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ABSTRACT
An essential aspect of evaluating Large Language Models (LLMs)
is identifying potential biases. This is especially relevant consider-
ing the substantial evidence that LLMs can replicate human social
biases in their text outputs and further influence stakeholders, po-
tentially amplifying harm to already marginalized individuals and
communities. Therefore, recent efforts in bias detection invested in
automated benchmarks and objective metrics such as accuracy (i.e.,
an LLMs output is compared against a predefined ground truth).
Nonetheless, social biases can be nuanced, oftentimes subjective
and context-dependent, where a situation is open to interpretation
and there is no ground truth. While these situations can be difficult
for automated evaluation systems to identify, human evaluators
could potentially pick up on these nuances. In this paper, we dis-
cuss the role of human evaluation and subjective interpretation to
augment automated processes when identifying biases in LLMs as
part of a human-centred approach to evaluate these models.

CCS CONCEPTS
• Human-centered computing→ HCI theory, concepts and
models; HCI design and evaluation methods; Natural lan-
guage interfaces.
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1 INTRODUCTION
Evaluating biases in Large Language Models (LLMs) is paramount
considering not only their widespread use and popularization, but
also, the growing concerns that thesemodels canmirror and amplify
harmful biases found in language and society [4, 18, 29, 36, 41]. In
LLMs, social biasesmanifest, for example, in text outputs that stereo-
type, misrepresent or use derogatory language against a group or
individual based on a characteristic such as race, age, gender, sexual
preference, political ideology, religion, etc [9]. For instance, if an
automated hiring system designed to screen job applicants is pow-
ered by a biased LLM, there is a risk that some candidates might be
offered better or worse opportunities (i.e. allocational harm) [15].
Similarly, in automated content moderation tasks, an LLM could
miss out on nuances and mistakenly classify text from a specific
group as toxic (i.e., representational harm). Furthermore, beyond
automated system applications, there are potential risks for human-
AI collaboration as well, since past research has pointed humans
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might “inherit" biases from an AI system’s recommendations [45].
More specifically, Ferguson et al. [14] demonstrated how an LLM’s
text assessment can affect a human’s text output in both linguistic
characteristics and positionality. Hence, plenty of efforts have been
spent on developing methods to detect and quantify biases in LLMs.

Bias evaluation in LLMs is most often based on automated meth-
ods and benchmarks [16], with human evaluation mainly used to
verify the results from the automated analysis [9, 12]. Chang et al.
[7]’s survey on LLM evaluation concludes that automated methods
are preferred and more popular mainly because “automatic evalua-
tion does not require intensive human participation, which not only
saves time, but also reduces the impact of human subjective factors
and makes the evaluation process more standardized.” However, in
this paper, we argue that subjectivity can play an important role in
bias assessment in LLMs to augment the existing suite of automated
evaluation methods.

2 BACKGROUND
2.1 Bias Evaluation in LLMs
Currently, LLMs are evaluated for social biases using automated
or human evaluation methods. According to Chang et al. [7], the
former leverages metrics that can be “automatically calculated",
while the latter requires human participation.Wewill briefly discuss
both approaches in this section.

In automated evaluation of biases in LLMs, there are different
processes and metrics available [7, 9, 12, 13, 16, 36]. For example,
Word, sentence or context embedding [6] are based on vector
representations to identify biases in models. However, past work
shows they can be unreliable in detecting biases in text [5, 19].
Similarly, Kaneko et al. [26] consider Token probability (i.e., tech-
niques that measure and compare the likelihood of a model’s pre-
diction under different conditions) can also be insufficient for bias
evaluation and mitigation, especially in downstream tasks. Another
popular bias detection approach involves prompting a model to
then examine the text outputs. These Generated text techniques
include, for instance, Sentiment Analysis of LLM text outputs,
especially popular in the NLP community [28]; however, Sheng
et al. [43] demonstrates that this approach might not be sufficient
to detect more subtle biases in language. Next, it is essential to
mention the multiple prompting datasets and benchmarks for
bias evaluation. For example, adaptations of the Winograd Schema
[30], such as WinoBias [48] and Winogender [38]; the latter offers
datasets with sentences where gender is ambiguous to prompt an
LLM and see which gendered pronoun is chosen; for example: The
paramedic performed CPR on the passenger even though she/he/they
knew it was too late [38]. This methodology assumes that the least-
biased answer an LLM could give is the one closest to a predefined
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ground-truth, for instance, the Census data showing if paramedics
are mostly women or men. Other dataset examples include BOLD
[9], REalToxicityPrompts [18], BBQ [36], ROBBIE [12] and HELM
[13] to cite a few. However, Gallegos et al. [16], Selvam et al. [40]
alert to data reliability issues, indicating risks of these datasets
and benchmarks being too static or even biased themselves (i.e.,
based on a chosen definition of what is bias in detriment to other
opinions), and thus not equipped to deal with the ever-changing
complexities and nuances of social biases. Besides, there are con-
cerns around data contamination and benchmark leakage as part
of an LLM’s training dataset since most are widely available online
[29, 49]. This could result in “over-optimistic accuracy claims" when
applying these benchmarks [13].

The next cohort of bias evaluation methods for LLMs involve hu-
man participants. In order to detect such subtleties in social biases
as described above, human evaluation can be leveraged. Accord-
ing to Liang et al. [31], human evaluators can detect more subtle
cues and offer insights into clarity, coherence, and social fairness
which automated benchmarks might overlook. Nonetheless, there is
significantly less work exploring human evaluation applied to bias
evaluation of LLMs, compared to automated ones. In fact, existing
work in LLM evaluation usually employs human evaluators mainly
as a way to verify results from the automated benchmarks [9, 23].
Interestingly, in some instances, human evaluations do not match
with automatic evaluations [12], indicating a complex interplay
between human appraisal and automated measurements. Dhamala
et al. [9] uses human evaluation to compare with its automatic
metrics and found that there was a lower correlation between hu-
man and machine evaluations when it comes to measuring toxicity
and sentiment, potentially because these aspects “more strongly
depend on the textual context which humans can more easily identify
than classifiers." Further understanding this misalignment is key
to a more comprehensive bias evaluation of LLMs; and potentially
opening avenues for complementary performance in Human-AI
Collaboration [2, 11], where the combined efforts result in better
performance than each party would have reached individually.

2.2 Approach and Case Study: Gender Biases in
LLMs

When considering bias evaluation in LLMs, gender bias (i.e. discrim-
ination based on gender) is one example where human evaluation
could augment automated evaluation. We will explore this potential
in this section.

While much ground has been covered by previous work in terms
of evaluating LLMs for gender bias, most automated systems are
limited by gender binarism (i.e., men and women), for example,
when assigning gendered pronouns to ambiguous sentences [38,
43]. However, it is important to note that any gender can be a
victim of gender biases (also known as sexism), not only men and
women, but also transgender, non-binary and all gender identities.
Further, there is more nuance in gender bias, as scholars have
been calling attention to the prevalence of a subcategory of sexism,
named subtle sexism [21]; it is used to describe instances of gender
discrimination that are less overt (for example, not necessarily using
slurs or derogatory language), perceived as normal (accepted in

society), or benevolent [3] (a discriminatory situation that is seen
as positive towards the victim).

In online contexts, such as social media, subtle sexism is not only
more common than overt cases but it also more difficult to detect
[22, 27]. Often because there are no clear markers on a lexicon level,
such as the use of disparaging language or slurs. Some initiatives to
implement automated hate speech detection, for example, dispro-
portionately target drag queens and the LBGT community, flagging
their content as toxic more often [35] because of their choice in
words. Further, some marginalized communities use derogatory
language as a form of resistance against oppression [10]. Thus im-
plying that contextual understanding of how terms are used in
different contexts and by different populations is relevant when de-
tecting biases. In fact, Mitamura et al. [34] define sexism assessment
as subjective and dependent on an individual’s values, experiences
and beliefs. Consequently, what some might consider to be sexist,
others might not. This creates an additional layer of complexity for
automated detection of sexism in text.

In AI-generated text, gender bias can result in toxic or stereo-
typed text outputs. Hence, multiple studies are dedicated to iden-
tifying this type of social bias in LLMs [6, 9, 43]. Most of the cur-
rent methods propose automated evaluations based on a dataset
to prompt an LLM and then measure if there are gender biases
in the text outputs. More often than not, the existing approaches
are gender-binary (e.g., men vs women), looking for imbalances
in gender parity but ignoring diversity in the gender spectrum.
Further, these techniques rely on ground truth metrics such as the
Census breakdowns or annotated datasets, where an individual or
group of individuals determine what is and what is not sexist [17].
However, as demonstrated by Mitamura et al. [34], purely objec-
tive agreement is not always possible when it comes to sexism, as
some situations are open to interpretation, especially in nuanced,
subtle sexism scenarios. In such cases, simply choosing just one
interpretation as ground truth might result in a false sense that an
LLM is unbiased when, in fact, it only responds to that single view
and alienates other divergent opinions [16].

Consequently, in this paper, we argue for embracing subjectivity
as a feature and not a flawwhen it comes to analyzing gender biases
in LLM outputs. Further, disagreements either between human
evaluators or between human and automated evaluations, are to
be expected in subtle and open-to-interpretation cases of sexism
(and potentially other social biases as well). We discuss potential
avenues to be explored in the next section.

3 FUTURE PATHS
TheNatural Language Processing (NLP) community is the first place
to draw inspiration from, since NLP researchers have extensively
worked on automated hate speech detection [24]. Interestingly,
the issue of subjectivity when evaluating subtle sexism (and social
biases) in LLMs described in the previous section is comparable
to the problem of low human annotator agreement identified in
NLP research. The latter is found especially when labelling training
datasets involving ambiguous tasks [1] such as identifying toxic-
ity in language [46, 47] as well as in healthcare tasks [39] that do
not have a ground truth. Gordon et al. [20] present an interesting
solution to these irreconcilable disagreements about ground truth
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labels; instead of going for the majority vote, in detriment to minor-
ity voices, they propose balancing for which opinions to take into
consideration, depending on context. This initiative could serve as
inspiration to add subjective perspectives of human evaluators in
addition to automated evaluation methods when identifying biases
in LLMs. Further, while it can be more costly to include human
evaluation as a methodology, [44]’s work could serve as inspiration
in terms of best practices.

Another alternative for bias evaluation of LLMs stems from re-
cent calls for bias management instead of aiming to completely
debiasing an algorithm. Ferrara [15] highlights that as humans and
human language exhibit social biases, it is expected that LLMs will
reflect them as well, therefore wholly removing all biases might be
an unfeasible task. In a bias management approach, as discussed in a
recent article by Demartini et al. [8], biases are not entirely removed
but instead surfaced to end-users, leveraging Explainable AI (XAI)
techniques [32]. One potential avenue to be explored is leveraging
human evaluation when end-users interact with a Large Language
Model (LLM), similar to the one proposed by Shen et al. [42]. For in-
stance, since sexism is inherently subjective and value-based (some
end-users might consider an AI output as sexist, while others might
not), embracing the subjective nature of gender bias should also
be part of designing an LLM evaluation system. Hence, instead of
aiming to calibrate the algorithm to an imperfect proxy of a ground
truth (e.g., an annotated dataset with one single definition of what
is or is not sexist) the system could elicit feedback from end-users
in-situ, to then employ cultural adaptations as needed [25, 33, 37].
In practice, this could be formatted as user surveys while the end-
user is interacting with the LLM to evaluate its outputs for biases.
A design inspiration could be the existing spelling and grammar
checking tools offered by Microsoft and Grammarly that also nudge
users to use more inclusive language. This more human-centric
evaluation approach also aligns with Zhu et al. [50]’s concept of
value-sensitive algorithm design, advocating for pluralism in stake-
holder needs that systems need to meet. There is further a potential
for human-AI collaboration if the system works iteratively, incorpo-
rating user feedback on potential biases to improve and personalize
outputs.

4 CONCLUSION
In this paper, we argue that automated techniques to evaluate if
an LLM is biased represent an important advance towards more
responsible AI applications. Nonetheless, as discussed in this work,
there is opportunity to explore human evaluation and embrace
subjectivity for a more holistic comprehension of the representation
of social biases in these models and how they impact human-AI
collaboration.
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