g., gender, occupation, country of origin for entities that are
humans and location for entities that are events or places. For instance, in BoolQ,
in question: "Did the Queen have any brothers or sisters?", the entity "the Queen"
is associated to the Wikipedia entry for "Elizabeth II". This information being
readily available makes it easy to retrieve the corresponding Wikidata QID and
properties. Scenario 2: For benchmarks that are not by default linked to Wikipedia,
we applied Entity Linking (EL) against Wikidata using the ReFinED model (Ayoola

8. All annotators (incl. workshop participants) were informed about the conditions and rights
(incl. applicable data protection regulations) upon participating in our study and all provided their
written consent prior to participation. Their demographic details were collected in a separate
questionnaire incl. a separate informed consent form.

9. https://www.wikidata.org
10. We are interested in the general representational tendencies within these various contents

and, therefore, group several properties that are indicative of a geographic association. Since,
e.g., birthplace and citizenship can be different for an individual entity, we include both. This
way, when a benchmark mentions a person born in China but with American citizenship, the
benchmark is credited for both.
11. https://www.mediawiki.org/wiki/API:Main_page
12. https://www.w3.org/TR/rdf-sparql-query/

https://www.wikidata.org
https://www.mediawiki.org/wiki/API:Main_page
https://www.w3.org/TR/rdf-sparql-query/
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et al., 2022).13 This allowed us to identify entities mentioned in the questions and
retrieve their respective Wikidata identifiers. We then followed the same steps as
in the first scenario. For instance, one of the questions in TruthfulQA is: "Where is
the city of Bielefeld?"14 The entity linker identifies "Bielefeld" as a Wikidata entity
with the QID "Q2112", allowing to query properties associated with it from the
Wikidata knowledge graph (e.g., its coordinates). We excluded benchmarks that
were per se not suitable to be linked to Wikidata due to the nature of their contents.
Analyzing benchmarks like BioASQ-QA, XQuAD, and the multimodal benchmarks
would have necessitated additional domain-specific or linguistic expertise and
extensive annotation efforts beyond the scope of this study. Thus, a total of 20
benchmark datasets were included in our quantitative analysis.

As can be seen in Figure 6.4, encyclopedic and commonsense knowledge ismost
represented across all benchmarks (we summarize "everyday/world knowledge"
under commonsense). Thus, we primarily focused our quantitative analysis on
those two categories. For some of the benchmarks, a training and development
split intended for model finetuning are published but the actual test split is hidden
to avoid data contamination. In such cases, we analyzed the development split.
Otherwise, we defaulted to the test split.

6.4 Results

6.4.1 Benchmark Paper Analysis Results

We obtained two sets of annotations for each of the 30 benchmark papers, one
by an internal annotator (first author) and one by an external annotator (inter-
annotator agreement: 𝜅=.78; 𝑆𝐷=.10).15

Throughout this section, we present the internal annotations unless otherwise
specified and only discuss some of the differences between internal and external
annotations (all external results are presented in Appendix 6.8).

Benchmark Creation and Annotation

To answer RQ1, we firstly examined how the benchmark data and annotations
were sourced. From the 30 analyzed benchmark papers, 20 of the benchmarks
consist of human-authored items. While TruthfulQA was fully written by the
authors themselves (Lin et al., 2022), other benchmarks would involve the creation
of question-answer pairs inspired by external resources or formulated such that
they are answerable via external resources. In 13 cases, some type of web source
was used as a basis. Most of the encyclopedic benchmarks included in our
study use Wikipedia as their source for either question or answer generation.
SQuAD v1.1 (Rajpurkar et al., 2016) consists of more than 100,000 questions about

13. We used the implementation available here: https://github.com/amazon-science/ReFinED
(license: Apache 2.0). The model was used in line with its intended use, which is to link entity
mentions in documents to their corresponding Wikipedia or Wikidata entities.
14. A correct answer to this question is "Bielefeld is in Germany" and an expected incorrect

answer is "Bielefeld does not exist".
15. Cohen’s 𝜅 was computed on the basis of all yes-no questions excluding the "suggest other

annotation" category.

https://github.com/amazon-science/ReFinED
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Wikipedia articles, posed by crowdworkers. Similarly, for StrategyQA (Geva
et al., 2021), HotpotQA (Yang et al., 2018), and TruthfulQA (Lin et al., 2022),
crowdworkers created question-answer pairs inspired by Wikipedia content.
NaturalQuestion (Kwiatkowski et al., 2019) and BoolQ (Clark et al., 2019) questions
were automatically sourced from Google Search queries and manually answered.
TriviaQA (Joshi et al., 2017) is based on content from trivia and quiz pages and
human-authored answers based on evidence documents from Wikipedia (or "the
Web"; (Joshi et al., 2017, p. 1602)). The design of WebQuestions followed the same
logic, pairing generated questions from the Google Suggest API and crowdsourced
answers based on Freebase (Berant et al., 2013). HellaSwag’s automatically created
examples were manually rated by the annotators (Zellers et al., 2019). Except
ARC (Clark et al., 2018), all benchmarks involved some type of human annotation.

Annotator Recruitment Criteria

Another important factor to consider with respect to RQ1 are the criteria by
which annotators were recruited. For 50% of the benchmarks, crowdworkers
were hired through Amazon Mechanical Turk.16 Other platforms used are Surge
AI17 (Cobbe et al., 2021) and Upwork18 (Rein et al., 2024). Again, only 15 benchmark
papers mention criteria for the selection of annotators (see Table 6.1). These
would include performance on the task, e.g., appraised in a screening test (Reddy
et al., 2019), or their ratings on the crowdworking platform (Rein et al., 2024).
Sometimes annotators were recruited due to their availability as co-authors or
colleagues (Gordon et al., 2012; Lin et al., 2022; Yue et al., 2024). Another reason
for recruitment would be expertise in a certain domain. BioASQ-QA, for example,
is a biomedical benchmark that is fully written by domain experts (Krithara et al.,
2023). It is reported where and in what type of institutions the experts hold
positions (European universities, hospitals, and research institutes) as well as
their concrete areas of research (e.g., "cardiovascular endocrinology, psychiatry,
psychophysiology, pharmacology", p. 3). In StrategyQA, the authors refer to
themselves as expert annotators (Geva et al., 2021). In other instances, what
defines an expert is less clear. For example, in the OpenBookQA benchmark paper
it is stated that the data were "filtered by an in-house expert to ensure higher
quality" (Mihaylov et al., 2018, p. 2384) without further elaboration.

Annotator Demographics

Finally, we looked for potentially reported demographic details to learn more
about the identity or situatedness of those involved in the benchmark creation
(relevant for RQ1, as well as RQ3). Out of the 29 benchmark papers involving
human annotators, 17 failed to report any demographic information (see Table 6.1).
Country of recruitment or origin was mentioned for SQuAD, DROP, OpenBookQA,
and MATH, exclusively referring to the USA, Canada, or North America in
general (Rajpurkar et al., 2016; Dua et al., 2019; Mihaylov et al., 2018; Hendrycks
et al., 2021). Level of education was mentioned in OpenBookQA (Master’s;

16. https://www.mturk.com/
17. https://www.surgehq.ai/
18. https://www.upwork.com/

https://www.mturk.com/
https://www.surgehq.ai/
https://www.upwork.com/
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Table 6.1: Annotator recruitment criteria and demographics. Abs. number of mentions
across benchmark papers.

Criterion #

none 15
availability 3
task performance 6
domain expertise 4
other 3

Demographic #

none 17
country of origin 1
recruitment country 3
education 3
area of expertise 5
age 0
gender 0
ethnicity 0
other 2

Mihaylov et al., 2018), GPQA (PhD or higher; Rein et al., 2024), and MMMU
(college students; Yue et al., 2024)), which are based on textbook problems or
exam knowledge. Information on age, gender, and ethnicity were not identified
in the benchmark papers (by internal nor external annotator). Another indicator
for demographic aspects are the author affiliations. We found that those are
centered around renown North-American research institutes, universities, and
technology firms. In sum, 13 of the benchmark papers were co-authored by
researchers affiliated to the Allen Institute for Artificial Intelligence (Allen AI) and
8 by researchers affiliated to the University of Washington (UW).

Benchmark Motivation

With reference to RQ2, we were interested to learn what motivated creators to
develop their specific benchmarks, and whether or not any of the benchmarks was
motivated by an aim to achieve good social representativeness. This was not found
to be the case for any of the benchmark papers. Note that the external annotator
found SIQA to be aiming for social representativeness since it is framed as a social
intelligence benchmark (Sap et al., 2019b). However, we did not find any evidence
that the intention was to improve representativeness in a demographic sense.

Increased task difficulty, novelty, and more realistic problems were the most
frequently reported motivations behind the benchmarks. Other motivating factors
mentioned were increased dataset size, explainability/interpretability, and domain-
specificity.

Benchmark Bias and Toxicity

In reference to RQ2, we also asked annotators to answer the following question and
include evidence for their answer: "Are analyses of aspects related to social bias,
representativeness or toxicity in the benchmark dataset reported and, if so, what
type of analyses?" The external annotators identified 4 benchmarks as informative
in this regard. However, we noticed that they appeared to work on a different
understanding of bias than us. For instance, OK-VQA utilizes (non-specific) label
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balancing to avoid heuristic prediction behavior19 and for NaturalQuestions, an
in-depth analyses of annotation variability was conducted. This indeed can be
done in a social bias-sensitive manner (Haliburton et al., 2024), but in this case
the focus was on general annotation quality (Kwiatkowski et al., 2019). We count
these as uninformative of social bias or toxicity aspects.

We finally identified 3 out of 30 benchmark papers that clearly flag social
biases in their data.20 The WinoGender bias metric (Rudinger et al., 2018) was
applied to models trained on the WinoGrande train split (Sakaguchi et al., 2021) to
verify its relative gender-fairness. The QuAC datasheet mentions potential biases
towards famous men in its dataset as well as other not further specified biases.21
The GPQA benchmark paper explicitly states that bias was not avoided during
the dataset creation. The authors "make no claim that GPQA is a representative
sample of any population of questions that are likely to come up in the course of
scientific practice," (Rein et al., 2024, p. 12) and indicate that the crowdworkers
tended to default to masculine pronouns when referring to scientists.

An additional keyword matching for the terms "diverse" and "diversity" yielded
matches in two thirds of the benchmark papers: Several pay attention to domain
or topic diversity (e.g., Geva et al., 2021; Lu et al., 2022; Lin et al., 2022), question
or answer diversity (e.g., Zellers et al., 2019; Bisk et al., 2019; Artetxe et al., 2020),
as well as lexical diversity (e.g., Reddy et al., 2019; Dua et al., 2019; Cobbe et al.,
2021). Yet, again, none of them account for demographic diversity.

Benchmark Language

Finally, the language of the benchmark is another factor that can be indicative
of a socially relevant form of bias, namely linguistic bias (RQ2). All but one of
the selected benchmarks were in English, only. Yet, only 12 of the benchmark
papers explicitly state this information. In all other cases, we had to derive this
information from data examples. For these cases, we have to assume that the
recruited benchmark annotators were sufficiently capable of understanding and
following English instructions and writing and labeling English data examples. An
exception to English as a default, is XQuAD, a multilingual benchmark based on
translations of the English SQuAD v1.1 (Spanish, German, Greek, Russian, Turkish,
Arabic, Vietnamese, Thai, Chinese, and Hindi; Artetxe et al., 2020). Note that other
multilingual benchmarks did not fulfill the popularity criteria of this study.

6.4.2 Benchmark Data Analysis Results

To find more evidence towards answering RQ2 and RQ3, we analyzed distributions
of gender, occupation, religion and location properties found for entities across
20 benchmark datasets (see Table 6.2, Appendix 6.7), following the procedure
described in Section 6.3.2.22 The absolute number of entities differs greatly between

19. For example, the question "What season is it?" was mostly accompanied by the answer
"Winter" incentivizing the model to default to this answer (Marino et al., 2019).
20. None of the benchmark papersmentioned any toxicity-relatedmetric (full agreement between

internal and external annotations).
21. quac.ai/datasheet.pdf
22. The selection of demographic markers reflects dimensions that are frequently discussed in

the social bias in NLP literature (Sheng et al., 2021).

quac.ai/datasheet.pdf
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benchmarks (see Table 6.6, Appendix 6.8) due to differences in dataset sizes or
the nature of the contents, e.g., HotpotQA (>20k entities) is inherently related
to Wikipedia and, thus, highly overlaps with Wikidata, but the commonsense
benchmark COPA (<100 entities) does mostly not rely on real-world entities
in its examples.23 24

Figure 6.3: Gender ratio for entities in encyclopedic, commonsense, and scholarly QA &
RC benchmarks.

Gender

Figure 6.3 shows the male-to-female gender ratios across benchmarks. We only
included benchmark datasets for which we found more than 30 gender entries.
Genders beyond the binary were none or close to none and not illustrated in the
plot. The most favorable gender ratios are found in the commonsense benchmarks
HellaSwag and WinoGrande (consistent with the low gender bias reported in the
WinoGrande paper; Sakaguchi et al., 2021). All Wikipedia-based benchmarks, like
DROP, SQuAD, or TriviaQA exhibit prominent gender gaps. In fact, DROP is only
based on text passages about male-dominated "National Football League (NFL)
game summaries and history articles" (Dua et al., 2019, p. 2371).

For CommonsenseQA, we only retrieved 28 male and 5 female entities, but
we also ran a keyword matching on its question set and found 179 questions
containing "he", "man" or "his" and only 49 containing "she", "woman", "her",
or "hers". Examples are: "He was working hard on his sculpture, what was he
practicing?" and "After she finished washing clothes, what did the woman do with
them?" For questions where gender does not play a role for the task at hand, the
dataset creators happened to default more to male subjects.

23. Example: "The man dropped on the floor. What happened as a result?"
24. The entity linker was validated on a small subset of data, consisting of 50 randomly selected

items from each benchmark. The first author annotated these random samples by manually listing
the Wikidata QIDs associated to entities mentioned therein. The Micro F1 score across benchmarks
is .73 (precision=.63, recall=.87).
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Additionally, we found that the most frequent occupations differ for female
and male entities. For example, for WinoGrande (commonsense), the top-10
male occupations include several athletic professions, while the top-10 female
occupations are leaning towards entertainment roles (see Figure 6.5, Appendix 6.9).

Religion

As an indicator of cultural context, we examined the distributions of religions.
Firstly, we determined the benchmarks for which 30 or more religion properties
were retrieved (ranging between 33 for BoolQ and 652 for TriviaQA). Christianity
and instances of Christian religions rank highest across benchmarks. In fact,
Christianity and/or Catholicism are among the top-3 religion labels for 14 out
of the 15 benchmarks (see Figure 6.6, Appendix 6.9). Islam is found among the
top-3 for HotpotQA, SQuAD, and NaturalQuestions and Judaism for BoolQ, Wino-
Grande, HellaSwag, and TruthfulQA. The other two world religions, Buddhism
and Hinduism, are less represented.

6.4.3 Location

For the analysis of locations, we again filtered for benchmarks with at least 30
matched location properties. Across encyclopedic, commonsense, and scholarly
benchmarks, most coordinates are located around North America and Western
Europe. Eastern and Southern regions are less represented. For HotpotQA,
TriviaQA, and NaturalQuestions slightly more coordinates are located on the South
American, African, and Australian continents compared to the other benchmarks
(see Figure 6.7, Appendix 6.9). We also retrieved location names associated to
entities in the datasets. Again, Western regions are more represented. E.g., for
BoolQ and StrategyQA, the most frequently named locations are the United States
(56% and 31%) and the United Kingdom (9% and 15%), followed by Canada (2%)
for BoolQ and Brazil, and Japan (4% each) for StrategyQA.

6.5 Discussion

(RQ1) Most of the benchmarks consist of human-authored examples and nearly
all involve human annotation. Yet, demographic and recruitment details are rarely
reported. While the QuAC paper stands out for its comprehensive reporting, sev-
eral others like MMLU (which is commonly referenced to market flagship models
of famous tech firms)25, 26 lack all of the details we were looking for. In a few cases,
countries of origin/recruitment are reported (mostly North American). These
observations emphasize once more that benchmark creators are not sufficiently
sensitized towards the situatedness of their practice (Raji et al., 2021a). As for the
benchmark authors, Western institutional affiliations are predominant.

(RQ2) The only benchmark that is explicitly reported to measure and mitigate
bias is WinoGrande. It utilizes the WinoGender metric to control for (binary)
gender bias. Several of the remaining benchmarks datasets are biased regarding

25. https://openai.com/index/hello-gpt-4o/
26. https://www.anthropic.com/news/3-5-models-and-computer-use

https://openai.com/index/hello-gpt-4o/
https://www.anthropic.com/news/3-5-models-and-computer-use
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gender, occupation, religion, and location of the entities of interest. It shall be
noted that all of the benchmarks presented here come paired with a training
split for model finetuning. Hence, the biases affect not only evaluation but also
training. The reliance on Wikipedia (with known representational issues; Sun
and Peng, 2021; Menking and Rosenberg, 2021; Tripodi, 2023) for encyclopedic
benchmarks, causes an under-representation of marginalized communities. But
also commonsense and scholarly benchmarks were found to default to male
and Western examples.

All but one benchmark consist only of English examples; despite the fact
that our inclusion criteria target popularity and not specifically language. The
exception is the multilingual benchmark XQuAD (which is, however, based on
translations from English). Less than half of the papers state the dataset language
explicitly, disregarding "the possibility that the techniquesmay, in fact, be language
specific" (Bender, 2011, p. 18). The findings indicate that current QA evaluations
are attuned to only a narrow area of linguistic expertise.

As it stands, we risk rewarding technologies that produce harmful, discrim-
inatory outcomes. Biased QA benchmarks privilege certain knowledges over
others, designating them as more desirable for LLMs to reproduce. Such LLMs
(e.g, as chatbots) widen the gaps in dominant knowledge resources and exacerbate
epistemic injustice (Fricker, 2007).

(RQ3) Previous studies have demonstrated the influence of annotator demo-
graphics on annotations (Sap et al., 2022; Pei and Jurgens, 2023; Al Kuwatly et al.,
2020). In this study, the predominantly Western author affiliations are reflected
in geographic and linguistic biases. However, we were not able to perform a
correlational analysis between annotator demographics and dataset biases, due to
the lack of transparency in the reports. This is indicative of an epistemic limitation
of current benchmarking practices. More transparent reporting is required to
facilitate proper research into the biases of our evaluation tools and, consequently,
fruitful scientific discourse.

Recommendations Our findings exemplify a "laissez-faire attitude" (Paullada
et al., 2021, p. 4) prevalent in AI dataset creation, which needs to be countered by in-
tentionality and reflexivity. While we acknowledge the growing discourse around
better AI evaluation (Wallach et al., 2025; Reuel et al., 2024), we emphasize that the
conversation must prioritize social bias alongside validity and transparency. A first
step in conceptualizing a benchmark should be to explicate an ideal distribution
and underlying assumptions (Shah et al., 2020; Blodgett et al., 2020). This forces
creators to reason about application context, normative assumptions regarding
(un-)desired model behavior, and their personal positionality. Creators should
then try to collect data such that their previously defined distributional constraints
are met. This, however, is not easily realized and requires structural changes:
there is limited availability of data representing marginalized communities, due to
structural societal inequalities (Helm et al., 2024). More accurate representations
can only be achieved if respective communities are actively involved in the process.
This must be realized through non-exploitative, true participation (Birhane et al.,
2022a). We argue that there is not only ethical but also epistemic value in pursuing
respective efforts, as this helps to foster more representative and generalizable
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evaluation (Harding, 1986). Limitations and biases are always expected. Therefore,
benchmark creation must be reflexive, contextualized, and transparent.

6.6 Conclusion
Our work finds significant limitations regarding transparency and social rep-
resentativeness in 30 popular QA and RC benchmarks. Many of these bench-
marks lack information about annotator demographics, recruitment criteria, and
language specificity. Many are linguistically biased and tend to exhibit biases
towards entities of certain gender, occupations, religions, and locations. This
has objectionable epistemological and ethical implications, e.g., by incentivizing
the development of technologies that serve the needs of a privileged few. We
highlight the need for rigorous documentation, validation, and representation
standards in LLM benchmarking.

Limitations
Due to the lack of transparency across benchmarks, we were unable to investigate
the causal relationship between the identity of those involved in the benchmark
creation and the biases found in the benchmark datasets through statistical testing.

There is a certain risk that the biases of Wikidata and the entity linker may
influence our results. This is hard to avoid in an analysis that utilizes automated
processes. Especially for the commonsense and scholarly benchmarks, this is to
be considered as a limitation. As for the encyclopedic benchmarks, we assume
that this to be less of an issue, because many of them are built on top of Wikidata
or Wikipedia (which are content-wise very alike), to begin with.

Some time has gone by between conducting this research and the publication
of this article. So, it is likely that newer benchmarks would now fall into our
selection criteria that we did not consider. Moreover, due to the large annotation
efforts required in this study, we had to limit the scope. Therefore, we set strict
selection criteria, which happened to exclude multilingual benchmarks. Future
work should include a larger number and wider range of benchmarks to allow
for more generalizable conclusions. Studies conducted at larger scale should
also systematically examine whether benchmarks have become less biased and
more transparent over time.
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Table 6.2: Checklist of social bias-relevant aspects stated in the benchmark papers &
inclusion in quant. analysis.

Year Benchmark Language Recruitment
criteria

Demographics Social bias
or toxicity

Data
analysis?

Encyclopedic
2018 QuAC ✔ ✔ ✔ ✔ -
2019 DROP ✔ ✔ ✔ - ✔

2020 XQuAD ✔ ✔ ✔ - -
2016 SQuAD - ✔ ✔ - ✔

2018 HotpotQA ✔ - - - ✔

2021 StrategyQA ✔ - - - ✔

2019 COQA - ✔ - - ✔

2019 NaturalQuestions - - - - ✔

2017 TriviaQA - - - - ✔

2019 BoolQ - - - - ✔

2023 WebQuestions - - - - ✔

Commonsense
2012 COPA ✔ ✔ - - ✔

2021 WinoGrande ✔ - ✔ ✔

2020 PIQA ✔ - - - -
2019 CommonsenseQA ✔ - - - ✔

2022 TruthfulQA - ✔ - - ✔

2019 HellaSwag - ✔ - - ✔

2019 SIQA - - - - -

Scholarly
2023 BioASQ-QA ✔ ✔ ✔ - -
2023 GPQA ✔ ✔ ✔ ✔ ✔

2017 RACE ✔ - ✔ - ✔

2018 OpenBookQA - ✔ ✔ - ✔

2021 MATH - ✔ ✔ - -
2022 ScienceQA - - - - ✔

2021 MMLU - - - - ✔

2021 GSM8K - - - - -
2018 ARC - - - - ✔

Multimodal
2024 MMMU ✔ ✔ ✔ - -
2019 TextVQA - - - - -
2019 OK-VQA - - - - -

6.7 AdditionalMaterial 1. Full Benchmark Paper Check-
list

Table 6.2 provides a full checklist regarding reported aspects, category, and
inclusion in the dataset analysis across all benchmarks.
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Figure 6.4: Distribution of domains across benchmarks.

Table 6.3: Reported motivations. Abs. counts across papers. Internal (Int.) vs. external
(Ext.) annotation.

Motivation Int. Ext.

increased difficulty 16 17
decreased difficulty 0 1
defining a new task 10 10
more realistic questions 9 10
better social representativeness 0 1
other 9 6

6.8 Additional Material 2. Benchmark Paper Analysis
Ext’d

Figure 6.4 provides an overview of the domain/ topic distribution across all
benchmarks. Table 6.3 lists reported motivations across benchmarks and Table 6.4
the data sources. Table 6.5 shows the external annotations of annotator recruitment
criteria and demographics (internal: Table 6.1).

Table 6.4: Reported data sources. Abs. counts across papers. Internal (Int.) vs. external
(Ext.) annotation.

Source Int. Ext.

human-authored 20 20
open access/ web data 13 14
reusing existing AI/NLP dataset 8 9
exams or textbooks 5 6
synthetic 1 1
proprietary/ internal source 0 0
other 1 2
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Table 6.5: External annotations of annotator recruitment criteria and demographics. Abs.
number of mentions.

Criterion #

none 14
availability 1
task performance 7
domain expertise 5
other 3

Demographic #

none 17
country of origin 1
recruitment country 2
education 4
area of expertise 3
age 1
gender 0
ethnicity 0
other 4

6.9 Additional Material 3. Benchmark Dataset Anal-
ysis Ext’d

Table 6.6 lists detailed counts of entities extracted using the procedure described
in Section 6.3.2. Figures 6.5 and 6.6 present relative frequencies of occupations by
gender and religion27 across benchmarks. Figure 6.7 illustrates the distributions
of coordinates.

27. Note that we replaced the term "The Church of Jesus Christ of Latter-day Saints" with
"Mormon Church" for better proportions of the graph visualization.
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Table 6.6: Detailed list of the numbers of Wikidata entities and associated properties
extracted for each benchmark. Note that only benchmarks with more than 30 matches on
respective properties were considered in the final data analysis.

#Enti-
ties

#Extracted properties

Instance
of

Gender Occu-
pation

Ethni-
city

Reli-
gion

Coordi-
nates

Locat.
names

Ent.
link.?

Encyclopedic
DROP 880 804 76 52 14 119 42 411 -
SQuAD 10570 9462 1173 1150 287 610 1242 4860 -
HotpotQA 22189 21077 6027 5684 103 541 3121 21103 -
StrategyQA 229 223 48 44 4 18 30 183 -
COQA 1349 1194 334 289 136 191 349 1264 ✔

NaturalQu. 808 6886 579 508 35 147 676 10 -
TriviaQA 6813 6337 1820 1740 216 652 1022 5829 -
BoolQ 3270 2569 146 121 7 33 292 1850 -
WebQu. 755 740 82 75 42 67 213 701 -

Commonsense
COPA 75 50 0 0 0 0 0 5 ✔

WinoGrande 799 774 477 356 26 63 56 809 ✔

Comm.QA 208 153 33 25 5 8 26 100 ✔

TruthfulQA 644 604 62 59 141 107 289 726 ✔

HellaSwag 3618 3228 309 270 201 106 417 2351 ✔

Scholarly
GPQA 310 274 16 17 13 3 28 99 ✔

RACE 1350 1215 411 370 147 145 349 1424 ✔

OpenB.QA 282 230 2 2 8 2 57 101 ✔

ScienceQA 2339 1820 453 346 56 101 554 1573 ✔

MMLU 81 69 0 0 0 0 4 6 ✔

ARC 695 570 54 44 18 12 111 338 ✔
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Figure 6.5: Top-10 occupations by gender across benchmarks (if 300 or more occupations
identified).
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Figure 6.6: Top-10 religions found for entities across benchmarks (if 30 or more instances
identified).



6. Social Bias in Popular Question-Answering Benchmarks 136

HotpotQA BoolQ

SQuAD WinoGrande

DROP TriviaQA

WebQuestions NaturalQuestions

HellaSwag TruthfulQA

COQA OpenBookQA

RACE ScienceQA

ARC

Figure 6.7: Distribution of coordinates found for entities across benchmarks (if 30 or more
instances identified).
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7.1 Introduction

In the Introduction to this thesis, in Chapter 1, I have elaborated on three areas in
which LMs are reportedly lacking, especially when used as knowledge technology:
firstly, LM models tend to produce false statements (the problem of correctness).
Secondly, the data LMs are trained on have systematic coverage gaps, which cause
some of the correctness issues (the problem of coverage). Thirdly, LMs and the data
they are trained on are systematically under- and misrepresenting marginalized
communities and knowledges relevant to them (the problem of representativeness).
Improvements in all of these three areas are desired to facilitate epistemically
and ethically better AI-based knowledge technology. The introduction of KGs to
LM-based tools has been proposed as a potential remedy to the described issues.
However, the studies presented in Chapters 4, 5, and 6 demonstrated that several
of the assumptions underlying this proposed remedy are flawed: KGs are just as
biased as LMs are. They are not more objective than unstructured LM training
data are, and thus, knowledge-enhanced language modeling is not per se a recipe
for bias-proofing. Moreover, it was shown that the measures used to decide what
LMs know or how well they can retrieve knowledge are miscalibrated. They not
only overlook the representational gaps, but also incentivize the development
of systems that focus on dominant knowledges.

In the following, these observations shall be discussed in more detail. Sec-
tion 7.2 firstly summarizes the main findings and contributions of the different
articles in response to the guiding RQs. In Section 7.3, the findings are then
mapped to the more high-level desiderata and discussed in light of the overarching
goal of this thesis, namely, to conjecture about epistemic and ethical goodness.
This is followed by suggestions for potential remedies in response to the main
concerns, or ways to improve the discussed aspects of goodness (Section 7.4).

7.2 Summary of Results

7.2.1 RQ1. What types of social bias are embedded in knowledge
graphs? How are they measured? And what do we know
about their causes?

As described in Chapter 1, the issue of social bias is well-researched in the context
of LMs and their use in downstream applications. When the research on this
thesis started, several overview articles had already been published (Blodgett et al.,
2020; Hovy and Prabhumoye, 2021; Sun et al., 2019a; Stanczak and Augenstein,
2021) and more have followed since then (Devinney et al., 2022; Kotek et al.,
2023; Gallegos et al., 2024). However, no prior overviews had existed that focused
on social bias in KGs or semantic web applications. Kraft and Usbeck (2022),
presented in Chapter 4, fills this gap. We conducted a systematic literature
review to better understand whether or not, and if so, which social biases are
commonly found in KGs; how they are measured and what their causes are.
Strikingly, the systematic literature search only returned 18 relevant articles,
further consolidating the observation that the issue of social bias is understudied
in regard to this technology. Our most important findings were the following:
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biases were detected across encyclopedic KGs, such as Wikidata, DBpedia (Auer
et al., 2007a), and the discontinued Freebase (Bollacker et al., 2008), as well as
a commonsense KG (Mehrabi et al., 2021b), namely ConceptNet (Speer et al.,
2017). The biases were also found to transfer to their vectorized versions, i.e.,
KG embeddings. KG bias measures are analogous to measures of LM bias (see
Chapter 2). And, in fact, we found the same limitations to apply to them: the
reviewed studies are very limited in their choice of seeds as they mostly only focus
on (binary) gender bias and biased associations between gender and occupation.
Moreover, insufficient evidence for the construct validity (i.e., whether or not the
metric measures exactly what it is supposed to measure) of the proposed metrics
is provided (Jacobs and Wallach, 2021). Hence, it is unclear if what was measured
was truly and comprehensively expressive of a socially relevant conception of
bias. Finally, most studies fail to give a clear working definition of bias. What
is considered "fair" or "unfair" and to whom is highly normative and must be
made explicit. Indeed, in certain scenarios, biases can be desired: for instance,
affirmative action policies counterbalance discrimination by introducing bias in
favor of marginalized groups (Helm et al., 2024). Only given a clear definition of
bias and underlying assumptions, can a bias measure be meaningfully interpreted
and compared (Blodgett et al., 2020).

By examining the KG lifecycle as a whole, our study highlights how different
stages factor into the identified biases. It raises awareness of the social dynamics
within the KG-creating communities: Wikipedia-associated KGs, likeWikidata and
DBpedia, are predominantly shaped by Western1 and white, male contributors.2
There are guidelines ensuring that only things considered notable are included in
Wikipedia, Wikidata, and consequently DBpedia. But what is considered notable
is highly subjective and bias-prone. Consequently, the barrier to receiving a
dedicated biography on Wikipedia was shown to be higher for female than male
individuals; with lower content quality for female personalities (Beytía et al., 2022).
Details relevant to geographic regions for which there is less awareness in theWest-
centric editor community, for instance, are less represented (Janowicz et al., 2018).

Oftentimes NLP tools are used to automatically extract entities or relational
information from bodies of text to then populate KGs. These tools have also been
shown to be biased and return more erroneous results for female names (Mehrabi
et al., 2020). Since newer approaches are built on top of LMs, the biases evident in
LMs are likely to have an impact on the content of open KGs such as Wikidata (Xu
et al., 2024).

As opposed to LMs, KGs are structured and transparent forms of representation.
Their contents are also considered to be more curated. For this reason, KGs are
used as sources of truth in a range of knowledge-intensive downstream tasks, such
as QA (Höffner et al., 2017; Diefenbach et al., 2018; Chakraborty et al., 2021; Jiang
and Usbeck, 2022) or knowledge-enhanced language modeling (Peters et al., 2019;
Sun et al., 2020; Yu et al., 2022). Our review, however, implies that they have
persistent and systematic representativeness issues that correspond to societal
power dynamics (Kraft and Usbeck, 2022). KGs are biased in the same ways that

1. https://en.wikipedia.org/wiki/List_of_Wikipedias, accessed: November 11, 2025
2. https://en.wikipedia.org/wiki/Gender_bias_on_Wikipedia, https://en.wikipedia.org/wiki/

Racial_bias_on_Wikipedia; accessed: November 11, 2025

https://en.wikipedia.org/wiki/List_of_Wikipedias
https://en.wikipedia.org/wiki/Gender_bias_on_Wikipedia
https://en.wikipedia.org/wiki/Racial_bias_on_Wikipedia
https://en.wikipedia.org/wiki/Racial_bias_on_Wikipedia
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LMs are. Yet, less attention is paid to these biases within the technical literature
as indicated by the low number of identified related publications in our review.
This can have adverse effects, especially given their perceived epistemic authority,
as discussed in Kraft and Soulier (2024). RQ2 looks more closely at the practice of
knowledge-enhanced language modeling to investigate and discuss the tension
between said perception and the evident lack of representativeness.

7.2.2 RQ2. Can knowledge enhancement make language models
less biased with regards to their knowledge content? Can
it help to make language models more objective?

Kraft and Soulier (2024), presented in Chapter 5, is an interdisciplinary project,
which analyzed the practice of knowledge-enhanced language modeling through
a literature-based and philosophical analysis, as well as a statistical bias analysis.
The analysis departs from three observations regarding the discourse and scientific
literature on AI "hallucinations" and hybrid AI systems: firstly, KG-based enhance-
ment of LMs is discussed as a remedy with the potential of making LMs more
robust and representative of the "real-world pool of knowledge". Secondly, social
bias is frequently discussed as an issue inherent to statistical-in-nature LMs, but
much less as an issue of explicit-in-nature KGs. Thirdly, there appears to be little
nuanced reflection on the notion of "knowledge" in the AI engineering domain.

To answer RQ2, it is necessary to understand common assumptions around
knowledge and objectivity that influence AI engineering. While this is difficult to
determine definitively, we were able to draw some insights from Forsythe (1993)
and find some of the observations made in her anthropological study mirrored
in the practices prevalent today. Knowledge appears to be considered "non-
problematic" and subject-independent. Adam (2000) pointed out that Forsythe’s
findings were indicative of a view from nowhere conceptualization of knowledge,
contributing to the god trick (Haraway, 1988): a removal of the subject, and
consequently a disguise of the power dynamics that structure knowledge produc-
tion. According to Adam (2000), there is a hierarchy of knowers hidden behind
knowledge-driven technology, where those creating the technology are given the
privilege to decide which knowledges are disseminated. And the knowledges that
do get disseminated at scale are consequently legitimized, which further amplifies
the dominance of certain knowledges over others (Adam, 2000, 1998).

As can be seen in this thesis, Wikipedia and Wikidata constitute important
case studies in the context of knowledge enhancement, as they are frequently
utilized for this purpose (Fan et al., 2024). They are open-source knowledge bases
that are created by volunteer communities structured by organization-wide values,
rules, and codes of conduct. Each item undergoes (or can undergo) scrutiny and
deliberation by community members. For this reason, they are considered more
trustworthy than other sources. However, what does not seem to be considered is
that these communities happen to be largely male-dominated and West-centric
(as well as exhibiting oppressive behavior towards marginalized members). And
that these asymmetries reflect in the biased contents, as discussed in RQ1. This
is not to say that the biases are not different to those found in LM training data.
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For instance, "messy" web data contains hate speech and NSFW content that is
very unlikely to be found within Wikimedia knowledge bases.3

To also provide preliminary evidence in a statistical sense of bias, we conducted
a quantitative analysis. A comparison of RoBERTa (Liu et al., 2019) to twoWikidata-
enhanced versions of it, namely (KEPLER (Wang et al., 2021b) and CoLAKE (Sun
et al., 2020), showed no consistent removal of stereotype biases. More importantly,
a strong performance disparity across all models on a knowledge probing task
was detected. For this task, a T-REx-based knowledge probe (ElSahar et al., 2018;
Petroni et al., 2019) was disaggregated along female and male instances. The
original performance metrics by Petroni et al. (2019) were then computed for each
of these to subsets. All versions of the model performed better in reconstructing
facts about male subjects than female subjects. In summary, our philosophical and
technical analysis showed that, as long as knowledge bases are biased, infusing
them into LMs will not help getting rid of biases. This might seem like a trivial
conjecture at first glance. However, the contribution of our study lies in drawing
attention to the fact that what is labeled knowledge is not necessarily objective truth.
To the best of our knowledge it was also the first study to investigate knowledge-
enhanced language modeling using statistical as well as philosophical analysis.

The biases of knowledge-enhanced LMs yield epistemic and ethical risks:
firstly, this technological approach is receiving potentially undeserved legitimacy
or credibility. Secondly, as discussed in detail in Chapter 5, there is a risk of
perpetuating or even amplifying epistemic injustice. In particular, the biases
discussed in our work constitute systematic hermeneutic gaps related to commonly
marginalized knowledges. As noted before, epistemic injustice causes a dehu-
manization of affected subjects and a potential loss of knowledge itself (Fricker,
2007). As such, it yields both epistemic and ethical harms. Thirdly, the view from
nowhere insulates the epistemic processes involved in the creation, improvement,
or enhancement of LMs from critical reflection. Research in this field is commonly
driven by the aim to improve metrics. While performance metrics that correspond
to "hallucinations" and bias metrics are conceived as separate goals. However,
it is important to understand and account for the fact that both phenomena are
related. This requires a sociotechnical lens to analyze not only the technology
itself but the research or engineering practice that produces it.

To finalize this summary of RQ2, it shall be added that using KGs to inject
information into LMs can of course improve their factual accuracy (Zeng et al.,
2025). It also allows to update, remove, or expand content, which can be seen as
a desirable feature. However, our study is a call to skepticism: decisions to rely
on LMs or knowledge-enhanced LMs in any type of high-stake scenario must be
justified under consideration of the limitations discussed above.

3. This line of argumentation clearly reveals a severe limitation of the common use of the
term "bias" as having a scaling property. "More" versus "less" bias does make sense in the strictly
statistical sense of the word. However, the habit of measuring bias with dedicated metrics has
blurred this sense with the sense of bias in a cultural or even psychological sense; something closer
to a preference, tendency or leaning towards that is not actually quantifiable.
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7.2.3 RQ3. How are the measures created that are used to deter-
mine a language model’s accuracy in reproducing knowl-
edge? How is the quality and representativeness of these
measures?

Kraft et al. (2025), presented in Chapter 6, investigates the quality and repre-
sentativeness of LLM benchmarks measuring an LM’s accuracy in reproducing
knowledge, as well as the composition of their contributors. To assess these
aspects, a mixed-method study of the 30 most popular QA and RC benchmarks
for LLM evaluations was conducted. These tasks are close proxies to the ways in
which users query knowledge from LMs. In the study, all the benchmark papers
were qualitatively coded to identify reports of identity and positionality of those
involved in creating the benchmarks.

The main finding here was that almost all reports were highly non-transparent
in this regard. Half of the benchmark reports did not provide any information
related to the criteria for recruiting their data annotators and more than half failed
to provide any demographic details. The cases where details were provided,
focused mostly on skill-related characteristics, such as the annotators’ areas
of expertise or levels of task performance. As for the benchmark creators, i.e.,
authors, those were predominantly associated to renown Western institutions.
This is less surprising considering that the benchmarks were filtered by popularity,
specifically. Moreover, all of the benchmarks were fully in English, except for
the one multilingual benchmark that fulfilled the selection criteria (which was,
however, based on translations from an English benchmark; Artetxe et al., 2020).
Less than half of the reports explicate their language-specificity. These findings
confirm previously raised concerns around the disproportionate focus on English
within the overall NLP research practice (Joshi et al., 2020).

Only for one benchmark, WinoGrande (Sakaguchi et al., 2021), measurement
and mitigation efforts related to social bias were reported by the creators. Twenty
of the benchmark datasets were then selected for a quantitative analysis of social
representativeness. To this end, the question-answer pairs were linked toWikidata,
allowing for the retrieval of attributes like gender, place of birth, and religion
for entities mentioned in the data. The results repeat a familiar picture, namely,
an over-representation of male, Christian, and Western entities. This study is
the first to provide evidence for a systematic miscalibration of LLM benchmarks,
which previous works had predicted theoretically (Raji et al., 2021a; Bowman
and Dahl, 2021). With this, the study sheds light on a severe flaw of current
benchmarking practices with epistemic and ethical consequences. QA scores do
not necessarily indicate an LM’s accuracy in reproducing knowledge in general, but
rather its accuracy in reproducing knowledge that is representative of a male- and
West-centric context. This validates dominant views and, finally, exacerbates
epistemic injustice.

7.2.4 Summary of Findings

Encyclopedic KGs–just like LMs–are socially biased. Chapter 4 illustrated that
this phenomenon is much less researched in the context of KGs than it is in the
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context of language modeling. The causes for social bias are the same for both
kinds of representation: skewed sampling of content (i.e., which information to
store), annotator biases, and characteristics of the representation itself (i.e., the
ontology), as well as aspects of the research and creation context (which was
shown to be West-centric and sexist). Tracing the KG lifecycle to its point of
creation reveals the same kind of "messy" social processes that are increasingly
criticized with regard to LLMs, and less so regarding KGs. Even though KGs are
not per se more trustworthy than LMs, they are allotted more authority. This has
two reasons: firstly, KGs are considered to be more reliable in technological terms,
since they model and store information more explicitly than LMs. Secondly, KGs
are (comparably) more curated. Some are created with the direct help of domain
experts. Furthermore, Wikidata undergoes a form of "peer review" procedure, in
accordance with Wikimedia guidelines. The fact that the lived practices within
Wikimedia’s knowledge communities do not align with these guidelines reveals
itself only upon tracing the technology back to its societal embedding. And,
of course, it must also be emphasized that (biased) AI tools are increasingly
replacing manual labor. Chapter 5 critically reflected on this authority of KGs
at the example of knowledge-enhancement. It statistically demonstrated that
this practice does not bias-proof LMs. More importantly, through philosophical
analysis, our study showed that the assumption of knowledge being value-neutral
is misled and harmful. The sociality of the knowledge-productive processes behind
Wikidata has been well-researched (see Section 5.3.3) and the power dynamics
at play there, negatively affect the representativeness of the KG. This translates
into the knowledge-enhanced LMs. Ignoring the sociality and situatedness of
knowledge in the context of respective technologies leads to potentially unjustified
attributions of objectivity and neutrality. This guise contributes to the perpetuation
of hermeneutical injustice. Finally, the thesis has also scrutinized established
measures used to evaluate the accuracy with which LMs reproduce or extract
knowledge. Chapter 6 showed that some of the most popular QA benchmarks
are socially biased and, hence, assign relatively more importance to a model’s
ability to reproduce or infer answers related to male, Western, and Christian
entities. In other words, as it stands, LMs are particularly rewarded for encoding
dominant knowledges. In extension, researchers and developers are rewarded
for building LMs that perform well in encoding dominant knowledges. If QA
and RC benchmarks were more representative of non-dominant knowledges,
biased models would receive lower scores and disparities could be made more
apparent (Bowman and Dahl, 2021).

7.3 Epistemic and Ethical Goodness

This part of the discussion is structured by the three desiderata for epistemic and
ethical goodness introduced in Chapter 1, correctness, coverage, and representa-
tiveness. As this discussion relies on the core assumptions about knowledge and
objectivity developed in Chapter 3, they shall be listed once more for reference:

1. Knowledge is social, situated, partial, and embodied: gender, race/ethnicity,
class, social relations, and roles influence what we can know.
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2. Knowledge is contextual: justificatory processes are embedded in a locally
shared set of assumptions, research goals, and methodologies.

3. Objectivity requires empirical evidence: justification needs to be anchored
in empirical evidence and embodied experience.

4. Objectivity requires diversity of social position: different experience must
contribute to knowledge-productive processes, and the experience ofmarginal-
ized groups are epistemically particularly valuable.

5. Objectivity benefits from democracy-advancing values: values that drive
diversity and are power-sensitive are beneficial to science.

6. Knowledge can be a site of injustice: operations of power and bad epistemic
practice can cause epistemic and ethical harm to marginalized groups.

7. Epistemic oppression can be a matter of the epistemic paradigm itself: in
analyzing forms of epistemic exclusion, flaws in the overall paradigmatic
framework must be considered as a potential source.

8. Evaluation of technology must be contextualized: human-machine inter-
action is situated and can only be adequately analyzed in a contextualized
manner.

7.3.1 D1. Correctness: AI-based knowledge technology should
accurately encode and reproduce knowledge content.

Firstly, I would like to introduce some nuance regarding the notion of correctness
by drawing from the elaborations in Chapter 3. One of the root causes for factual
inaccuracies in LMs is a lack of corresponding content in the training data (Kandpal
et al., 2023). However, instead of arguing that we should aim for complete coverage,
I would like to point out that the goal of a complete representation of all knowledge
is misguided. The idea that we may be able to complete a collection of all there
is to know, is closely tied to the idea that there is only one truth to each thing.
And this idea has already been addressed by Adam (2000) at the example of Cyc:
based on her own and Forsythe’s inquiry (Forsythe, 1993), Adam conjectures that
it is a pervasive assumption among AI engineers that "there is an independent
world that can be accessed through perception and also that everyone will agree
on what the real world is like" (p. 241). Based on the insights drawn from feminist
epistemologists, I would argue that different accounts can count as true at the same
time, within different epistemic communities, and that knowledge is continuously
evolving and prone to revision (Longino, 2002). This is not to say that a single,
unified technology should be designed with the aim of representing all sorts of
different "worlds". As discussed in Section 7.3.2, there are reasons why we might
want to acknowledge and embrace partial views.

Moreover, while we should acknowledge that there is a plurality of "worlds",
we should not treat all claims as equal. To prevent misinformation, we need to
judge claims by their empirical acceptability (Longino, 2002). This is especially
important since AI-based knowledge technology has permeated into all sorts of
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knowledge-productive practices, such as education, law, and research (as discussed
in Chapter 1). Even the very individual practice of seeking information on the web
is becoming more and more dictated by AI.4 So, how can we judge the empirical
acceptability of LMs and their claims?

This thesis provided some insights into the measures we commonly use
to measure the correctness of LM answers. As shown in Kraft et al. (2025),
however, several popular QA and RC benchmarks are inherently biased. They are
miscalibrated and, hence, unfit to measure the correctness of questions related to
marginalized communities. This means that we cannot assume an LLM with high
scores to be an equally reliable resource for different groups of people. Biased
benchmarks reward the development of biased methods (Bowman and Dahl, 2021).
That is, benchmarks guide the direction, in which models are optimized, because
receiving high scores in comparison to other competitors is rewarded by the
community (Koch et al., 2021b). In the face of the high cost of training data and
training hours, it seems unlikely that a model would be trained to perform better
in ways that are not rewarded with higher benchmark scores. Rewarding biased
models, in the QA and RC case, means rewarding models that can reproduce
dominant knowledges correctly. As a consequence, I argue that the way that
we discuss the problem of correctness in AI must become more nuanced and
disaggregated (Olteanu et al., 2025).

Due to the problem of factual inaccuracy (Ji et al., 2023; Magesh et al., 2025),
as well as the lack of representativeness of respective knowledge-related bench-
marks, users must be especially careful when judging the credibility of AI-based
knowledge technology and the empirical acceptability of individual claims in
generated outputs. Most LMs do not provide any evidence for their claims and
it is impossible to trace a claim back to its original source during a conventional
interaction with the system. This is why AI is often referred to as a black box
technology (e.g., Schwartz et al., 2024). The Google AI Overview does provide
URLs to the sources it summarizes. While this does not guarantee that the sources
are correctly summarized or that the sources are correct,5 the user is at least
able to check. LLMs like GPT-4o, which can be used to assist scientific writing
processes directly, can also produce references. There is a version of GPT-4o that
utilizes RAG and can access the internet during inference. But despite its access
to external sources, these references can also be subject to "hallucination". Wu
et al. (2025) studied the accuracy of medical references across several LLMs and
found that GPT-4o frequently produces references that do not (approx. 30%) or
do not fully support its claims (approx. 50%). Models without RAG and internet
access perform significantly worse (Wu et al., 2025).

Conveyed in the associated computer science literature and in the practice
itself is that we should not (yet) consider LMs as fully credible, since they evidently
struggle to produce truthful outputs. But it is claimed that the introduction of
external knowledge sources will bring LMs a bit closer to factual fidelity. This,
again, shifts the question towards the credibility of those knowledge sources:
as for Wikidata, contributors are encouraged to provide references to track the

4. https://www.pewresearch.org/short-reads/2025/07/22/google-users-are-less-likely-to-cli
ck-on-links-when-an-ai-summary-appears-in-the-results/, accessed: November 18, 2025

5. https://arstechnica.com/information-technology/2024/05/googles-ai-overview-can-give-f
alse-misleading-and-dangerous-answers/, accessed: November 19, 2025

https://www.pewresearch.org/short-reads/2025/07/22/google-users-are-less-likely-to-click-on-links-when-an-ai-summary-appears-in-the-results/
https://www.pewresearch.org/short-reads/2025/07/22/google-users-are-less-likely-to-click-on-links-when-an-ai-summary-appears-in-the-results/
https://arstechnica.com/information-technology/2024/05/googles-ai-overview-can-give-false-misleading-and-dangerous-answers/
https://arstechnica.com/information-technology/2024/05/googles-ai-overview-can-give-false-misleading-and-dangerous-answers/
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provenance of a piece of information and thereby enhance the trustworthiness
of its content. Yet, with the great amount of entries and references, ensuring an
overall high reference quality has been a challenge for the platform (Hosseini
Beghaeiraveri et al., 2024; Amaral et al., 2021). As was shown for the GPT-4o model
that utilizes RAG, knowledge-enhanced language models are not guaranteed to
carry along the correct references (Wu et al., 2025) .

7.3.2 D2. Coverage: AI-based knowledge technology should
encode and reproduce knowledge with adequate coverage.

The real world is extremely complex and everybody can only see fractions of
it (Haraway, 1988). Our social location and embodied experience define the bound-
aries of our vision (Haraway, 1988; Harding, 2007). Moreover, according to Longino
(2002) what we are able to capture about the world–in the form of theories and
claims–is also limited by the assumptions, standards, and commitments that
guide the knowledge-productive practice of one’s local epistemic community. The
resulting partiality of all knowing renders a unified representation of the real
world impossible. AI-based knowledge technology is itself situated and located,
and can always only capture a single, partial version of the world at the time.
LMs and KGs represent data and knowledge contents, which were generated
by humans in a situated, located, and partial manner. Moreover, LMs and KGs
are themselves products of social epistemic processes (data curation, annotation,
algorithm design, evaluation, etc.) (Hovy and Prabhumoye, 2021). To strive for
a representation of all human knowledge or "access to the sum of all human
knowledge" is an expression of the god trick (Haraway, 1988).6

Moreover, a complete representation would defeat the purpose of what a model
should be. LMs, KGs, and everything in between are representations designed
to solve some kind of task or help us reason about the thing in the world which
they represent. But to do this effectively, they are necessarily reductive; just like
a map is never a perfect copy of the surface of the earth, but a purpose-driven
abstraction of it (Longino, 2002). This alludes to the question of what exactly the
goals of the AI community are. As characterized throughout this thesis, it seems
as though the AI community is striving for completeness, for its own sake.

However, completionist efforts for the sake of completionism can lead to
adverse effects. In September 2025, Greenlandic Wikipedia was closed, because
it experienced a surge in AI-generated or AI-translated contents that were lin-
guistically inaccurate. The closure of Greenlandic Wikipedia was prompted by
a linguistics scholar with proficiency in the language, that had been its only
active maintainer. Greenlandic is an indigenous language with only a few ten
thousand speakers and a highly valued pillar of Greenlandic identity, especially
due to its colonial history.7 Especially the many AI translations that were not
completely implausible but contained subtle grammatical errors were seen at risk
of "corrupt[ing] the Greenlandic language", as they could infuse this digitally
underrepresented language with less obvious errors, over time. As such, the

6. https://en.wikipedia.org/wiki/Wikipedia:Prime_objective, accessed: November 19, 2025
7. https://de.wikipedia.org/wiki/Wikipedia:Kurier/Ausgabe_9_2024#KI_und_die_Macht_%C3

%BCber_die_eigene_Sprache

https://en.wikipedia.org/wiki/Wikipedia:Prime_objective
https://de.wikipedia.org/wiki/Wikipedia:Kurier/Ausgabe_9_2024#KI_und_die_Macht_%C3%BCber_die_eigene_Sprache
https://de.wikipedia.org/wiki/Wikipedia:Kurier/Ausgabe_9_2024#KI_und_die_Macht_%C3%BCber_die_eigene_Sprache
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project of Greenlandic Wikipedia had reached a point where it was conflicting
with "the societal and political wish for language preserv[ation]."8 Indigenous
groups have openly objected Big Tech’s efforts to scrape language and knowledge
for the improvement of their technologies, emphasizing their interest to preserve
data sovereignty.9 There is a fine line between completionism and colonialism
when it comes to language and knowledge technologies (Couldry and Mejias,
2019; Bird, 2020; Helm et al., 2023).

7.3.3 D3. Representativeness: AI-based knowledge technology
should not systematically or unfairly misrepresent or un-
derrepresent the knowledge of, or about, marginalized
communities.

In Kraft and Usbeck (2022) and Kraft and Soulier (2024), the systematic biases of
"open-domain" KGs towards Western and male realities were discussed in detail.
And, thus, the hope of eliminating biases in LMs through the injection of such KGs
was shown not to be success-proof (Kraft and Soulier, 2024). While this might seem
like a trivial conjecture in hindsight, we argue that it sheds light on an important
flaw in the AI communities dominant narratives. The community promotes the
introduction of KGs as a way to make LMs "more trustworthy" and reliable, due
to their alleviation of factual inaccuracy (Wagner et al., 2025; Pan et al., 2023;
Agarwal et al., 2021; Marcus, 2020), but it forgets to ask: more reliable for whom?
Correctness and representativeness are not discussed as related in an engineering
context and are, instead, treated as two different optimization problems. We argue
that this disregard is explained by the prevalence of a view from nowhere.

These biases feed into allocational and representational harms. Moreover,
with knowledge technology being considered a hermeneutical resource, in par-
ticular, these biases cause hermeneutical injustice (Kraft and Soulier, 2024). This
results in individual (psychological and practical) harms, but also the loss of
certain knowledges that could have otherwise contributed to our shared epistemic
progress (Fricker, 2007). Given the discussion of bias and algorithmic discrim-
ination that has been going on for years, the hermeneutical injustice through
AI can be considered willful ignorance (Mason, 2011). With FAccT and AIES,
there are at least two visible conference under the umbrella of the most powerful
international AI societies, ACM and AAAI. There has also been plenty of media
coverage,10, 11 and the "Stochastic Parrots" paper (Bender et al., 2021) has been
cited more than 9.5 thousand times.12 And yet, companies like Meta deliberately
finetune LLMs to become less inclusive. Their model Llama 4 was released in
April 2025, less than three months after the 2025 inauguration of Donald Trump

8. https://meta.wikimedia.org/wiki/Proposals_for_closing_projects/Closure_of_Greenlandic_
Wikipedia

9. https://blog.papareo.nz/whisper-is-another-case-study-in-colonisation/, accessed:
November 19, 2025
10. https://t3n.de/news/192000-ki-tests-enthuellen-chatgpt-und-deepseek-fallen-auf-ihre-eig

enen-vorurteile-rein-1716929/, accessed: November 19, 2025
11. https://www.computerbild.de/artikel/News-Internet-Gefaehrlich-ChatGPT-Co.-laestern-u

eber-Ostdeutsche-40426013.html, accessed: November 19, 2025
12. Citation counts retrieved from Google Scholar, date: November 1, 2025.

https://meta.wikimedia.org/wiki/Proposals_for_closing_projects/Closure_of_Greenlandic_Wikipedia
https://meta.wikimedia.org/wiki/Proposals_for_closing_projects/Closure_of_Greenlandic_Wikipedia
https://blog.papareo.nz/whisper-is-another-case-study-in-colonisation/
https://t3n.de/news/192000-ki-tests-enthuellen-chatgpt-und-deepseek-fallen-auf-ihre-eigenen-vorurteile-rein-1716929/
https://t3n.de/news/192000-ki-tests-enthuellen-chatgpt-und-deepseek-fallen-auf-ihre-eigenen-vorurteile-rein-1716929/
https://www.computerbild.de/artikel/News-Internet-Gefaehrlich-ChatGPT-Co.-laestern-ueber-Ostdeutsche-40426013.html
https://www.computerbild.de/artikel/News-Internet-Gefaehrlich-ChatGPT-Co.-laestern-ueber-Ostdeutsche-40426013.html
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for his second term as the President of the United States. The model is specifically
tuned to be politically more right-leaning than its predecessors.13 This example
embodies willfulness behind exclusionary design.

Projects like this dissertation render visible the ways in which the biases
in AI technology are actually the result of the very situated nature of data,
engineering, and science. Wikimedia’s epistemic community has been male-
centric 14 and sexist (Menking et al., 2019). The lived standards and practices within
the community cause Wikipedia and Wikidata to be hermeneutical resources less
suited for marginalized groups (Menking and Rosenberg, 2021). The demographic
of engineers utilizing resources like Wikidata to improve AI systems is very much
alike Wikimedia’s. Of all AI professionals worldwide, 22% are female, and at
senior levels, only 14% are female.15

And those engineers are the same group of people that decide how AI systems
should be evaluated, and the same people that collect the data and design the
metrics to conduct the validation. Hence, it comes to no surprise that there is
a closed, self-fulfilling loop, in which biased AI-based knowledge technology is
innovated towards biased standards, and the fact that these standards are biased
stays invisible because they have succeeded in measuring some abstract notion of
innovation. Again, evaluation-related biases detected in Kraft et al. (2025) conceal
corresponding biases in the model performance, as well as incentivize them. As
a consequence, we must ask: innovation for whom? Such a question can only be
asked within a framework that understands technology to be situated. Currently,
an LM’s accuracy in reproducing knowledge is measured via ad hoc, rationalist
approaches, that are not sufficiently embedded into a social context and not judged
accordingly. The study presented in Kraft et al. (2025) demonstrated that creators
of popular benchmarks are intransparent regarding the social setting of their
practice as most failed to report details about annotator demographics. Hence, the
benchmark creators are either not sufficiently sensitized to the situatedness of their
practice or willfully ignorant towards it. In any case, I would like to emphasize
again an important learning from Suchman (2007), which is that we must analyze
technology as an artifact that is in interaction with users, and embedded in and
co-productive of a sociomaterial world.

Knowledge technologies are modern hermeneutical resources and we should
amplify currently non-dominant ones to the benefit of marginalized groups: firstly,
diversity of experiences and social positions are epistemic resources that can help
us come closer to more objective knowledge production by challenging said self-
fulling loop (Harding, 2013; Longino, 2002; Intemann, 2010). Secondly, to remedy
hermeneutic injustice and the ethical harm done by it, we must make room for
non-dominant hermeneutic resources within dominant epistemic practices and
discourses (Mason, 2011).

13. https://ai.meta.com/blog/llama-4-multimodal-intelligence/
14. Wikimedia has conducted four large-scale community surveys between 2019 and 2024,

identifying a consistent rate of 80% male editors over time: https://meta.wikimedia.org/wiki/Co
mmunity_Insights/Community_Insights_2024_Report#Gender, accessed: November 19, 2025
15. https://www.interface-eu.org/publications/ai-gender-gap

https://ai.meta.com/blog/llama-4-multimodal-intelligence/
https://meta.wikimedia.org/wiki/Community_Insights/Community_Insights_2024_Report#Gender
https://meta.wikimedia.org/wiki/Community_Insights/Community_Insights_2024_Report#Gender
https://www.interface-eu.org/publications/ai-gender-gap
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7.3.4 Conclusion of the Evaluation

In summary, the findings presented in this dissertation indicate that AI-based
knowledge technology, based on LMs, KGs, and their hybrid forms exhibit epis-
temic and ethical problems. In matters of correctness, it is already well-established
that LMs produce incorrect statements with a high likelihood. This is known
through dedicated testing but also through many real-world encounters with
chatbots. In the preceding discussion, I tried to peel away more layers to show
two more ways in which knowledge technology is limited regarding concerns of
correctness: firstly, many different claims can hold true at the same time. With the
current efforts, however, the focus lies on the innovation of one-sided technologies
that represent a very homogeneous take on the world and presumed singular set of
truths. Secondly, the knowledge content in LMs and knowledge-enhanced versions
is not reliably traceable to empirical evidence. Hence, it is hard to impossible to
tell if the output of such a model deserves credibility. As for KGs like Wikidata,
there are ways to provide references. However, there are logistic obstacles to
making sure that those references are valid and up-to-date.

The desideratum of coverage is to be understood with an emphasis on adequate
coverage. This point is closely related to the idea of completing a full representation
of a singular set of "world knowledge". On the one hand, it is impossible to cover
all knowledge, because there is no finite, enumerable amount. On the other hand,
we should be asking if it is truly helpful to our pursuits. What are the tasks that
we are hoping to solve with AI? What do we need to represent for this purpose
and how? Moreover, the pursuit of complete coverage could be misconstrued as
a justification for data colonialism (Couldry and Mejias, 2019), i.e., reckless data
extraction to the benefit of a privileged few.

Finally, the representativeness of knowledge technology is evidently dissat-
isfactory. Behind the guise of objective knowledge reveals itself systematic
hermeneutical lacunae. These are upheld by ignorant epistemic practices, as
benchmarks themselves exhibit blank spaces around these very lacunae. And
while the situatedness of knowledge and technology has not received much
attention in AI practices, so far, the identified biases are in striking alignment to the
demographic composition of AI practitioners. To conclude, AI-based knowledge
technology has epistemic and ethical limitations that challenge the admissibility
of its epistemic authority.

How can we remedy these epistemic and ethical problems of AI-based knowl-
edge technology? Firstly, I argue that AI-based knowledge technology must cover
different knowledge contents to an adequate extend. To this end, creators of
such technology must define a standard of adequacy based on the context of
use (Suchman, 2007; Barocas et al., 2023). For instance, if a chatbot research
assistant is developed for a Western industrial context and it is defined that it
should work well for certain user groups and task scenarios, then it should be
evaluated for all of these groups and cases in a disaggregated manner. Moreover,
the tool should only be marketed respectively (Olteanu et al., 2025). By defining a
clear target state, we are able to compare the current level of coverage, and learn
howmuchmore coverage is needed. This facilitates more intentional and grounded
directions for improvement. Moreover, users are enabled to make informed
decisions, if they know whose reality a tool is optimized for (Gebru et al., 2021). Of
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course, any definition of adequacy will in itself be incomplete and imperfect. But
explicating assumptions and norms is necessary to facilitate discourse, scrutiny,
and revision (Olteanu et al., 2025). A prerequisite to understanding the need for
defining standards of adequacy is to accept the situatedness and locatedness of
one’s own practice and partiality of one’s own view. This is where change becomes
difficult, as it requires a revisions of one’s very epistemic paradigm (Dotson, 2014).

Secondly, to remedy hermeneutical injustice in AI-based knowledge technol-
ogy is not to have dominant tools ingest non-dominant ones. This has ethical
reasons, because especially marginalized communities have historically often
been stripped the power to control their own narratives, causing psychological
and practical harm (Fricker, 2007). So, instead, we should make room for and
uplift alternative resources. One example is the Papa Reo project that develops
Māori language and knowledge technologies by indigenous people for indigenous
people.16 Fostering plurality of representations, i.e., the co-existence of "many
worlds" (Longino, 2002), is epistemically more beneficial to everyone. That is,
being confronted with different experiences and standpoints can help us see and
question things about ones own concepts of reality that one would have otherwise
not been able to see (Harding, 1986; Mason, 2011).

Finally, my proposition is not meant to legitimize "wrongheaded" beliefs, i.e.,
ideas with no empirical anchoring (Longino, 2002). As discussed in Section 7.3.1,
correctness is important. Just as knowledge content must be empirically acceptable,
knowledge technology must be empirically acceptable, too. Assessing empirical
acceptability, however, requires evidence. In the context of AI-based knowledge
technology, this alludes to a necessity for transparency regarding the provenance
of generated claims. Moreover, in order to improve the overall credibility of such
technology, we must ensure that adequately calibrated evaluation metrics are used.

7.4 Paths Forward

On a general note, the findings suggest that the epistemic authority of AI in the
context of knowledge production and dissemination should be questioned. This
requires awareness of the presented issues, as well as a rethinking of knowledge
in AI engineering. This includes better literacy regarding notions of situatedness
and contextuality of knowledge, as well as the importance of diversity not only
to remedy ethical concerns, but also to foster epistemically better knowledge
production and more objective AI research.

Scientific Rigor

Studies on bias in AI are often focused on easily observable skews in the training
data or model outputs. This limited frame can easily lure us into the solutionism
trap (Selbst et al., 2019), where we try to fix these issues solely on a data- or model-
level. It is not my intention to fully discard respective efforts. But I believe that we
need to utilize more than one approach to truly improve the limitations addressed
in this thesis. Especially since local fixes are at risk of concealing the bigger issues
at hand. In this thesis, I have addressed the many ways in which values and

16. https://papareo.nz/#kaupapa, accessed: November 19, 2025

https://papareo.nz/#kaupapa
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power affect not only the biased composition of the examined technologies and
datasets, but also the way research in AI is approached, as a whole. Benchmarks,
for instance, play a significant role in steering research efforts in AI (Orr and
Kang, 2024; Koch et al., 2021b). However, the way that benchmarks are created is
not sufficiently anchored in empirical evidence (Bean et al., 2025). The fact that
their biases commonly go unnoticed is probably caused by the lack of reflexivity
regarding this practice (Kraft et al., 2025). Hence, this thesis clearly endorses calls
for a broader conceptualization of scientific rigor in the AI research community.
This includes demands for reflection and transparent reporting of epistemic and
normative assumptions (Olteanu et al., 2023).

Fostering Discourse and Amplifying Marginalized Voices

To improve the previously discussed limitations, change is required on the level of
scientific practice in AI. Of course, this is not easily realized. In the words of Dotson
(2014), this requires third-order change: members of an epistemic community, work-
ing under a given epistemic framework, must firstly recognize the limitations of
its very framework. Moreover, the cost of changing the framework is (cognitively
and logistically) high and so is the resistance to it, accordingly (Dotson, 2014,
2012). A valuable lessons we may draw from Longino’s feminist empiricism in this
regard is that we should foster and promote public venues that are open to reflexive
critique. One positive example is FAccT, which has been welcoming scrutiny of
its own practices (Laufer et al., 2022; Young et al., 2022; Septiandri et al., 2023).

The overview of the three different sets of RQs inquired in this thesis reveals
that all the involved corpora of content are coherently flawed, the demographic
composition of those behind the data and those behind the tools are coherently
skewed, and the practices are guided by (and contributing to) a coherent view
from nowhere (Nagel, 1989). Paying attention to and amplifying less dominant
counter-narratives can help escape this self-affirming loop. Communities such
as Black in AI,17 Widening NLP,18 and Queer in AI 19 have been centering and
advocating for marginalized communities in AI research. Widening NLP, for
instance, organizes workshops at renown international AI conferences to discuss
and publish contributions by researchers from underrepresented groups. They
also offer peer feedback to future submissions, outside of the formal peer-review
process (Tonja et al., 2024). Queer in AI facilitates "community-engaged research",
"by the people, for the people" (p. 5), while also engaging in political and social
advocacy. They, for example, advocate for name change policies in scientific
publishing or offer financial aid to queer students for graduate school applications
to strengthen the queer representation in AI (QueerInAI et al., 2023).

Overall it can be said, that the AI community would benefit from a shift in
values, towards participatory and emancipatory values (Harding, 1986), and a con-
tinued analysis and challenge of power asymmetries (Klein and D’Ignazio, 2024).

17. https://www.blackinai.org/, accessed: November 11, 2025
18. http://www.winlp.org/, accessed: November 11, 2025
19. https://www.queerinai.com/, accessed: November 11, 2025.
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8
Conlusion

This thesis investigates epistemic and ethical problems of LMs and KGs, as well as
knowledge-enhanced language modeling. The inquiry departs from the empirical
observation that respective AI systems have gained significant epistemic authority
in recent years. Issues of factual infidelity and social bias in LMs have already
received much attention in science, industry, and the public. However, KGs and
knowledge-enhancement still appear to be praised as bias-free and factual.

At the heart of this cumulative dissertation are three individual research
articles: in Kraft and Usbeck (2022), a systematic literature review on social bias
throughout the lifecycle of KGs is conducted. In Kraft and Soulier (2024), we
present an interdisciplinary study of knowledge-enhanced language modeling,
which claims that knowledge enhancement cannot render LMs bias-proof. This
is supported by a bias analysis of respective models, as well as an in-depth
philosophical analysis that draws from feminist epistemological accounts. Finally,
the study presented in Kraft et al. (2025) uses a mixed-method analysis of bias-
sensitive reporting practices and data biases in popular QA and RC benchmarks.
The findings reveal a lack of transparency regarding characteristics related to
annotator identity, a lack of concern regarding potential biases, and, consequently,
data biases related to gender, religion, and geography of entities mentioned in
the QA items.

Values and knowledge are closely intertwined. Therefore, techno-scientific
knowledge practices must be evaluated along epistemological and ethical di-
mensions. The KGs and knowledge-enhanced LMs investigated in this thesis
consistently fail to represent diverse perspectives, perpetuating hermeneutical
injustice. This contradicts the common narrative in the AI community that KGs
are a neutralizing remedy. The issue is worsened by the fact that many QA and
RC benchmarks are also biased. Even though they are marketed as measuring an
LLM’s ability to answer questions correctly, on a general level, they happen to
mostly measure accuracy regarding questions relevant to a certain demographic.
Biased measures not only render model biases invisible. They also reward the
optimization of models towards these biases.

152
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These problems can, however, not be resolved by maximizing coverage. Firstly,
it is impossible to form a complete repository of all knowledge, because there is no
finite, enumerable amount of knowledge. Secondly, completionism is undesirable,
because it can motivate colonialist practices. Instead of striving for complete
coverage, me must strive for adequate coverage. This means, technologies should
be built to be reliable and useful for the very communities, needs, and purposes
they are intended to serve. As it stands, AI technologies are largely framed
as general-purpose and (prospectively) all-encompassing. Instead, it should be
embraced that science, and technology are inherently situated and value-laden,
and that contextualized development and analysis are pre-requisites to good
technology. The community should promote emancipatory values and foreground
those at the margins, to counter existing injustices and foster critical discourse
in a diverse community. This can help in identifying issues brought about by
power asymmetries and cause change.

The fact that the contributions in this thesis were accepted for publication at
internationally renowned venues is a sign that the potential for change is there.
However, we must ensure to tackle identified limitations beyond a technological
frame and think about solutions on a societal, instead of a merely technical
level (Barocas et al., 2023). One call to action to take from this thesis is to persist
and to continue critiquing and questioning powerful narratives.

Limitations & Future Work

Even though I firmly believe in the necessity of inter- and transdisciplinarity, it
shall be mentioned that it can also pose unique challenges. Inherent to the work of
the kind which is presented in this thesis is a trade-off between depth and breadth.
Or as Suchman (2007) put it: "certain chapters may seem a bit basic" (p. 4) to one or
the other discipline. To the computer scientist, this work might lack quantitative
experiments with newer, state-of-the-art models. To justify more generalizable
conclusions, moremodels could have been compared ormore datasets, respectively.
To the philosopher, the philosophical analysis might lack depth or complexity. To
introduce terminology and theory from one discipline to another and to work
out the relationships between these theories requires a great deal of effort. And
this comes at the cost of depth. But again, interdisciplinary work is necessary
as it provides valuable reflections by deriving new analytical perspectives and
implications from the rich bodies of knowledge in other disciplines. In particular,
to promote a more contextualized understanding of ethical and epistemic questions
in AI, interdisciplinary discourse is needed (Raji et al., 2021b).

Between the Discussion presented in the paper Kraft and Usbeck (2022), in
Chapter 4, and the Discussion of the overall thesis, in Chapter 7, there is a
terminological inconsistency that I would like to address. In the paper, I criticize
that open encyclopedic KGs misrepresent "the world as it is". I suggest: "Even
if the data represented are not affected by sampling errors, they are restricted
to describing the world as it is as opposed to the world as it should be. We strive
for the latter kind of inference basis." (p. 81). With this, I am aiming to convey
a normative stance. That is, rather than aiming for systems that model and
thereby perpetuate our societal status quo that is characterized by pre-existing,
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harmful inequalities, we should strive to correct or–even better–over-correct these
inequalities. The wording I chose implies that there is only one way to see the
world, which appears inconsistent with the framing taken on later in this thesis,
namely that there are "many worlds". The use of the word "world" is, however,
slightly different in these two contexts. In drawing from the epistemologies
of Longino (2002) and Haraway (1988) the "many worlds" metaphor is intended to
convey the existence of competing, changing truths, which makes full coverage
of all knowledges infeasible (and undesirable). Nevertheless, I argue for favoring
certain norms over others. That is, we need to question pre-existing inequalities
and discrimination and strive for a revision of technologies that uphold it. To this
end, we need to pursue adequate coverage of individual technologies, as measured
by local norms, and we need to uplift less dominant alternative resources, as well
(as long as they are epistemically acceptable).

This thesis has repeatedly touched upon the role of Big Tech, but a deeper
analysis was beyond the scope. The role of public policy was, moreover, not
mentioned at all. Of course, these are important stakeholders that define the
status quo in AI development and dissemination, and they have great lever to
bring about change. Future work could emphasize these perspectives to draw
connections to the findings presented in this thesis. This would help develop a
more complete picture of the power dynamics that shape prevalent narratives in
AI research and development, for example, regarding objectivity, completeness,
correctness, and situatedness. Broader networks of researchers with different
disciplinary backgrounds could realize more large-scale analyses of knowledge
technology and their underlying practices. Future work should, moreover, involve
researchers from a greater variety of social situations, including members of the
very communities that are studied (Miceli et al., 2025).

I have already started to work on projects that follow-up on the research pre-
sented here. One line of research is concerned with introducing more rigor into the
creation of evaluation metrics and benchmarks. Currently, benchmarks are created
rather insulated from social context. In drawing from social scientific methods, I
am exploring possibilities of creating empirically grounded evaluation methods. A
concrete project will be to create a new benchmark that will allow to investigate
disparate LM performance on knowledge-related tasks. I am also continuing
to collaborate with colleagues trained in philosophy to analyze conceptions of
knowledge, power asymmetries, and injustice within AI research practice.
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