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Abstract
Previous work has found that people often perceive computational systems as neutral tools (van Es, 2023), and
yet these systems are not developed or deployed within a vacuum. As the popularity of Large Language Models
(LLMs) in digital social science and humanities (DSSH) research increases, it is important that we reflect both on
our positionality as researchers regarding how we are primed to interact with these systems and the positionality
of the systems themselves as defined by their design and training. This paper presents a model of factors and
interactions affecting the use of LLMs in DSSH research and argues that explicit discussion of both human
biases, which affect how we interact with systems, and the potential biases encoded in systems are needed in
conjunction with strong case specific system evaluation when developing methodologically sound applications of LLMs.
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1. Introduction

The question of methodology in DSSH research is
not new. Rieder and Réhle (2012) provide a strong
reminder of this, showing that there has been reflex-
ive work on digital methodologies for many decades.
The article quotes the 1966 inaugural issue of the
journal Computers and the Humanities, stating that
"we need never be hypnotized by the computer’s
capacity to count into thinking that once we have
counted things we understand them" (Rieder and
Réhle, 2012, p.71). Despite their hype and anthro-
pomorphization, Large Language Models (LLMs)
should not bypass this consideration.

Ries et al. (2024) observe that exploring and de-
scribing the biases of computational models is a hu-
manities question. There is a long tradition among
SSH disciplines of acknowledging bias originating
from the context of the researcher by considering
their positionality (Selka, 2022).

DSSH also has a tradition of evaluating informa-
tion and its encoded and contextual biases through
source and tool criticism (Koolen et al., 2018).
Source criticism is the practice of analyzing the
credibility, reliability and authenticity of information
sources (Backerra, 2024). Tool criticism extends
this to reflect on the impact of tools on the data
they interact with (Koolen et al., 2018), with some
also including the interaction between user and tool
within the practice (van Es et al., 2018).

The advent of chat based interaction with LLMs
has increased the accessibility of applying digital
methods to SSH data, while also obscuring the
nature of these methodologies behind anthropo-
morphized, and in several cases proprietary, black
box models. This, coupled with the framing of tech-

nology generally and Al specifically as neutral, con-
tributes to the growing hype around using LLMs in
research contexts. But just like other tools, these
systems encode biases, as do the ways we interact
with them.

Sections 2 and 3 discuss the different biases at
play in the positionality of both the user and the LLM.
These biases interact with one another to influence
the contexts and outcomes of system interactions.
Figure 1 provides a representation of these inter-
actions. In this paper, we argue that the already
developed practices of positionality, source, and
tool criticism from previous SSH research should
continue to be carefully applied to both ourselves as
researchers and the systems that are used in digi-
tal methodologies. These practices, coupled with
clearly reported system evaluation, constitute an
effective way of impacting user level factors in our
proposed model. The upward arrows presented in
Figure 1 illustrate that through changes in user level
factors, it is possible to influence the wider system
of interactions involved in research with LLMs.

We first outline prior work on how Al systems
are viewed by users, followed by an overview of
known biases of language models. Taking user
positionality as a starting point clearly illustrates
the risks of LLMs becoming more prominent tools
in research. We end with recommendations on how
to mitigate these risks and increase methodological
soundness.

2. Positionality of the User

Considerations of researcher positionality are well
established. We aim to highlight in this paper that
human-computer interaction is a specific context
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Figure 1: Factors and interactions affecting the use
of LLMs in DSSH research

which has the ability to prime certain unconscious
behaviors and biases in users. We argue that digi-
tal research should reflect on the position that the
researcher holds as a user of an automated system.
The concepts discussed in this section relating to
users are operationalized in Figure 1 as user level
factors, shown in blue.

2.1. People’s Beliefs about Systems

Carlson (2019) defines the term mechanical objec-
tivity as a belief in technology capable of rendering
a particular output in a manner that overcomes the
limits of human subjectivity. This belief is not new.
Carlson discusses how ideas of mechanical objec-
tivity were applied to photographs when they first
replaced sketches in journalistic publications. At
the time, people lauded this technological devel-
opment as providing ‘objective images’. Although
photographs provide to some degree a more faith-
ful rendering of events than an artist’s sketch, there
are still many decisions that contribute to the final
version of an image in a newspaper, all of which are
obscured by ideas of mechanical objectivity. A con-
temporary version of this belief can be seen in the
ideas of mechanical objectivity applied to the con-
cepts of big data and by extension Al. Carlson cites
Wired magazine’s editor in chief from a 2008 inter-
view stating that "[w]ith enough data, the numbers

speak for themselves" (Carlson, 2019, p.1125), this
view that large volumes of data equate to truth is
prevalent. Barocas and Selbst (2016) discuss how
this false equation of data and truth can lead not
just to discrimination against groups unrepresented
in these data sets, but also how the emergent qual-
ity of this discrimination obscures its presence and
makes legal arguments against it particularly diffi-
cult.

Findings from research in the Netherlands illus-
trated that generally decisions made by automatic
systems were seen as equivalent or better than
those made by human experts (Araujo et al., 2019).
Respondents indicated both a potential distrust in
human decision making and the application of ideas
of mechanical objectivity to automatic decision mak-
ing systems which they believed were in some way
free of the biases of the human experts.

Sundar (2008) discusses how ideas of mechani-
cal objectivity can be triggered by what they call the
machine heuristic. Sundar argues that the machine
heuristic is the mental shortcut triggered by interact-
ing with an interface which appears machine-like
leading to the attribution of characteristics associ-
ated with mechanical objectivity to its performance.
Sundar notes that triggering the machine heuristic
may lead to more positive credibility judgments.

A person’s mental model of an LLM is their
personal understanding of how the system works
based on their own interactions with both LLMs as
well as discourse on the topic. Generally people
expect machines to be highly predictable, precise
and consistent, lacking in both emotional and gen-
eral understanding (Schneider, 2025). The anthro-
pomorphized chat functions of many LLMs simu-
late human-like output potentially influencing users’
mental models of how the system functions and
what it is capable of (Sharkey and Sharkey, 2007).
Schneider analyzes 200,000 human-LLM interac-
tions and finds that users increasingly adopt con-
versational behaviors typical of human-to-human
communication, starting from their second conver-
sational turn. This suggests a transition in the way
users perceive the system from a mental model of
the system as a machine to a mental model closer
to that of a human interlocutor as the interaction pro-
gresses. Cabrero-Daniel and Sanagustin Cabrero
(2023) found that users had mixed mental mod-
els of LLMs, with some appearing to apply ideas
of mechanical objectivity labeling the system as
an impartial entity due to their mental model of
the system as machine-like, while others expected
LLMs to understand the emotional landscape of the
user, something generally seen in mental models
of other humans (Schneider, 2025). This poten-
tially shows the influence of anthropomorphization
on user mental models. Wang et al. (2023) re-
port that there is a general lack of understanding
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and awareness of how bias affects LLMs, with sys-
tem output being seen as potentially more accurate
and ‘up to date’ than other online sources such as
Wikipedia showing a lack of users’ understanding
of the quality and provenance of the information
in LLMs. Cabrero-Daniel and Sanagustin Cabrero
reported that although most participants in their
study agreed that gender bias was present in the
output of LLMs, half of them thought that gender
bias was inherent to natural language generation
and that the system was as good, or better, than
humans at avoiding gender bias. This shows the
reluctance of users to categorize this bias as error
in their mental model of the system. This matters,
because an inaccurate mental model of the system
can damage users’ ability to interpret and evaluate
LLM responses accurately and effectively, making
it more difficult for them to recognize errors and
inconsistencies in output, leading to inappropriate
levels of trust in the system (Eigner and Handler,
2024).

2.2. What Feeds into these Beliefs

Beer (2017) discusses how inherent attributes of
the system feed into the perception of systems
as more powerful than humans. This is a system
level factor and is shown in Figure 1 in red. While
LLMs surpass certain human capabilities in terms
of speed and volume of information processing,
these attributes do not ensure that systems are
more accurate than humans (Rieder and Réhle,
2012). As the technical report of GPT4 (Achiam
et al., 2023) acknowledges: the system is capa-
ble of making simple reasoning errors and is of-
ten "confidently wrong" (Achiam et al., 2023, p.10).
Williams and Huckle (2024) develop a benchmark
test focused on known limitations of LLM capabil-
ities and test several widely used models. Their
findings show that LLMs struggle with logical rea-
soning, spatial intelligence, mathematical reason-
ing, linguistic understanding, knowledge of popular
science, and relational perception. This highlights
that some tasks which are easy for humans are still
very difficult for LLMs.

The way that a system is presented to its users
also contributes to the mental models that users
build. This factor is external to both the user and the
system and is shown in orange in Figure 1. LLMs
are positioned within a consistent hype around their
capabilities with systems often being portrayed as
objective and impartial (Araujo et al., 2019). Ben-
der and Koller (2020) discuss the use of misleading
language in both academic and journalistic publi-
cations which frame LLMs as being able to ‘under-
stand’ or ‘comprehend’ the meaning of text, poten-
tially compounding the effect of anthropomorphiza-
tion and leading users to conceptualize systems
as more human-like. Bender and Koller argue that

LLMs work strictly with form and never meaning
and thus cannot be seen to ‘understand’ any form
of textual data. While it can be difficult to find the
right words to convey what models do, leaning too
heavily on metaphorical uses of verbs like ‘under-
stand’ and ‘comprehend’ which align closely with
inconsistencies already present in users’ mental
models of LLMs may further obscure the methods
of the system.

Regarding hype, Narayanan and Kapoor’s (2024)
review of news journalism on the topic of Al found
that articles often repeat PR statements, use im-
ages of robots, and downplay limitations. The re-
search of Kapania et al. investigates attitudes to-
wards Al in India, where the use of Al is seen as
aspirational and technology is generally discussed
optimistically. Their findings indicate that overly op-
timistic narratives played a key role in legitimizing
Al authority. Al authority, defined as the power of
Al to influence human actions without adequate ev-
idence of system capabilities, was also linked to a
higher tolerance for harm and lower recognition of
bias. This illustrates the strength of potential knock
on effects of overly positive, unbalanced reporting
on Al.

The lack of clear and accessible reporting on
LLMs also leads to increased uncertainty and re-
liance on the idea of these models as unexplainable
in general discourse, further feeding ideas of Al as
a mythologized entity (Doherty, 2024). Spatola
and Urbanska (2019) investigate semantic repre-
sentations of Al and robots in comparison to natural
entities such as humans and animals and divine
entities such as gods. Findings showed that at
both an explicit and implicit level participants had
semantic overlap between concepts relating to Al
and robots and concepts relating to divine entities.
Work by Karatas and Cutright (2023) adds more
weight to the association of Al and divine entities,
finding that thinking about God and religion directly
before a task leads participants to be "more willing
to consider Al-based recommendations” (Karatas
and Cutright, 2023, p.1). The overlap in conceptu-
alizations of Al with divine entities is problematic as
presenting systems as unknowable reduces human
agency and makes systems difficult to challenge
(Narayanan and Kapoor, 2024).

2.3. The Kind of Behavior this Leads to

Kapania et al. (2022) discuss the power that hu-
mans give to systems. The power of LLMs has
been legitimized through their broad deployment
and the their high adoption rate giving them strong
social capital. This section provides more detail on
how users over-rely on system output, allowing the
advice of the system to override their own judgment,
crowd sourced advice, and the advice of experts.
In their experiments, Logg et al. (2019) find that
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participants consistently give more weight to equiv-
alent advice when it is labeled as coming from an
algorithmic as opposed to human source. They la-
bel this behavior algorithmic appreciation. Multiple
experiments have found evidence for algorithmic
appreciation across different contexts and groups.
In turn, Klingbeil et al. (2024) define Over-reliance
as the behavior of following machine outputted ad-
vice even when it contradicts clearly available con-
text information and when this leads to inferior out-
comes. Klingbeil et al. show in their research that
labeling advice as being generated by an Al sys-
tem was enough to cause over-reliance. Gunaratne
et al. (2018) compare the persuasive power of ad-
vice labeled as algorithmic to advice labeled as
crowd sourced, finding that algorithmic advice is
significantly more persuasive than advice based on
the aggregation of peer behavior. Eric Bogert and
Watson’s (2021) results show a similar pattern of
behavior which becomes even stronger as the par-
ticipants’ task becomes more difficult, concluding
that labeling advice as being derived from machine
learning causes a meaningful shift in human behav-
ior. Results from Liel and Zalmanson (2020) cor-
roborate these findings, showing that participants
significantly conformed to recommendations when
they were labeled as algorithmic and reported high
confidence in the system’s estimates even when
the advice was clearly incorrect during a simple
image classification task. This finding suggests po-
tential automation complacency in the participants
interactions with the system.

Parasuraman and Manzey 2010 discuss automa-
tion complacency in detail, defining it as the phe-
nomenon of poorer detection of system malfunc-
tions under automation compared to manual con-
trol. When conducting research using digital meth-
ods this could manifest in lack of system monitoring
and lower likelihood of detecting errors in system
output. Alexander et al. (2018) measured neuro-
physiologic responses of participants while decid-
ing whether to trust an imperfect ‘helper algorithm’.
Results showed that information representing how
many peers had chosen to adopt the algorithm was
more influential in participants’ decisions than pro-
viding more detailed information about the accuracy
of the system. Participants who were given neither
social nor accuracy information showed lower cog-
nitive engagement throughout the task. This finding
reveals potential automation complacency as it sug-
gests that participants did not monitor the algorithm
when there was no information provided despite
this being the riskiest context.

3. Positionality of the System

In this section we consider the positionality of LLMs.
We see the views encoded in their design and train-

ing data as denoting their position. The hype, fram-
ing and presentation of chat based LLMs make it
all the more difficult to remember that "our digital
helpers are full of ‘theory’ and ‘judgement™ (Rieder
and Roéhle, 2012, p.70). As such, this contribu-
tion is an important part of evaluating the use of
LLMs in DSSH. The factors related to the system
discussed in this section are operationalized as
system level factors and are shown in red in Figure
1. The make up of the training data of LLMs can be
evaluated using methods of source criticism and
the mechanisms at work within the LLM can be
viewed through the lens of tool criticism. Under-
standing the principles behind systems can enable
users to critically engage with tools on a theoretical
level, even if they are not technically literate enough
to understand the specifics of the code used to im-
plement the tool (van Es et al., 2018). We thus first
provide a high level explanation of the principles at
play in the system design of LLMs.

3.1.

The goal of creating generative LLMs was not to
provide an all-purpose system that can accurately
answer questions or provide advice. The goal was
to build a computational model that could produce
human-like text. The fact that LLMs’ text feels rele-
vant and coherent doesn’t make them trustworthy
(Shah and Bender, 2022), it makes them convinc-
ing mimics (Bender et al., 2021). LLM output is
designed to seem appropriate not to be accurate
(Townsen Hicks et al., 2024), this is particularly an
issue considering that many people use models to
generate output that they are uncertain of, for ex-
ample using an LLM to write code to use a package
that they are unfamiliar with. The LLM will produce
code that looks correct, and the user is not familiar
enough with the package to easily spot potential
errors.

Townsen Hicks et al. (2024) provide a clear
overview of the goals and mechanisms of gen-
erative LLMs using the term bullshit to describe
the truth agnostic but probable seeming nature of
system output. Townsen Hicks et al. define bull-
shit as "[a]ny utterance produced where a speaker
has indifference towards the truth of the utterance”
(Townsen Hicks et al., 2024, p.38). An example
of human bullshit might be a student who did not
complete the pre-reading for a class and is not will-
ing to admit so when called on to speak during a
discussion. The student may say something that
seems probable given the previous contributions to
the discussion. They choose their statement with
no regard for whether it is true, but merely based
on their experience from similar situations. This
analogy conceptualizes the general mechanism at
work when LLMs generate text.

The basic concept behind how LLMs are trained

System Design
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is through next word prediction, the task of providing
a probable word to fill a slot based on the previous
text. In order to generate probabilities and find likely
words the LLM constructs a large statistical model
based on a vast amount of text which is provided
during training. In our analogy, the training data is
our ill-prepared student’s previous experience of
academic discussions. If at their previous institu-
tion all academic discussions were conducted in
an aggressive adversarial style and their new in-
stitution prefers calm respectful interactions, then
their statistical model of interactions in this context
will not allow them to choose a statement that fits
the discussion at hand, instead prompting them to
potentially offend their interlocutors. The content of
the training data constrains the possible behaviors
of the LLM, as such the decisions of what to include
in training data have a very strong influence on the
type of model that is created.

For models with chat capabilities, fine-tuning is
performed to align the responses of the model to
what users expect for a given prompt. The main
methodology used for this is instruction fine-tuning
followed by preference alignment using reinforce-
ment learning through human feedback (RLHF).
This is necessary as the language modeling ob-
jective is different from the objective of following
a user’s instructions in a helpful and safe manner
(Ouyang et al., 2022). Instruction fine-tuning is the
step of training the model in the structure of ques-
tions and answers. During this stage the LLM is ex-
posed to a large number of example questions and
replies. Preference alignment is then performed in
order to train the model to produce output which
aligns more closely with what users want. The pro-
cess of RLHF starts with human labelers who are
asked to rank several system outputs for the same
prompt. A reward model is then trained on these
rankings to predict which output human labelers
prefer. The reward model is then used as a function
of the LLM to incentivize model behavior that aligns
more closely with the human labelers’ preference
(Ouyang et al., 2022).

3.2. Structural Bias

We use the term structural bias to refer to biases
introduced into the system via the design process,
for example through the choice of task formulation,
metrics, and training data (Liu, 2023; Hovy and
Prabhumoye, 2021). The impact of all of these
choices is often amplified through a lack of trans-
parency (Liu, 2023). Design choices are driven by
the views and values of the research community
that is developing these models. As such, it is im-
portant to consider the culture of machine learning
and natural language processing research. This is
another external factor influencing the interactions
between users and systems and is shown in orange

in Figure 1.

Results from Birhane et al.’s (2022) qualitative
analysis of 100 highly cited machine learning pa-
pers show that papers most frequently justify and
assess themselves based on performance, gen-
eralization, building on past work, quantitative evi-
dence, efficiency, and novelty. Birhane et al. high-
light how these values are often viewed as purely
technical, without consideration for how the dom-
inance or operationalization of these values can
quickly become political when they are pursued at
the expense of other more ethically informed consid-
erations. In a second analysis (Birhane et al., 2022)
also found that papers with corporate ties increased
by 34% in a ten year span. The breadth of compa-
nies represented in these ties also showed a shift,
with the presence of a small number of very large
tech firms increasing nearly fourfold. When con-
sidering university affiliations, Birhane et al. found
that 80% were from within the top 50 universities
by QS World University Rankings. The dominance
of a small number of elite universities and big tech
firms in publications is worrying as it may lead to a
homogenization of values and a centralization of
power within a small subset of the field.

One aspect of structural bias is task formulation.
This encompasses aspects of how the system’s
use is conceptualized and operationalized through
its problem definition, training objectives, and in-
terface design. The main training objective dur-
ing LLM pre-training is next word prediction (see
3.1). This objective allows the system to build a
strong model of distributional semantic properties
but also contributes to building biased representa-
tions. Hovy and Prabhumoye (2021) discuss how
this training objective in combination with large rel-
atively unfiltered training data takes a value neutral
stance on whether the most likely next word pre-
dicted by modeling the training data represents a
view or value that we wish the model to perpetuate.
Another potential issue relating to task formulation
is that LLMs are expected to always generate an
output, even when there is uncertainty in the model
or when training data is unable to provide adequate
information (Hovy and Prabhumoye, 2021). Priori-
tizing certain use cases can also cause structural
bias in the system. If an LLM is designed to cater
to specific demographics or industries, then it may
as a byproduct reinforce the biases of these groups
(Ferrara, 2023). The choice to release many LLMs
with chat interface is another form of structural bias,
as it shapes the ways in which users interact with
the system and potentially what they expect from it
(see 2).

LLMs are often evaluated by their ability to per-
form downstream tasks such as classification. The
choice of metrics used to measure and evaluate
the behavior of the system can introduce structural
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bias. Traditionally the field has used metrics such
as recall, precision, and F1 to evaluate systems,
but in order to build a full picture of the behavior
of the model metrics should take into account per-
formance across all diverse groups represented
in the data (Liu, 2023). Previous work has found
that by focusing on the robustness of model behav-
ior, researchers can gain more insight on perfor-
mance than through performance metrics alone,
while also providing safe guards against releas-
ing models which systematically under perform for
some groups (Hovy and Prabhumoye, 2021).

Concerning bias introduced by training data (see
3.1), previous work generally refers to the prob-
lem of unbalanced data in the training set as se-
lection bias (Hovy and Prabhumoye, 2021). The
consequences of unbalanced selection are more
broadly explored in 3.3. The process of fine-tuning
LLMs through RLHF may introduce structural bias
through the selection of the labelers themselves,
the examples they are annotating, and the annota-
tion schema they follow (Segaard et al., 2014).

The general bias towards English language is
well known. English is a relative outlier in its lin-
guistic specificity, and yet its dominance has meant
that approaches that work well for English have
become the default (Hovy and Prabhumoye, 2021).
Hovy and Prabhumoye state that it’s improbable
that n-gram based approaches would have become
a focus in the field if the predominant language was
morphologically complex. The underlying n-gram
concept is present in LLMs and influences the way
in which they represent input for all languages.

Liu (2023) posits that a lack of transparency in
LLMs also contributes to the structural bias of the
models. Using methods that are not easily inter-
pretable is a choice, and so is presenting models
to users as a black box. Section 2 covered in de-
tail how the lack of accessible information on a
system’s working can lead to incomplete mental
models and inappropriate system use.

3.3. Learned Bias

We use the term learned bias to refer to biases
introduced to the system during the training pro-
cess. Bias can be introduced in several ways in
this process: through the contents of the training
data, through fine-tuning procedures, and finally
through content moderation filters (Hartmann et al.,
2023).

Training data for LLMs is incomplete, imbalanced
and inaccurate as it mirrors human biases in its
collection and processing (Liu, 2023). Many of the
latest releases of proprietary LLMs do not share
details of the data that they are trained on (Lee et al.,
2023), with Achiam et al. (2023) stating that this is
due to competition and safety concerns. Despite
this, we do have more information about earlier

iterations of OpenAl models. Brown et al. (2020)
report that GPT-3, was trained on multiple datasets:
Common Crawl (unfiltered), WebText2, Books1,
Books2, and Wikipedia. This is a huge volume of
data, but the majority of it is internet based text.
The content is skewed towards the most salient
beliefs and cultures in online discourse (Kuntz and
Silva, 2023; Arora et al., 2023). The bias of this
content is affected by both the demographics of
the authors (Liu, 2023) and the groups that are the
topics of these discussions (Lee et al., 2023).

Concerning RLHF, Ouyang et al. (2022) stress
the importance of considering the methodology in-
volved in preference alignment as these choices
determine who we align to. They argue that for Ope-
nAl models three entities impact the model’s align-
ment: the labelers through their preferences, the
researchers through their instructions and demon-
strations to the labelers, and the OpenAl customers
who submit prompts to the OpenAl API Playground,
which is used to select training data. The results
of fine-tuning for better alignment showed improve-
ments in truthfulness and toxicity over GPT-3, but
not bias. Xiao et al. (2025) argue that RLHF as
a method suffers from inherent algorithmic bias
which in extreme cases could lead to preference
collapse in which minority preferences are ignored.
Mclntosh et al. (2024) second this view, concluding
that RLHF is often unable to represent a diverse
set of human values, aligning the model towards a
select group: those who are in control of the LLMs.
These insights show that even if we can ensure
diversity in the views of labelers, researchers and
customers, the mathematical operations that per-
form the alignment must also ensure that minority
views are maintained and not flattened.

Bias can also be reduced, introduced or rein-
forced by content moderation filters. Policy deci-
sions about what kinds of content should be mod-
erated and how are made by the teams behind the
models. The decision of which norms should be
encoded in models is complex (Ferrara, 2023). The
current concentration of power in Al as the domain
of a few high profile companies and institutions
(Birhane et al., 2022) means that these decisions
are generally being made by certain dominant de-
mographic groups without the input of others.

When bias is present in a model it can affect the
representation of groups in multiple ways as the
examples below illustrate. Several studies inves-
tigated gender based stereotyping in LLMs. Lucy
and Bamman (2021) tested story generation with
GPT-3, finding that the model exhibited many gen-
der stereotypes even when prompts did not contain
any explicit gender cues. Following this, Kotek et al.
(2023) found that when assigning careers to pro-
nouns, LLMs are 3-6 times more likely to choose a
gender stereotyped occupation. This bias is more
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pronounced than in human perceptions. Model
output can thus aggravate the existing difference
between perception and ground truth.

Atwell et al. (2025) show consistently lower
agreement between model and human judgments
on projectivity of clausal complements when the
subject of the clause is female. When prompted
with ‘X debated that a particular thing happened.
Did that thing happen?’, the model correctly an-
swered ‘maybe or maybe not’ when X’ was ‘some-
one’ or ‘a man’, but incorrectly answered ‘no’ when
‘X’ was ‘a woman’. This behavior did not align with
human judgments for the same prompts. This may
be a consequence of under-representation of texts
written by women in the model training data (Atwell
et al., 2025), as Kuntz and Silva 2023 estimate that
only around 26.5% of the GPT-3’s training data was
composed by women.

Using GPT-2, Sheng et al. (2019) found nega-
tive associations of ‘black’, ‘man’, and ‘gay’ demo-
graphics with contexts relating to respect, as well
as negative associations of ‘black’, ‘woman’, and
‘gay’ demographics related to occupation. Cheng
et al. (2023) investigated biases in GPT-3.5 and
GPT-4 by prompting the models to generate per-
sonas with different demographic characteristics.
Results showed "higher rates of racial stereotypes
than human-written portrayals" (Cheng et al., 2023,
p.1504). When contrasting the terms which most
characterized the content of descriptions for non-
white non-male personas in comparison to white
male personas, patterns of othering and exoticizing
were found in the model output.

Nguyen et al. (2025) performed qualitative anal-
ysis of LLM generated narratives where one char-
acter was framed as American and another as
originating from a country in the ‘global south’.
Their research found persistent colonial stereo-
types. The characters originating from the ‘global
south’ were depicted as intellectually inferior and
undesirable compared to American characters who
were depicted as culturally and hierarchically su-
perior. Characters described as originating from
Mexico and China were more likely to be shown in
servitude. Narayanan Venkit et al. (2023) found
prejudices against certain countries. Specifically,
countries with lower representation online tended
to have lower sentiment scores, with the model
perhaps mimicking the view of these countries pre-
sented by internet users of different nationalities as
opposed to relying on actual representations.

Results from Lee et al. (2023) "find that LLMs
portray African, Asian, and Hispanic Americans as
more homogeneous than White Americans" (Lee
et al., 2023, p.1). This may be due to a richer rep-
resentation of white individuals in the training data
of LLMs, giving the model access to more varied
examples for this group. This may be compounded
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by potentially stereotypical representations of other
groups in the training data, leading to a smaller and
narrower pool of representations for these groups.

Work from Li et al. (2024) showed that geo-
policital biases in LLMs can be uncovered by
prompting the model to discuss disputed territories
in different languages. With the model express-
ing the beliefs about ownership of land which most
closely align with the cultural connotations of the
language it was prompted in. Nguyen et al. further
uncover that LLMs systematically omit to mention
some under-represented countries from the ‘global
south’ in their output, with African nations being
affected most severely by this behavior.

LLMs have been shown to encode biases against
specific religious groups (Abid et al., 2021). Abid
et al. (2021) found strong and consistent associa-
tions between Muslims and violence in the repre-
sentations of GPT-3. The term ‘Muslim’ was analo-
gized to ‘terrorist’ in 23% of cases.

As well as producing stereotyped associations,
the biases encoded in LLMs can lead to other
less obvious behaviors. For example, lower perfor-
mance on certain topics may lead to consistently
sub-par performance for some groups of users.
This produces bias in the accessibility of systems
and is not visible for the affected parties as it is only
apparent in comparison to performance for others.

Prior research has also aimed to characterize
and align the values of LLMs. We use the term ‘val-
ues’ to describe interconnected systems of biases
and beliefs encoded in models. Munker (2025)
show significant differences between Al and human
moral intuitions, finding that models homogenize
moral diversity. The results highlight systematically
better representation of Western vs non-Western
cultural contexts, as models struggled to represent
the belief structures of under-represented groups in
the training data. This finding suggests that current
models should not be trusted to generate accurate
culturally diverse synthetic populations. Work from
Arora et al. (2023) corroborate this finding, detect-
ing some differences in value representations of
different cultures from model output, but concluding
that these trends only weakly align with actual data
from these cultures as recorded by value surveys.

Results from Durmus et al. (2023) show that the
opinions and dominant values encoded in LLMs
most closely resemble those of the USA, Europe
and South American countries. When models
were prompted to highlight perspectives from under-
represented countries responses give opinions
more similar to the target group but also show
harmful stereotypes. Work has also shown that
ChatGPT generally takes a left libertarian political
standpoint (Hartmann et al., 2023; Santurkar et al.,
2023). Research from Johnson et al. (2022) tests
the reaction of GPT-3 to several documents in order



to expose the cultural values included in the model.
Results show that the model aligns most closely
to American value systems, associating firearms
discussions with loss of rights, putting feminism at
odds with equality, showing pro-life stances on abor-
tion, as well as conflicts with different perspectives
on immigration and secularism. These findings
lead the authors to conclude that "the ‘ghost in the
machine’[...] just may have an American accent"
(Johnson et al., 2022, p.8).

The idea of using personas to steer the value rep-
resentations present in LLM output to better repre-
sent a target group has received some enthusiasm.
Sommerauer et al. (2025) investigate personas in
LLM prompts by measuring linguistic abstraction
as a marker of stereotyping. All LLM generated
texts in the study showed a level of abstraction
associated with stereotyped biased descriptions,
and use of persona prompting did not meaning-
fully change the levels of abstraction in responses.
These findings highlight the prevalence of the gen-
eralizing descriptive behavior of LLMs and raise
concerns that using personas could be damaging
in that the method seemingly evokes the voice of
an under-represented or marginalized group, while
continuing to produce stereotypically abstract de-
scriptions. Results from Minker (2025) corrobo-
rate these findings, showing responses were often
statistically indistinguishable. This suggests that
the differences found in responses during persona
prompting are at a surface level, with the underlying
values of the model remaining unchanged across
responses (Munker, 2025).

4. Affects on DSSH Research

Biased systems can still be useful as long as their
limitations are taken into account (Ferrara, 2023)
and LLMs can undoubtedly provide valuable new
methods for DSSH research. Research has shown
that LLMs perform very well across multiple task
types (Hagos et al., 2024), with clear jumps in state
of the art performance since the implementations of
the first transformer based models such as BERT.

As discussed in 1 the upward arrows in Fig-
ure 1 show that as users of automated systems
we are able to influence system external factors by
changing our mental models, beliefs about system
capabilities, and behavior during system interac-
tions. An effective way to influence these factors is
through strong and clearly communicated evalua-
tion of the behavior of LLMs in research contexts.
This way, the community can disambiguate the gen-
uine capabilities and usefulness of LLMs for the
field from the general hype around these models.
In light of the bias discussed throughout this paper,
we advocate for evaluation methodologies which
consider the robustness of models’ outputs across

all diverse groups represented in data (see 3.2).

The accessibility of chat based LLMs is a key
strength, as they may be useful for initial or ex-
ploratory research by SSH researchers without
strong coding skills. Tools for downstream tasks
that LLMs are often used for have been around for
many decades, with research considering different
implementations. We argue that in order to lessen
issues with both bias and interpretability, collabora-
tion with more technically trained colleagues may
be necessary after these first exploratory steps,
and that using alternative tools and methods for
these tasks is sometimes more appropriate.

Considering alternatives to large general models
is also an effective way to influence the interac-
tions shown in Figure 1, as moving the focus of
the field away from a single model type has the
potential to impact both the values of the technical
research community and the presentations of sys-
tems in publications. Large general models do not
always provide the best performance on SSH data.
Previous DSSH research has shown that smaller
domain adapted or scratch trained models using
BERT style architectures can outperform prompting
and finetuning approaches with larger general mod-
els even with relatively small amounts of labeled
data (Verkijk et al., 2025; Bosley et al., 2023).

It is potentially impossible to remove all biases
from pretrained models (Waseem et al., 2021). We
posit that research exposing biases is integral, and
that reflection on how specific biases interact with
the data and research questions of a research
project is a necessary step in the study design
process. In Sections 1, 2 and 3 we laid out our
argument for the use of reflections on positionality,
source criticism and tool criticism in the reflexive
use of LLMSs, a contribution to the field at large that
DSSH is uniquely positioned to make (Rieder and
Roéhle, 2012; van Es et al., 2018).

5. Conclusion

This paper hopes to highlight that through the re-
flexive approaches of source criticism, tool criti-
cism, and consideration of positionality DSSH re-
searchers have the necessary skills and opportu-
nity to be on the front lines of situated and method-
ologically sound research using LLMs. We present
a model of factors and interactions affecting the
use of LLMs in DSSH research to illustrate the in-
terrelatedness of the issues at hand and argue that
changes on the user level prompted by reflective
practices and clear reporting of system evaluations
provide researchers the influence needed to affect
the larger system of factors at play in research with
LLMs.
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