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Abstract
Large Language Models (LLMs) are trained
on extensive web corpora, which enable them
to understand and generate human-like text.
However, this training process also results in
inherent biases within the models. These bi-
ases arise from web data’s diverse and often un-
curated nature, containing various stereotypes
and prejudices. Previous works on debiasing
models rely on benchmark datasets to measure
their method’s performance. However, these
datasets suffer from several pitfalls due to the
highly subjective understanding of bias, high-
lighting a critical need for contextual explo-
ration. We propose understanding the context
of inputs by considering the diverse situations
in which they may arise. Our contribution is
two-fold: (i) we augment 2,291 stereotyped
statements from two existing bias-benchmark
datasets with points for adding context; (ii) we
develop the Context-Oriented Bias Indicator
and Assessment Score (COBIAS) to assess a
statement’s contextual reliability in measuring
bias. Our metric aligns with human judgment
on contextual reliability of statements (Spear-
man’s 𝜌 = 0.65, 𝑝 = 3.4 ∗ 10−60) and can be
used to create reliable datasets, which would
assist bias mitigation works. Our data and code
are publicly available.1

Warning: Some examples in this paper may be
offensive or upsetting.

1 Introduction

Bias in computer systems has been a research topic
for over 35 years (Lowry and Macpherson, 1988;
Friedman and Nissenbaum, 1993, 1996; Skitka
et al., 1999). While there has been considerable
progress since then, achieving complete mitigation
of bias is complex. In Natural Language Process-
ing (NLP), we attribute this to the influence of con-
text on determining bias. For instance, a statement

*Work does not relate to position at Amazon.
1https://github.com/priyanshul-govil/cobias

Figure 1: A conversation on OpenAI’s ChatGPT (GPT-3.5)
platform (https://chat.openai.com). ChatGPT employs
content moderation and does not respond thinking that the
user is discriminating. However, a scenario exists where the
user might merely be presenting information about himself.
An ideal model must consider such contextual possibilities.
The outputs are summarized for depiction.

about men being better than women at physical
labor manifests as a gender bias in employment
settings, yet it can be interpreted as a neutral obser-
vation during discussions on biological differences.
However, research works in NLP lack such contex-
tual considerations when assessing bias.

In 2016, Microsoft’s Tay learned social stereo-
types and biases from Twitter, which resulted in
Microsoft shutting down the project (Lee, 2016).
Recently, Delphi, an AI framework built on the T5-
11B architecture to reason about moral and ethical
judgments, was shown to provide biased responses
due to its crowdsourced training data, which con-
tained more than just moral judgments (Jiang et al.,
2021; Talat et al., 2021). This is also evident in
other Large Language Models (LLMs), which are
trained on publicly available corpora; these cor-
pora inherently contain human biases which the
LLMs learn and propagate subsequently (Feng
et al., 2023; Sap et al., 2021; Dhamala et al., 2021).

In tandem with these developments, prior stud-
ies concentrate on alleviating these biases by de-
veloping methods to debias LLMs (Deng et al.,
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2023; Garrido-Muñoz et al., 2021). These debi-
asing works rely on bias-benchmark datasets to
quantify the performance of their methods. How-
ever, Blodgett et al. (2021) show that existing bias-
benchmark datasets suffer from pitfalls such as
meaningless stereotypes, misaligned stereotypes,
and the absence of relevant aspects (context) of the
stereotypes they try to present. Despite this, current
works continue to use these datasets due to the lack
of better methods (e.g., Woo et al. (2023); Sun et al.
(2024); Biderman et al. (2023)).

To address this research gap, we propose that
context—or the lack thereof—is a significant factor
in the quality of such datasets. For these datasets
to be contextually reliable measures of model bias,
they must ensure that the data points contain suffi-
cient context. We propose the disambiguation of
biased statements by considering the possible con-
texts in which they could appear. This would help
LLM systems safely navigate towards more rele-
vant outputs. A contextual consideration will also
result in better datasets for bias detection, which
would positively influence the confidence in bias
mitigation in LLMs. For a more detailed insight
into the relevance of context, see Appendix A.

We present a novel approach to assess the quality
of bias-benchmark datasets. Our contribution is
two-fold:

1. Dataset Creation: We construct a dataset of
stereotyped statements augmented with fill-in-
blanks, referred to as context-addition points.
This dataset is created through a multi-step
process involving expert annotations, genera-
tions by a fine-tuned gpt-3.5-turbo model,2

and human verifications.
2. Metric Development: We introduce the

Context-Oriented Bias Indicator and Assess-
ment Score (COBIAS), a quantitative measure
designed to evaluate a statement’s contextual
reliability in assessing bias. COBIAS consid-
ers the possible contexts in which a statement
could appear, providing a thorough assess-
ment of its suitability for bias measurement.

To the best of our knowledge, no existing
quantitative measures address the quality of bias-
benchmark datasets. Our work fills this gap by
proposing a systematic approach to assess the con-
textual reliability of statements used in bias mea-
surement. We believe that our work would fit as

2https://platform.openai.com/docs/models/gpt-3-5-turbo

part of a larger framework aimed at improving bias
awareness in LLMs.

Findings Our results confirm a significant align-
ment of COBIAS scores with human judgment on
the presence of context in statements (𝑝 = 3.4 ∗
10−60). Interestingly, we observe that our metric is
invariant to the size of the model used. Our eval-
uations revealed that datasets from CrowS-Pairs
(Nangia et al., 2020) and WinoGender (Rudinger
et al., 2018) have significantly lower contextual re-
liability than other bias benchmarks. We also find
that a dataset curated from Reddit3 (Barikeri et al.,
2021) has high contextual reliability, likely due to
the verbose nature of Reddit users.

2 Related Work

2.1 Contextual Exploration

The significance of context in toxicity-focused stud-
ies has long been acknowledged (Weld et al., 2021;
Gao and Huang, 2017; Xenos et al., 2021; Ste-
fanidis et al., 2006). Gao and Huang (2017) show
that context is helpful in enhancing hate speech
detection algorithms. Xenos et al. (2021) show
that perceived toxicity is context-dependent and
propose context-sensitivity estimation as a task to
enhance toxicity detection. Stefanidis et al. (2006)
uses metadata (user identity, submission time, etc.)
as context to understand user preferences, and Baw-
den (2017) uses context for machine translation of
speech-like texts. While these works highlight the
importance of context in specific tasks, there still
exists a lack of context-oriented studies in the field
of bias.

A limitation of prior works in context explo-
ration is that they rely on a single pre-existing con-
text. This is despite the fact that a statement may
fit into several relevant contexts (Zhou et al., 2023).
One solution to this is to retrieve multiple contexts
from external knowledge sources (Li et al., 2022).
However, recent advances in LLMs have enabled
them to act as knowledge bases themselves (Petroni
et al., 2019). While using LLMs to add various con-
texts to a sentence seems feasible, they often cannot
pinpoint optimal points for context insertion (Lai
et al., 2020). To address this issue, we approach
context addition as a text editing task similar to
Malmi et al. (2022, 2019), and develop a dataset
of sentences with human-verified context-addition
points.

3https://www.reddit.com
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Figure 2: An overview of our pipeline used to assess the contextual reliability of a biased statement. We: (1) identify
context-addition points in a statement, (2) generate context-added versions of the statement, (3) score the contextual reliability of
the statement using our COBIAS metric, and (4) assess if the provided context is sufficient. In this example, it is evident that
the statement is made about specific women at a specific office. COBIAS score indicated that additional context was required to
evaluate the bias. However, in contrast, current guardrails assume the statement to be biased (see Appendix F for ChatGPT’s
response).

2.2 Benchmarking Bias

Existing works on mitigating LLM bias fall into
one of two major categories – debiasing (Schick
et al., 2021; Lauscher et al., 2020; Guo et al., 2022),
and benchmarking (Nangia et al., 2020; Nadeem
et al., 2020; Rudinger et al., 2018; Zhao et al., 2018;
Barikeri et al., 2021). Bias benchmarks are used by
debiasing works to assess their performance. How-
ever, due to the impact of various demographic
factors (Santy et al., 2023), there are no concrete
guidelines to detect bias reliably. Therefore, a sub-
set of existing works aim to map model behavior
onto a score that quantifies bias in LLMs through
relative comparison between sentence pairs. The
approaches used include pairs of different genders
for coreference resolution in WinoBias (Zhao et al.,
2018; Rudinger et al., 2018), stereotype versus
anti-stereotype pairs in CrowS-Pairs (Nangia et al.,
2020), and stereotype versus non-stereotype pairs
in StereoSet (Nadeem et al., 2020). These methods
work under the assumption that an unbiased model
would show similar behavior toward both sentences
in a pair. For instance, consider the following sen-
tence pair from the CrowS-Pairs dataset:4

Example 1.

• S1: Everyone knows that Jews can’t be
trusted.

4The data point was released by Nangia et al. (2020) and
is not intended to reflect the ongoing Israel-Hamas war (2023-
present). However, it is interesting to note that statements
can be perceived under different contexts at different points in
time, thereby making contextual considerations necessary.

• S2: Everyone knows that Christians can’t be
trusted.

These works hypothesize that a model that does
not show similar behavior for both these sentences
fails to do so due to the differing spans (here,
Jews/Christians) and, therefore, is biased on the
pertinent category (religion). However, in this data
point, various questions remain unanswered: When
can Jews/Christians not be trusted? What can they
not be trusted with? Is everyone referring to ev-
eryone in the world or a specific state? Such lack
of significant contextual information makes bias-
benchmark datasets unreliable judges of model be-
havior.

3 Dataset Creation

3.1 Motivation
To assess the impact of context on a statement,
we require a methodology that facilitates context-
addition in statements. To preserve the structure
of the statement, the context addition had to be
concise. However, as previously described (sec-
tion 2.1), existing context-addition methods were
unsuitable for our task. To address this, we de-
veloped a dataset of stereotyped statements with
context-addition points. The process involved data
collection and aggregation from two popular bias-
benchmark datasets, identification and generation
of context-addition points, and their verification
with human annotators. We release our dataset
consisting of the stereotyped statements with their
context-addition points.
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3.2 Data Generation

We started with an initial set of 3,614 data points
from CrowS-Pairs and StereoSet-intrasentence due
to their popularity. Identifying appropriate context-
addition points in stereotyped statements is chal-
lenging due to the sensitive nature of the topic and
potential quality issues with crowdsourced annota-
tions (Mohammad and Turney, 2013). To address
this, we consulted a linguist for guidance on 30
data points and leveraged the internal knowledge
of gpt-3.5-turbo by fine-tuning it to generate
context-addition points for the remaining data. Re-
cent successes in high-quality machine dataset cre-
ation support the viability of this method (West
et al., 2021; Kim et al., 2023; Liu et al., 2022).
The fine-tuned model generated context-addition
points, denoted by blanks, for the remaining data
(Figure 2). We used the default model parameters
of OpenAI’s API.5 See Appendix E for the prompt
template used for fine-tuning, and Appendix B.1
for further details about dataset collection and pre-
processing.

3.3 Human Verification

To validate the generated context-addition points,
we recruited human annotators. We formed a co-
hort of three individuals with diverse academic,
management, and computational linguistics back-
grounds. Their task was to assess if the context-
addition points generated by gpt-3.5-turbo were
suitable for adding context, set up as a binary clas-
sification task on LightTag (Perry, 2021). See Ap-
pendix G for the annotation guidelines.

Initially, we observed that 23.13% of the data
points had a perfect agreement among annotators.
Data points marked as suitable for context addi-
tion typically involved adding information about
the immediately surrounding entity. Conversely,
data points marked as unsuitable often exhibited
inconsistencies in the generation process or sen-
tence structure. Data points where only two out of
three annotators agreed were more subjective and
required careful consideration.

The initial inter-rater agreement, measured by
Fleiss’ 𝜅, was -0.08, suggesting no systematic
agreement and reinforcing the subjectivity of con-
text (Fleiss et al., 1981). However, further analysis
revealed systematic differences in the annotators’
understanding of what constitutes context. To ex-
plore these differences, we interviewed the annota-

5https://platform.openai.com/docs/overview

tors and brought in two additional annotators from
the Human-Computer Interaction (HCI) domain.

Between their annotations, the inter-rater agree-
ment, measured by Cohen’s 𝜅, was 0.71, indicat-
ing significant agreement (McHugh, 2012). This
agreement is attributed to the annotators’ shared
background in computer science. Due to the subjec-
tivity of the task, chance-adjusted measures were
not suitable for assessing quality. After removing
entries with missing data, we accepted 2,291 data
points (63.39% of the total) that had at least 66.67%
agreement into our final dataset and rejected the
others.

To provide a comprehensive understanding of
other intricate details and nuances encountered dur-
ing the validation process, we have included an
in-depth, step-by-step description of the entire vali-
dation process in Appendices B.2 and B.3.

4 Metric

As illustrated in Figure 2, our metric aims to evalu-
ate a statement’s contextual reliability. A statement
is considered contextually reliable if the addition
of context does not affect the model’s behavior.
Conversely, if context addition alters the model’s
behavior, it implies that the same biased informa-
tion can be presented in various ways. Therefore,
any change in the model’s behavior upon adding
context indicates the relevance of the added con-
text, and the absence of such context renders the
statement contextually unreliable.

4.1 Problem Formulation
We define 𝑥 to be the statement for which we want
to calculate a contextual reliability score, and the
set of words6 in 𝑥 to be 𝒲𝑥 . Further, we define
𝒳′ = {𝑥′1 , 𝑥′2 , . . . , 𝑥′𝑛} to be the set of 𝑛 context-
added versions of 𝑥. We define COBIAS(𝑥) as the
score of 𝑥 used to determine its contextual reliabil-
ity in measuring bias in LLMs. Our experimental
setup, including our selection of models, context
addition methods, choice of 𝑛, and other details, is
described in Section 5.

4.2 Statement Score
The LLM’s behavior must be quantified to assess
a model’s bias. We score each statement for the
likelihood of its occurrence. As transformer-based
masked language modeling aligns with linguistic

6Throughout this paper, we use the ‘word’ terminology
to build intuition. However, the actual tokenizers may not
tokenize statements into words.
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Figure 3: A visualization of calculating a statement’s score (𝜏). A statement is iterated over by masking one word at a time. At
each step, the log-likelihood of the statement is calculated. The log-likelihoods from all steps are aggregated and normalized by
the number of words to give 𝜏. Similarly, the original statement without the added context is also scored. 𝜏 provides the average
impact of a single word on the statement’s overall likelihood.

intuition (Lai et al., 2020), we estimate a state-
ment’s score as its pseudo-log likelihood (PLL) in
a masked language modeling setting (Salazar et al.,
2020).

Intuition The PLL scoring works in a manner
similar to an ablation study. By masking a specific
word within the statement, we compute the
log-likelihood to assess the influence of that word
on the overall likelihood of the statement. When
aggregated across all words, this scoring method
accounts for the impact of each word on the overall
likelihood of the statement.

As PLL and statement length are linearly related
(Salazar et al., 2020), we normalize using the num-
ber of words in the statement. This provides the
average impact of a single word. Since 𝑃𝐿𝐿 ∈
(−∞, 0], we consider its absolute value. We define
the score of a statement 𝑠, based on a set of model
parameters 𝜃 as,

𝜏(𝑠, 𝜃) =

������ 1
|𝒲𝑠 |

|𝒲𝑠 |∑
𝑖=1

logℙ(𝑤𝑖 ∈ 𝒲𝑠 | 𝒲𝑠 \ {𝑤𝑖}, 𝜃)

������
(1)

Here, ℙ denotes the probability function. We
provide a visual representation of how 𝜏 is calcu-
lated in Figure 3.

4.3 Context-Variance
For a statement to be contextually reliable, context
addition must not alter model behavior. Since the
PLL of a statement determines the average impact
of each word, the influence of the added context

should align with this established impact. If there
is any variation, it would suggest that the added
context has a greater significance, making the state-
ment contextually unreliable.

We propose that statement 𝑥 is a contextually
reliable measure of bias if there exists no possi-
bility that additional context alters model behav-
ior. This model behavior is defined as 𝜏(𝑥), so
𝜏(𝑥′),∀𝑥′ ∈ 𝒳′ should have minimal variation
from it (i.e., 𝜏(𝑥) ≈ 𝜏(𝑥′)). Therefore, we de-
fine the context-variance of statement 𝑥 as the per-
centage variance in the scores of its context-added
versions from the population mean 𝜏(𝑥). We ab-
stain from employing Bessel’s correction (Radzi-
will, 2017) due to assumed knowledge of the popu-
lation mean and, therefore, do not lose any degree
of freedom. We define the context-variance of 𝑥
as,

cv(𝑥) =
1
𝑛

∑𝑛
𝑖=1

(
𝜏(𝑥′

𝑖
) − 𝜏(𝑥)

)2

𝜏(𝑥) × 100 (2)

4.4 Context-Oriented Bias Indicator and
Assessment Score (COBIAS)

We propose context-variance as a measure of the
contextual reliability of a statement where cv → 0
indicates perfect reliability and cv → ∞ indicates
perfect unreliability. For the metric, we define
the following desiderata: (a) the metric must be
bounded in [0, 1]; and (b) the metric must invert
the scale of cv. That is, a higher score should indi-
cate better contextual reliability.

We employ a logarithmic transformation on cv
to invert its scale. We shift the domain by +1 to re-
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Model ↓ Temperature → 1.0 1.1 1.2 1.3 1.4 1.5

ED SScon SSrep ED SScon SSrep ED SScon SSrep ED SScon SSrep ED SScon SSrep ED SScon SSrep

gemma-1.1-2b-it 4.27 0.838 0.923 4.30 0.837 0.915 4.33 0.834 0.907 4.38 0.832 0.897 4.42 0.830 0.892 4.48 0.827 0.881
gemma-1.1-7b-it 6.01 0.755 0.917 5.99 0.756 0.912 5.99 0.755 0.906 5.98 0.755 0.900 6.00 0.753 0.891 6.00 0.751 0.884
gpt-3.5-turbo-instruct-0914 3.05 0.860 0.906 3.09 0.859 0.901 3.14 0.858 0.896 3.16 0.856 0.891 3.20 0.855 0.887 3.25 0.854 0.883
Meta-Llama-3-8B-Instruct 5.86 0.654 0.725 5.97 0.645 0.694 6.15 0.635 0.671 6.38 0.624 0.644 6.62 0.609 0.612 6.93 0.595 0.584
Mistral-7B-Instruct-v0.2 12.36 0.815 0.920 12.37 0.814 0.912 12.65 0.813 0.907 12.75 0.813 0.901 12.81 0.811 0.894 13.23 0.810 0.886
Mistral-7B-Instruct-v0.3 12.36 0.770 0.819 12.83 0.765 0.806 12.93 0.758 0.785 13.52 0.750 0.766 14.11 0.745 0.750 14.87 0.735 0.732
Phi-3-mini-4k-instruct 10.98 0.831 0.901 10.99 0.830 0.895 11.24 0.829 0.887 11.43 0.827 0.879 11.81 0.824 0.871 12.21 0.822 0.863
Phi-3-mini-128k-instruct 14.90 0.806 0.897 14.96 0.807 0.889 15.06 0.807 0.883 15.35 0.808 0.877 15.52 0.807 0.869 15.87 0.807 0.860

1.6 1.7 1.8 1.9 2.0

ED SScon SSrep ED SScon SSrep ED SScon SSrep ED SScon SSrep ED SScon SSrep

gpt-3.5-turbo-instruct-0914 3.27 0.852 0.878 3.30 0.851 0.876 3.32 0.850 0.873 3.32 0.848 0.872 3.36 0.849 0.871

Table 1: Evaluation of structural modifications (ED), quality of generated context (SScon), and repetitions (SSrep) across
different models during context generation. Lower values indicate better performance. SS values are shaded in gray for cases
where the corresponding ED exceeds 4.93 (40% of average words per sentence in our dataset).

strict the range to [0,∞), and then apply a M¥𝑜bius
transformation (McCullagh, 1996) to further re-
strict the range to [0, 1]. Our scoring function is
defined as,

COBIAS(𝑥) =
ln
(
1 + cv(𝑥)

)
ln
(
1 + cv(𝑥)

)
+ 1

(3)

5 Experimental Setup and Results

5.1 Context Generation

To ensure that the context-added versions of a state-
ment encompass different possible scenarios and
contexts, we ground our quantification of context
on semantic principles. Specifically, we employ
semantic textual similarity (STS) measures to eval-
uate the extent or amount of context added to the
original statement (Reimers and Gurevych, 2019).7

We prompted various instruct-models to gener-
ate context-added versions (𝑛 = 10) for statements
in our dataset using the context-addition points.
The prompting template is shown in Appendix E.
To evaluate the generated contexts, we employed:

1. Edit distance (ED): Number of word-level
insertions and deletions apart from context-
addition points. Lower ED is better for pre-
serving the original statement structure.

2. Mean STS between original statement (𝑥)
and context-added versions (𝑥′

𝑖
): SScon =

1
𝑛

∑𝑛
𝑖=1 STS(𝑥, 𝑥′

𝑖
). Lower SScon indicates

more distinct contexts from original state-
ment.

3. Mean pairwise STS between
context-added versions: SSrep =

2
𝑛∗(𝑛−1)

∑𝑛
𝑖=1

∑𝑛
𝑗=𝑖+1 STS(𝑥′

𝑖
, 𝑥′

𝑗
). Lower

7Variant all-MiniLM-L6-v2

SSrep suggests less repetitive and more varied
contexts.

STS → [0, 1] measures semantic textual
similarity, with 0 indicating no similarity
and 1 indicating perfect similarity. The
models used for generating context-added
data were: gemma-1.1 (2b, 7b-it) (Team
et al., 2024), gpt-3.5-turbo-instruct-0914
(Brown et al., 2020; Ouyang et al., 2022),
Meta-Llama-3-8B-Instruct (AI@Meta, 2024),
Mistral-7B-Instruct (v0.2, 0.3) (Jiang et al.,
2023), and Phi-3-mini (4k, 128k-instruct) (Abdin
et al., 2024). We utilized the HuggingFace library
to conduct our experiments (Wolf et al., 2019).

Model Temperature Temperature-based sam-
pling is a common approach to sampling-based
generation. It alters the probability distribution of
a model’s output, with temperature as a parameter
(Holtzman et al., 2019). We conducted experiments
with all models using different temperature values
(1.0 − 1.5 with 0.1 increments). Additionally, for
the gpt-3.5-turbo-instruct-0914 model, we
extended the temperature range to the maximum
possible value (1.0 − 2.0) following the analysis of
preliminary results, for further investigation.

The results are shown in Table 1. Increasing
the temperature parameter led to higher ED, indi-
cating models deviated from instructions and al-
tered the structure of statements. Despite rising
ED, SScon and SSrep decreased, suggesting struc-
tural edits shifted semantics. To maintain original
statement structure (average 12.32 words/sentence),
we analyzed models with ED < 4.93 (40% of
12.32). This retained gemma-1.1-2b-it (Gemma)
and gpt-3.5-turbo-instruct-0914 (GPT-3.5)
for context generation.
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Upon analysis, Gemma had lower SScon with
issues like incomplete sentences and random word
changes. In contrast, GPT-3.5 consistently made
grammatical corrections, aligning with its ability
to follow instructions (Katinskaia and Yangarber,
2024), evident in our context generation task. We
tested different temperatures for GPT-3.5’s context
generation: below 1.3 resulted in limited adjective
information, while 1.6 and higher led to insufficient
or repetitive contexts. Temperature 1.4 provided
comparable quality with slightly enhanced diver-
sity, prompting our choice of GPT-3.5 at this setting
for experimentation.

5.2 Model for calculating 𝜏

One of the key challenges was selecting an appro-
priate model for calculating the PLL scores for a
given statement. We experimented with various
masked-language models (MLMs) to observe their
performance, investigating three aspects that could
influence COBIAS scores: (1) model size impact,
(2) effect of training data, and (3) influence of ar-
chitectural differences.

The study was conducted on the entire range of
our dataset. The models evaluated included AL-
BERT (base, large, xlarge, xxlarge v2 variants),
BERT (base, large uncased), and DistilBERT (base-
uncased) trained on the same data (Lan et al., 2019;
Devlin et al., 2019; Sanh et al., 2020); RoBERTa
(base, large) trained on different data (Liu et al.,
2019); and Legal-BERT and ClinicalBERT trained
on domain-specific data (Chalkidis et al., 2020;
Wang et al., 2023).

Analyzing Spearman’s 𝜌 (Zar, 2005) for COBIAS
scores generated by different models revealed: in-
creasing model size (ALBERT; BERT; RoBERTa)
did not significantly impact COBIAS scores. Mod-
els trained on the same data (ALBERT, BERT, Dis-
tilBERT, RoBERTa) exhibited moderate-to-high
score correlation, indicating moderate architectural
influence when training data is consistent. How-
ever, domain-specific models did not correlate with
general models, implying models with the same
architecture but different training data do not pro-
duce correlated scores. The analysis of respective
scores is presented in Figure 4.

Based on these observations, we selected three
models for calculating the PLL scores as 𝜃1 :
bert-base-uncased, 𝜃2 : albert-base-v2, and
𝜃3 : roberta-base. We calculated the PLL score
of a given statement as the average score from all
three models (i.e., 𝜏(𝑠) = 1

3
∑3

𝑖=1 𝜏(𝑠, 𝜃𝑖)).

Figure 4: Correlation (Spearman’s 𝜌) heatmap of COBIAS
scores generated by different models. We observe that CO-
BIAS is invariant to an increase in model size (see 𝜌 between
ALBERT models), and is moderately influenced by the model
architecture (see 𝜌 between ALBERT, BERT, DistilBERT
models).

2 100
0.883

0.884

0.885

0.886

𝑛 = 35

𝑛

SS
re

p

Figure 5: SSrep vs. 𝑛. The diversity of context generations
increases gradually till 𝑛 = 35, around which it saturates.
Further increase in 𝑛 leads to repeated outputs.

5.3 Number of context-added versions of a
statement (𝑛)

While increasing the number of context-added ver-
sions of a statement enhances the possibility of
considering better contexts, it also risks models
generating repetitive outputs. To investigate this
trade-off, we analyzed the behavior of SSrep as the
number of context-added versions (𝑛) increased
for our model (gpt-3.5-turbo-instruct-0914,
temperature=1.4). This analysis was performed
on a randomly sampled 10% subset of our dataset,
with 𝑛 ranging from 2 to 100.

The analysis was conducted over 10 runs to ac-
count for randomness, and the scores were aver-
aged. The results are presented in Figure 5. We
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observed that when 𝑛 was low, SSrep exhibited
erratic behavior, but it decreased as 𝑛 increased
and stabilized at a minimum between 𝑛 = 32 and
𝑛 = 37, indicating that the model was generating
diverse contexts. However, upon further increasing
𝑛, the contexts started becoming repetitive, and we
observed a continuous increase in SSrep.

Based on these findings, we finalized 𝑛 = 35
as the number of context-added versions for our
experimentation, as it strikes a balance between
considering a sufficient number of diverse contexts
while minimizing repetitiveness.

5.4 Metric Validation
Using the above-described experimental setup, CO-
BIAS scores were calculated for our dataset. To
validate our metric, the authors of this work inde-
pendently annotated three sets of 500 statements,
which were randomly sampled from our dataset,
assessing the extent of context provided in each
statement. Each annotator rated statements on a
5-point Likert scale, and the scores were averaged
(Joshi et al., 2015). This data was used to assess the
alignment of COBIAS scores with human judgment.
We verified that the distribution of the randomly-
sampled subset (mean=0.615, sd=0.173) closely
mirrored that of the entire dataset (mean=0.620,
sd=0.168) (see Figure 6). To measure inter-
annotator agreement, we calculated Krippendorff’s
𝛼, suitable for handling ordinal data like Likert
scales and more than two raters (Krippendorff,
2011); as opposed to Fleiss’ 𝜅 which is for categor-
ical data. The obtained 𝛼 value of 0.18 indicated
slight agreement among annotators, highlighting
the highly subjective understanding of context.

Spearman’s rank correlation coefficient was cal-
culated to measure the association between the CO-
BIAS scores and the averaged human scores. The
obtained 𝜌 value of 0.65 was statistically signifi-
cant (𝑝 = 3.4 ∗ 10−60), suggesting a strong positive
correlation between the COBIAS scores and human
judgments on the presence of context.

5.5 Evaluation of existing bias-benchmarks
To understand the contextual reliability of existing
bias-benchmark datasets, we evaluated them using
our proposed COBIAS metric. We analyzed Wino-
Gender (Rudinger et al., 2018), WinoBias (Zhao
et al., 2018), RedditBias (Barikeri et al., 2021),
StereoSet (Nadeem et al., 2020), and CrowS-Pairs
(Nangia et al., 2020) (Table 2). For this evaluation,
we used the stereotyped or neutral statements from

Dataset COBIAS

WinoGender 0.578
WinoBias 0.606
CrowS-Pairs 0.569
StereoSet 0.654
RedditBias 0.762

Table 2: COBIAS scores
of existing bias-benchmarking
datasets, averaged across data
points. The lowest and highest
scores are underlined and bold-
faced, respectively. CrowS-
Pairs and StereoSet are evalu-
ated on the retained data points
in our dataset.

Figure 6: Original (O-D)
vs. Randomly Sampled
(RS-D) Distribution of CO-
BIAS scores for metric val-
idation. The two distribu-
tions are similar.

these datasets. Although we identified benchmark
datasets in languages other than English (e.g., Zhou
et al. (2022); Névéol et al. (2022)), we refrained
from their evaluation due to a lack of understanding
of these datasets and the required models.

Our analysis revealed that CrowS-Pairs had the
lowest contextual reliability according to COBIAS
scores. In contrast, RedditBias showed the highest
contextual reliability, followed by StereoSet. We
attribute the higher contextual reliability of Reddit-
Bias to the verbose nature of the Reddit community,
and that of StereoSet to the template-based strategy
employed in creating their dataset. This evalua-
tion highlights the varying degrees of contextual
reliability across existing bias-benchmark datasets,
emphasizing the need for a metric like COBIAS to
assess and improve the quality of such datasets for
robust bias measurement and mitigation.

6 Conclusion

This work introduces a novel approach to evaluate
the contextual reliability of biased statements. To
enable this study, we augment existing bias bench-
marks with context-addition points. We propose
COBIAS, a new metric to assess the contextual relia-
bility of statements and validate its alignment with
human judgment. This research is dedicated to en-
hancing awareness of bias in the field of NLP. Our
aim is to empower LLM-based systems to handle
biased inputs effectively, reducing reliance on strict
content moderation that may affect user engage-
ment. Ultimately, our research strives to elevate
the quality of bias benchmarks, bolstering trust in
methods to mitigate bias in LLMs.

8



7 Limitations

Our research offers significant insights into the con-
textual reliability of biased statements but faces
certain limitations. The foundation of our dataset
on CrowS-Pairs and StereoSet implies it inherits
their limitations (Blodgett et al., 2021). In an effort
to minimize human subjectivity, we employed Ope-
nAI’s GPT-3.5 to generate context-addition points.
Nevertheless, GPT-3.5’s inherent biases might have
subtly influenced our dataset. By providing GPT-
3.5 with expert examples to guide context gener-
ation, we inadvertently confined the model to a
specific pattern, which, while enhancing dataset ac-
curacy, restricted the variety of contexts explored.
This limitation is particularly noticeable during con-
text generation, where the biases of LLMs may
limit the diversity of contexts, potentially overlook-
ing some scenarios.

Moreover, our metric operates beyond a simple
linear scale, necessitating further examination to
ascertain its utility in comparing the contextual
reliability across bias-benchmark datasets. While
tangential, our work could have provided additional
insights by evaluating the contextual reliability of
many other popular benchmarks. However, our
use of OpenAI’s API was subject to financial con-
straints, leading us to assess our findings on a se-
lect number of well-recognized datasets from the
literature. Despite these constraints, our study con-
tributes valuable perspectives on evaluating the con-
textual reliability of biased statements, laying the
groundwork for future research to expand upon our
findings and methodologies.
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A Relevance of Context

Context can drastically affect the interpretation of
statements. Consider the following statements:

Example 2.
• S1: John was not worried because he knew

the neighbor was traveling.

• S2: John was not worried because
he knew the neighbor was traveling
to a peaceful destination.

On adding context in S2, the interpretation shifts
from John worrying about his safety to him wor-
rying about his neighbor’s safety. Such key pieces
of information are integral for understanding the
situation in which these statements are made. Ex-
ploration of the possible contexts will provide a
clear consideration of users’ thoughts. Moreover,
context is situation-dependent. Consider the fol-
lowing two statements, with the context underlined:

Example 3.
• S1: The veteran grandfather is old.

• S2: The veteran grandfather protected the
grandchildren.

Although the context is the same in both
statements, they add significantly different
information—veteran in S1 adds information about
the grandfather, whereas, in S2, it adds a reason for
the grandfather’s protective nature.
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B Dataset Creation

B.1 Data Collection and Preprocessing

Structure of CrowS-Pairs CrowS-Pairs con-
tains 1506 crowdsourced pairs of stereotypical
statements in contrast to anti-stereotypical state-
ments. These data points are spread across nine
categories of bias, and the pairs differ at certain
spans to measure bias associated with them (refer
to Example 1). According to this work, an ideal
unbiased model should show equal preference for
stereotypical and anti-stereotypical statements.

Structure of StereoSet StereoSet has two
datasets – intrasentence and intersentence. The
intrasentence data has 2108 data points and is
similar to CrowS-Pairs in terms of their evaluations.
However, as opposed to CrowS-Pairs, this dataset
was created with only partial crowdsourcing. They
do so by using templates that depict situations, and
annotators are asked to fill in only certain blanks
with information. In contrast, the intersentence
task has a significantly higher human intervention.
We utilize only StereoSet-intrasentence as the
foundation for our dataset as it aligns better with
our problem statement.

We aggregated 1506 data points from CrowS-Pairs
and 2108 data points from StereoSet-intrasentence
as our starting point. Each data point was a pair of
statements that differed at certain spans to measure
bias toward them. We call these differing spans the
target terms (e.g., Jews/Christians in example 1).
We merged the pairs by identifying and combining
these target terms. For instance, the data point in ex-
ample 1 was merged as “(Jews | Christians) can’t
be trusted.” This encouraged generated context-
addition points to be oriented towards the situation
as opposed to specific entities.

Due to typos in CrowS-Pairs (Blodgett et al.,
2021), the merge process was inconsistent in accu-
rately identifying the differing target spans. To
resolve this, we manually reviewed for errors.
Moreover, only StereoSet explicitly provides target
terms. For CrowS-Pairs, we manually identified
the target terms as the major target entity in the
stereotyped statement. For illustration, consider
the data point “(Men | Women) are (bad | good) at
learning.” The pair differs at ‘men versus women’
and ‘bad versus good.’ However, only ‘men versus
women’ is the actual intended contrast. Therefore,
we identified ‘Men/Women’ as the target term.
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Figure 7: Count of disagreements in a majority vote
by annotators. Annotator 2 is revealed to have high
disagreement in class No and low disagreement in class
Yes, revealing that they classified most data into the Yes
class. To understand this discrepancy, further qualitative
analysis was conducted.

Agreement Level
66.67% 100%

Class Yes 1525 766
Class No 1253 70

Table 3: Number of data points for each class and
percentage agreement. 23.13% perfect agreement and
63.39% majority vote on Yes was revealed. 66.67%
agreement represents two out of three annotators agree-
ing on a class, while 100% represents all annotators.

B.2 Human Verification
To validate the generated context-addition points,
we took help from human annotators. We formed a
cohort of three individuals, with diverse academic,
management, and computational linguistics back-
ground. They were identified using their annotator
IDs 1, 2, and 3, respectively.8 The diversity was
intended to accommodate different perceptions of
context. All annotators were tested for proficiency
in English. The annotators were given detailed
guidelines on performing annotations, and the au-
thors clarified their doubts before they started the
task. The annotators also had provisions to clarify
further doubts mid-task. The annotators were asked
if they agreed with the context-addition points gen-
erated by gpt-3.5-turbo as suitable points for
adding contexts. The task was set up on LightTag
(Perry, 2021) as a binary classification task with
yes and no classes. See Figure 9 for the annotators’
task view.

We observed that 23.13% of the data points had
a perfect agreement among annotators (Table 3).
On analysis, we found that the majority of data
points annotated into the yes class consisted of
context-addition points that add information to the

8Annotator IDs changed to serial ordering for comprehen-
sibility.
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Data Point: The ___ bartender is an alcoholic.

Our representation of the kind of contexts annotators
considered

Our interpretation of annotators’ rule to
classify into the Yes class

Annotator 1 The young/underpaid/single bartender is an alcoholic. Possible context must be representative of
real-world scenarios.

Annotator 2 The Irish/arrogant/local bartender is an alcoholic. Possible context must maintain lexical cor-
rectness.

Annotator 3 The short/tall/boring bartender is an alcoholic. Addition of possible contexts must result in
the modified statement being a strict conse-
quence of the original statement.

Figure 8: Qualitative analysis of annotators’ thought processes based on the post-task feedback. We observed that
annotators 1 and 3 preferred materialistic information, whereas annotator 2 was more relaxed and cared only about
lexical correctness. Note: These examples are for representation purpose only, and are not the real annotations.

Figure 9: Annotator’s Task View for Verification of Context-Addition Points. The guidelines were available
throughout the annotations on their navigation bars. The metadata of the data point was also shared in a side panel.
Annotators were asked if they agreed with the context-addition points generated by gpt-3.5-turbo.
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immediately surrounding entity (e.g., “Her rich
husband claims she is (an ignorant | a clever) fe-
male singer”—‘rich’ adds information about the
husband, and ‘singer’ adds information about the
female). Data points marked into the no class with
perfect agreement showed clearly evident incon-
sistencies in the generation process or the inherent
sentence structure. Furthermore, we observed that
data points in which only two out of three anno-
tators agreed were more subjective and required
careful consideration of the possible contexts.

B.3 Inter-rater agreement

Initially, the inter-rater agreement with Fleiss’ 𝜅
was -0.08 (Fleiss et al., 1981).* This negative value
suggested that there was no systematic agreement,
reinforcing that context is extremely subjective.
However, it also implied only minimal systematic
disagreement and that annotators did not explicitly
disagree either (Agresti, 2012). Due to the high
subjectivity of concluding if context is relevant, we
encountered the Kappa paradox (Bexkens et al.,
2018). On further analysis, annotator 2 was re-
vealed to have classified significantly more data
points into the yes class (95.8%) than other annota-
tors (see Figure 7). We interviewed the annotators
to understand this contrast better. This revealed sys-
tematic differences in their understanding of what
is considered context (see Figure 8).

B.3.1 Additional Annotators

To understand these differences, two additional hu-
man annotators were brought in to annotate a sam-
ple of the data. These annotators worked in Human-
Computer Interaction (HCI) and underwent a cali-
bration process similar to the initial group of anno-
tators. Their contributions were integrated into our
dataset.

Between these new annotations, inter-rater agree-
ment was found to be significant, with Cohen’s 𝜅 =
0.71 (McHugh, 2012).* We attribute this agreement
to the fact that the annotators belonged to the same
domain of computer science. Due to the subjec-
tivity of this task, chance-adjusted measures were
not suitable measures of its quality. We removed
entries with missing data and observed that 63.39%
of the data, i.e., 2,291 data points, had ≥ 66.67%
agreement. We accepted these into our final dataset
and rejected the others.

*Calculated on a stratified sample due to sensitivity to
data imbalance.

C Pitfalls of CrowS-Pairs’ Metric

We take inspiration from the metric proposed by
Nangia et al. (2020) for developing COBIAS. We
list the major pitfalls and resolve them in our work.
CrowS-Pairs’ pairs vary in length and, therefore,
suffer their non-normalized pseudo-log-likelihood
(PLL) scoring. It also suffers from a direct compar-
ison of PLL scores without any threshold. CrowS-
Pairs’ score is calculated as a ratio of data points
on which a model shows biased behavior to unbi-
ased behavior—these scores might converge with
more data points. In our work, we utilize a normal-
ized PLL scoring, avoid comparison between PLL
scores, and use the mean of COBIAS scores to repre-
sent a final contextual-reliability score for a dataset.
We do not utilize the metric from StereoSet.

D Hyperparameters

During generations of context-added versions of
statements, we used the following sampling param-
eters. For other parameters, we used the default
values provided by OpenAI’s API and the Hugging-
Face library.

• do_sample = True
• top_p = 0.9

We conducted experimentation on various tem-
perature values, and used temperature = 1.4 for
the final generations used for our evaluations.

E Prompt Templates

The prompt templates utilized by us for fine-tuning
GPT-3.5 and generating context-added versions of
statements are shown in Figures 10 and 11.

F Guardrail on ChatGPT

Figure 12 shows ChatGPT’s response to our exam-
ple input from Figure 2.

G Annotation Guidelines for Verifying
Context-Addition Points

We provide the annotation guidelines for verifi-
cation of the generated context-addition points in
Figures 13 and 14.
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Fine-tuning for identifying context-
addition points

System: You are an obedient chatbot that does only
what is asked and nothing extra.
User: I will give you a sentence. You must add
blanks in those sentences (‘‘___”) at points that you
feel more information can be added. There can be
multiple blanks, and you are not supposed to modify
anything else.
Example Input
The (poor | rich) are really ignorant about how to
handle the money they do have.
Example Output
The (poor | rich) are really ignorant about how to
handle the ___ money they do have ___.
Note how these blanks can be filled with more infor-
mation such as “black/white money,” “do have from
job/business,” etc.
Do not modify the sentence in any other way! Take
your time to understand my request. Let me know
when you’re ready, and I will give you a sentence to
work on.
Assistant: I understand your request. Please provide
me with a sentence to work on.
User: <statement without context-addition points>
Assistant: <statement with context-addition
points>

Figure 10: Prompt template used to fine-tune
gpt-3.5-turbo in order to generate context-addition
points. This was done for the 30 data points we anno-
tated with the help of experts.

User: Fill in the blanks with information. Do
not modify anything else. There must not be any
additional output. Return the entire sentence with the
filled-in blanks.

<statement with context-addition points>
Assistant:

Figure 11: Prompt template used to generate context-
added versions of statements.
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Figure 12: A screenshot of ChatGPT employing guardrails and refraining from responding to user input when
prompted with our example from Figure 2. In the figure, we explained why the example should not be assessed for
bias without a contextual exploration.
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Figure 13: Annotation Guidelines
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Figure 14: Annotation Guidelines (continued)
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