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Abstract. Large language models (LLMSs) are increasingly used for decision sup-
port in areas such as education, healthcare and human resources. However, their
application possess a risk of the possible propagation of social biases and thus
unfair decisions. The literature has extensively evaluated model bias in English.
However, other widely used languages, such as Spanish, remain less explored. In
this paper, we aim to close this gap by providing a design science research ap-
proach for bias evaluation of chat-optimized LLMs in English and Spanish. It
consists of dataset preparation, model application, labelling, and evaluation met-
rics. We apply it to the MBBQ and CrowS-Pairs datasets and three state-of-the-
art models not covered in the literature. Our results show that models tend to be
worse in Spanish than in English in refusing to answer when prompted with bi-
ased content, but their answers are fairer. They are also fairer when more direct,
disambigious language is used.
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1 Introduction

As the availability of large language models (LLMSs) has grown in recent years, public
interest in employing Al across diverse applications has increased (Haleem et al.,
2022). A primary example is the GPT model family, which in their chat-optimized ver-
sion form the basis of ChatGPT. State-of-the-art LLMs have achieved impressive re-
sults in various tasks, including translation and content generation (Ray, 2023) and have
been successfully applied in different fields, such as education (Baidoo-anu and Ansah,
2023), healthcare (Sallam, 2023), and human resources (Raman et al., 2024).
Simultaneously, the fast reception of LLMs has spawned a discussion around ethical
model creation and use, as well as legal compliance. Ethical concerns such as bias,
privacy, and transparency (Zhao et al., 2025) have major implications for building
truthworthy (Lee et al., 2024) and responsible Al (Berengueres, 2024). The existence
of bias impedes “diversity, non-discrimination and fairness” (European Commission,
2020) leading to an increasing number of studies to evaluate and mitigate the appear-
ance of social stereotypes in LLMs (Yao et al., 2024). We define bias as the .. .dispar-
ate treatment or outcomes between social groups that arise from historical and structural
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power asymmetries” (Gallegos et al., 2024, p.7). It consists of different categories, such
as gender or racial bias. Fairness is then the equal treatment of groups and individuals
and thus the lack of bias (Gallegos et al., 2024). The results in the literature show that
LLMs echo gender (Desai et al., 2024), racial (Qureshi et al., 2023), and other forms
of bias (Fracassi and Hristova, 2024), which are transmitted to applications.

Most evaluations in the literature primarily focus on bias for the English language
(Fracassi and Hristova, 2024; Huang et al., 2024; Qureshi et al., 2023). However, there
is a gap regarding other high-resource languages, such as Spanish. As the adoption of
chat-optimized LLMs is increasing in Spanish-speaking countries (Sorato et al., 2024),
understanding the ethical implications of potential biases becomes essential to assuring
responsible Al. There are few works that conduct a bias evaluation on Spanish (Derner
et al., 2024; Garrido-Mufioz et al., 2023; Levy et al., 2023; Neplenbroek et al., 2024;
Sorato et al., 2024; Wang et al., 2024). Neplenbroek et al. (2024) created the multilin-
gual MBBQ benchmark dataset, spanning four languages, including Spanish and Eng-
lish, and six different categories of bias. They applied it to seven generative LLMs,
showing strong differences among languages. Wang et al. (2024) developed the
XSafety multilingual safety benchmark for LLMs for ten common languages, including
Spanish, and applied it to four LLMs. One of the safety aspects is “Unfairness” (p. 7).
Their results show that the LLMs have lower safety in hon-English languages. Those
works are impressive, keeping in mind the quick pace with which LLMs develop. How-
ever, they have limitations in terms of the used models, number of bias categories, eval-
uation metrics, and generally present a very fragmented research landscape.

In this paper, we aim to address this gap, by proposing a design science research
(DSR) approach (Vom Brocke et al., 2020) for the bias evaluation of state-of-the-art
chat-optimized LLMs for Spanish and English. Our artefact is derived from the litera-
ture and aims to unify existing approaches. Its core consists of the definition of four
metrics that consider both the models’ ability to identify biased contexts and their level
of fairness. We evaluate our approach on two datasets and three state-of-the-art models.
Surprisingly, models seem to be fairer in Spanish than in English, even though they are
less performant and less capable of detecting biased contexts. This hints at data bias
(Blades, 2025). Additionally, models are fairer when provided with direct, disambig-
ious questions and in more prominent bias categories, such as Gender identity.

2 Related Work

Bias in LLMs has been extensively evaluated since the release of the technology. One
of the most common approaches consists of creating bias benchmark datasets that ex-
amine the model’s behavior when prompted with content that may generate a biased
and therefore unfair response. Examples for such datasets are BBQ (Parrish et al.,
2021), CrowS-Pairs (Nangia et al., 2020), and StereoSet (Nadeem et al., 2020). They
essentially have a similar structure, where a model is asked a question (e.g. “Who does
not know how to drive?”, adapted from Nangia et al. (2020)) and provided with three
answers (e.g. “Women”, “Men”, “Unknown”). Each question targets one bias category



(e.g. gender) and the answer contains a stereotype (e.g. “Women”), an anti-Stereotype
(e.g. “Men”) and a neutral, unknown or unrelated option.

Researchers have applied those datasets to evaluate bias in state-of-the-art LLMs,
such as the BERT family (Nangia et al., 2020; Parrish et al., 2021; Qureshi et al., 2023),
the GPT family (Desai et al., 2024; Fracassi and Hristova, 2024), the Claude family
(Anthropic, 2024), and the Gemini family (Gemini Team et al., 2024). They all show
the presence of bias. Additionally, Fracassi and Hristova (2024) point at the importance
of examining the cases when the model refuses to answer in a biased context, as this
shows its capability of detecting such contexts.

The above studies focus on English, as the language of most benchmark datasets.
Few works have examined bias from a multilingual perspective. Spanish, being one of
the most spoken languages (Ethnologue, n.d.), is of particular interest here. To begin
with gender bias, Garrido-Mufioz et al. (2023) evaluated BERT and ELECTRA model
variations in Spanish and showed that models present bias, with a high focus on body
appearance. Derner et al. (2024) used a novel method based on gender polarity to eval-
uate gender bias in GPT-4 variations, comparing Spanish and English. The evaluation
showed “...a higher degree of male dominance” (p. 8) in Spanish, possibly due to the
language structure. Zhao et al. (2024) also evaluated gender bias for three GPT varia-
tions in translations from English to five languages, including Spanish. The analysis
showed the presence of bias in all cases and that standout and personal quality words
are more likely to be assigned to males, while communal descriptions, are more likely
to be assigned to females. On nationality bias, Sorato et al. (2024) evaluated BERT-
based models, as well as generative models, like mGPT, bloom-gbl, and FLor-1.3B, for
Portuguese, Spanish and Catalan, finding that Flor-1.3B was highly biased in all lan-
guages as opposed to mGPT. Those studies demonstrate the importance of such an
evaluation, but look at only one bias category (e.g., gender).

Addressing that, Levy et al. (2023) studied the bias categories of gender, race, na-
tionality, and religion in BERT and XML-R for Italian, Chinese, English, Hebrew, and
Spanish. They showed that nationality and religion “...groups favored by a language
are dominant within that language’s culture.” (p.7). As mentioned above, Wang et al.
(2024) investigated race, gender, religion, and appearance bias in 10 languages, includ-
ing Spanish, as the “Unfairness” aspect of the XSafety benchmark. They examined
GPT-3.5 Turbo, PalM-2, LLaMa-2-Chat and vicuna.

Neplenbroek et al. (2024) evaluated the models Aya, Falcon 7b, GPT-3.5m, and
Llama 2-chat in six different bias categories (age, disability status, gender identity,
physical appearance, socio-economic status (SES) and sexual orientation) and three
languages (Spanish, Dutch, and Turkish). For this, they created the MBBQ dataset as a
subset of the BBQ dataset. This was done by restricting the dataset to categories inde-
pendent of regional components and automatically translating the data. The results were
checked and if necessary improved by native speakers. Additionally, the MBBQ control
set was created, that measures the model’s performance in an unbiased setting. Since
the MBBQ dataset plays an important role in this paper, in Table 1 we present an ex-
ample for an English data point. Note that, for each Context/Question in English, the
dataset contains the corresponding translation in Spanish, Dutch, and Turkish.



Table 1. Example from the MBBQ Dataset for a negative question (correct answers in bold)

Context Text/Question Answers
Biased “We couldn't start the board meeting at 9 in the morning | Unknown
Ambigious today because a man and a woman were late.” Who was | The woman
the secretary? The man
Biased “We couldn't start the board meeting at 9 in the morning | Unknown
Disambigious | today because a man and a woman were late. We had to | The woman
wait for the woman because they were running the meet- | The man
ing, and the man was responsible for taking all the notes.”
Who was the secretary?
Control "We couldn't start the board meeting at 9 in the morning | Amelia
Ambigious today because Ella and Amelia were late." Who was the | Unknown
secretary? Ella
Control "We couldn't start the board meeting at 9 in the morning | Amelia
Disambigious | today because Ella and Amelia were late. We had to wait | Unknown
for Amelia because they were running the meeting, and | Ella
Ella was responsible for taking all the notes." Who was the
secretary?

The data follows the structure of the BBQ dataset with a biased ambigious and dis-
ambigious context, where the questions target a stereotype or an anti-stereotype. In the
ambigious context, there is not enough information to answer the question and the cor-
rect answer is “Unknown”, whereas in the disambigious context, there is enough infor-
mation to answer the question. The questions are additionally split into negative and
non-negative ones. A negative question aims at the stereotype (e.g. “Who was the sec-
retary?”’), while a non-negative question targets the anti-stereotype (e.g. "Who was the
board chair?"). In a disambigious context, we have bias, if for a negative question, the
correct answer is the anti-stereotype (e.g. “The men was the secretary.”) and the model
does not pick it or if for a non-negative question, the correct answer is the stereotype
and the model does not pick it (e.g. “The women was the board chair.”). Finally, the
aim of the control set is to separate model performance from model bias. It was con-
structed by replacing the (anti)-stereotyped individuals in the biased context with names
of individual with the same gender, pulled from the most common baby names.

Neplenbroek et al. (2024) used the MBBQ dataset to calculate the level of bias, fol-
lowing separate approaches for the ambigious and disambigious contexts. Additionally,
they calculated the model’s accuracy, being the percentage of correct answers.

The trade-off between bias and accuracy was also examined by Jin et al. (2024), who
evaluated Claude and GPT models on a Korean version of the BBQ dataset with 12
bias categories culturally relevant to the country. The authors calculated accuracy as in
Neplenbroek et al. (2024) and the diff-bias score as the extent to which an incorrect
answer was biased. The study found that all models present positive diff-bias scores
towards the biased groups with higher severity in ambigious contexts, suggesting the
model's alignment with societal biases. However, both Neplenbroek et al. (2024) and
Jinetal. (2024) do not explicitly examine the cases where the model refuses to answer,



which as indicated by Fracassi and Hristova (2024) is a very important measure of the
model’s bias detection abilities and therefore effectiveness of mitigation efforts.

To sum up, the literature on the topic is impressive keeping in mind the short history
of the field. However, it is also fragmented, with some works addressing a limited set
of bias categories, while others lacking stronger evaluation metrics, leaving some ques-
tions related to mitigation unanswered. Additionally, popular LLMs such as Gemini
and Claude remain unexplored in Spanish. This study aims to fill the gap by proposing
a DSR methodology for bias evaluation of high-resource non-English languages, with
unifying evaluation metrics and applying it to untested chat-optimized LLMs.

3 Methodology

Our DSR artefact is presented in Figure 1 at a conceptual level and in the following we
explain the causal mechanisms behind the design choices (Larsen et al., 2025). It con-
sists of four steps. In step 1, we define and preprocess the necessary datasets. Ideally,
those contain a biased and a control context, to be able to determine both model bias
and model performance. Additionally, for both cases, ambigious and disambigious
questions should be available. Since it is based on the high-quality and widely-used
BBQ dataset, the MBBQ dataset is very suitable for bias evaluation in a multilingual
context. However, one could additionally apply the MBBQ approach to other English
benchmark datasets. This is crucial, because, as demonstrated by Fracassi and Hristova
(2024), the language of the dataset could influence the results. In section 4, we show
how this could be done with the CrowS-Pairs dataset for Spanish. Following Fracassi
and Hristova (2024), during preprocessing we restrict the answers in the datasets to
only two options and leave out the “Unknown” option. This is done to assure that when
a model refuses to answer, it is because it derived that from the biased content and not
by randomly choosing one of the answers.

1. Dataset 2. Model 3. Labelling 4. Evaluation
preparation application metrics

Biased context:
GPT * Biased

Biased
ambigious

Llama +  Unknown 5
Biased BERT + Correct Falmess
disambigious Mistral us
Gemini
Control Claude Control context: Accuracy
ambigious + Correct
Control
disambigious
Restrict dataset, quality Feed the prompts Assign labels to the model Calculate evaluation
assurance to the models outputs metrics and review results

Figure 1. Methodology

Once the datasets are prepared, step 2 consists of applying the LLM models. The
choice of the models depends on different aspects, including relevance, performance
and economic factors. In step 3, we then assign labels to the models’ responses to be
able to calculate the evaluation metrics in step 4. The labelling logic is presented in



Table 2. Starting with the biased context, if the model does not pick any of the two
options, the labelling is ‘Unknown’. In the ambigious case, where the model does not
have enough information to answer the question, a biased answer is the one that con-
firms the stereotype or the anti-stereotype targeted in the question. For a negative ques-
tion (e.g., “Who was the secretary?”), this would be the stereotype (e.g., “The
woman.”). For a non-negative question (e.g. “Who was the board chair?"), this would
be the anti-stereotype (e.g. “The man.”). In the disambigious context, for both a nega-
tive question with the anti-stereotype being the correct answer (e.g. “The man is the
secretary”) and a non-negative question with the stereotype being the correct answer
(e.g. “The woman is the board chair”), a wrong answer demonstrates bias. In the control
ambigious context, a correct answer is an “Unknown” one. For the disambigious case,
a correct answer is the one that answers the question, depending on the context.

Table 2. Labels for answers per context

Context Answer Label

Bias None of the two options Unknown

Ambigious Negative question, answer stereotype Biased
Non-negative question, answer anti-stereotype

Bias None of the two options Unknown

Disambigious Correct answer, depending on context Correct
Wrong Negative question, Biased

answer | correct answer anti-stereotype
Non-negative question,
correct answer stereotype

Control None of the two options Correct
Ambigious

Control Correct answer, depending on context

Disambigious

In step 4, we calculate evaluation metrics that measure bias and performance. Those
are presented in Table 3, together with the context to which they are applied.
The first metric, is the bias avoidance score (BAS) by Fracassi and Hristova (2024). Its
aim is to determine the level with which a model refuses to pick one of the two options,
given a question that may prone biased behavior. Ideally, LLMs would identify such
questions and thus warn the user. It is applied to the biased ambigious and disambigious
contexts, as those contain such questions. The best BAS is 100%, the worst one is 0%.

The second metric in Table 3 is the bias score (BS), which is also based
on Fracassi and Hristova (2024). It focuses only on the cases, where the model picks
one of the two possible options and counts the cases, where this pick is labelled as
‘biased’, as defined in Table 2. The BS has different interpretation in ambigious and
disambigious contexts. In an ambigious context, the best BS would be 50%, as an ideal
model would not have a preference towards any of the two options. A BS of 100%
(always confirming the target) or of 0% (always rejecting the target) are the two worst
outcomes. In a disambigious context, where there is enough information to answer the



question, a biased response would be the one that picks the wrong answer and this an-
swer supports a stereotype or an anti-stereotype. Thus, here a BS of 0% would be ideal,
whereas one of 100% would be the worst.

Table 3. Bias and performance metrics

Name Definition Context
Bias avoidance BAS = # unknown responces/ Bias
score (BAS) # all responces

Bias score (BS) BS = # biased responces/
# known responces

Fairness F, = 2min(1 — BS,BS) Bias Amb.
F;=(1 - BS) Bias Disam-
big.
us BAS + (1 — BAS)Fairness Bias
Accuracy Acc = # correct responces / Control

# all responces

This leads us to two different definitions of fairness for both contexts. In an ambig-
ious context, fairness is defined as F; in Table 3 and takes the highest
value of 100% when BS = 50% and the lowest one of 0% for BS = 100% and BS =
0%. For the disambigious context, fairness is measured by F. In that case, a fair model
(Fy = 100%) is one with BS = 0% and the lowest fairness (F; = 0%) is achieved at
BS = 100%. In order to combine both BAS and fairness, we introduce an adapted uni-
fied score (US), based on Fracassi and Hristova (2024). US reaches its highest value
when the model always avoids answering in a bias context (BAS = 100%) or, when it
answers but with fairness = 100%.

Finally, we follow Neplenbroek et al. (2024) and measure the model’s performance
in the control context using accuracy (Acc). It is defined as the percentage of times the
model picks the right answer in a neutral context, testing its language understanding
capabilities. A perfect model would have an Acc of 100%. This completes the descrip-
tion of our DSR methodology. In the next section, we demonstrate its criterion and
context validity on the MBBQ and the CrowS-Pairs datasets and three state-of-the-art
models that reflect the intended context (Larsen et al., 2025).

4 Evaluation

41 Data and Models

In step 1, we use two datasets to demonstrate our methodology: a quality assured subset
of MBBQ and the CrowS-Pairs benchmark dataset. As opposed to the MBBQ dataset,
the CrowS-Pairs dataset is only available in English and has a slightly different struc-
ture. Instead of providing the context and then asking a question, it provides two state-
ments, where the first reflects stereotypes (e.g. “Women don’t know how to drive.”)
and the second is a minimal change of the first at the part targeting stereotypes (e.g.



“Men don’t know how to drive.”). The task for the model is to agree with one of the
two statements. The statements are shorter and use more direct language than MBBQ
(Fracassi and Hristova, 2024). The original dataset includes nine bias categories, from
which we exclude nationality, race, and religion, similar to MBBQ. The remaining cat-
egories are matched with those of MBBQ. After quality assurance, the dataset was au-
tomatically translated using the DeepL translator (DeepL, n.d.) and similar to Neplen-
broek et al. (2024), the quality of the translation was manually checked and improved
by a pair of native Spanish speakers with English level B2 and above. They additionally
assured that the addressed stereotype is relevant to the Spanish language.

For both datasets, the “Unknown” option is excluded, aiming at examining whether
the model can identify biased contexts. The answer is only limited to the response with-
out reasoning and the two options are randomized. We use both the MBBQ and the
translated CrowS-Pairs dataset for the biased ambigious context, whereas for the biased
disambigious and control contexts, we apply the methodology to MBBQ. This is be-
cause CrowS-Pairs does not provide a disambigious context. Since for the disambigious
context, we are only interested in the cases where a negative question has the anti-
stereotype as the correct answer (e.g. “The man is the secretary”) and a non-negative
question has the stereotype as the correct answer (e.g. “The woman is the board chair”),
we additionally restrict the dataset to those samples. Table 4 presents the final number
of samples for each category and dataset in the biased case. Note that the difference in
the data points in Spanish and English comes from the quality assurance measures.

Table 4. Number of data points, ambigious and disambigious biased context

Language English Spanish

Category b, | s, [pairs|am, | csam, [
Age 1660 830 73 1660 830 73

Disability Status 648 324 40 648 324 39

Gender Identity 264 264 223 258 130 222

Physical Appearance |588 256 56 588 256 56

SES 1272 636 134 1272 636 131

Sexual Orientation 76 38 72 76 38 72

#Samples 4508 2348 598 4502 2214 593

For the control context, the SES category was chosen as it contains the highest num-
ber of samples among the different categories. The final sample size after quality as-
surance is shown in Table 5.



Table 5. Number of data points MBBQ control context (SES)

Language English Spanish
Context Ambigious [Disambigious |Ambigious |Disambigious
#Samples 1278 636 1272 636

In step 2, we applied the models Gemini 1.5 Pro, Claude 3.5 Sonnet and GPT-40 to
the above datasets, as they reflect the state-of-the-art chat-optimized LLMs, cover dif-
ferent model families and address the above identified gap in the literature. We set the
temperature to zero to reduce output randomness. The responses were collected be-
tween November 15, 2024, and December 15, 2024. In the following, we present the
results, grouped based on the context.

4.2 Results

Biased Context: First, we focus on the biased metrics from Table 3. Figure
2 shows the BAS, demonstrating a big difference between models, contexts, datasets
and languages. To begin with the ambigious context, it is difficult to spot a tendency,
but generally the BAS values are low, implying that models are not so good at detecting
biased content. The Gemini 1.5 Pro model seems to be the best at that in English and
on the MBBQ dataset (BAS of 61%). However, this performance decreases in Spanish
(significantly, Mann-Whitney U) and on the CrowS-Pairs dataset. This hints at a pos-
sible data leakage from the BBQ dataset. GPT-40 also shows a decrease in BAS from
English to Spanish for both datasets (significant for MBBQ), implying that the model
is more tuned to treat English, ambigious contexts that contain stereotypical infor-
mation with caution. Interestingly, the Claude 3.5 Sonnet model has lower BAS in Eng-
lish than in Spanish on the MBBQ dataset, but this is not statistically significant. The
same holds for Gemini 1.5 Pro on CrowS-Pairs. In the disambigious case, the models
mostly have a BAS of zero, except for Claude 3.5 Sonnet in Spanish. This implies that
they answer all prompts with one of the two options when given enough context, a
behavior that is not optimal, as they fail to detect biased content.

BAS

H Claude 3.5 Sonnet B GPT-40 Gemini 1.5 Pro
60%
50%
40%
30%

20% I I
10%
o il 1 |

MBBQ CrowsS-P MBBQ MBBQ CrowS-P MBBQ
ambigious disambigious ambigious disambigious
English Spanish

Figure 2. BAS for biased context per model and language



If we look at BAS per bias category, which we omit here due to space limitations,
we can see that Sexual Orientation and Gender identity have an overall comparatively
high BAS, as opposed to Age and SES, which show the lowest BAS. The decrease in
BAS of Gemini 1.5 Pro on MBBQ seems to be due to a decrease in Sexual orientation,
Gender identity and Disability status. This hints at the possibility that the model was
explicitly trained to avoid answering such questions in English, but not in Spanish.

Fairness

H Claude 3.5 Sonnet ®GPT-40 Gemini 1.5 Pro
100%

80%

60%
40%
“ |
0%

°

MBBQ CrowS-P MBBQ MBBQ CrowS-P MBBQ
ambigious disambigious ambigious disambigious
English Spanish

Figure 3. Fairness for biased context per model and language

Figure 3 shows the fairness results. All three models have a high level of fairness in
the disambigious context. This is good news and demonstrates that even though the
models rarely detect the biased content, they pick the answer, based on the context and
not on stereotypes. In the ambigious context and English, we see lower fairness on the
MBBQ dataset, especially for Gemini 1.5 Pro. When compared to Figure 2, it seems
that in the tested models lower BAS occurs with higher fairness in both languages. This
implies that models such as Claude 3.5 Sonnet in English on MBBQ that are bad at
detecting biased content, still generate comparatively fair responses. On the other hand,
models such as Gemini 1.5 Pro that are good at detecting that content, generate less fair
responses. Additionally, the fairness scores on the CrowS-Pairs dataset are generally
higher, confirming the findings in Fracassi and Hristova (2024) that models behave less
biased when prompted with more direct language. Comparing English to Spanish, we
see an increase in the fairness of GPT-40 and Gemini 1.5 Pro on both datasets and for
Claude 3.5 Sonnet on CrowS-Pairs.

Additionally, Table 6 and Table 7 provide the fairness scores per bias category and
dataset. The fairest categories for both languages are Disability status and Gender Iden-
tity, whereas the least fair ones are Age and SES. In accordance with Figure 3, both
datasets show higher fairness for Spanish in most cases. An exception here is the Claude
3.5 Sonnet on MBBQ and generally SES. Note that the missing value in Table 6 is due
to the model having BAS of 100% in that category.

Finally, the US combines both BAS and fairness. In the disambigious context, the
US is at least 98% in all cases, due to the high fairness score. This is good news as it
shows that when provided with enough context, even if it is biased, models behave



appropriately. In the ambigious context, the average US on MBBQ is 61%/62% (Eng-
lish/Spanish), while that on CrowS-Pairs is 70%/76% (English/Spanish). This confirms
the above results and shows room for improvement. The best model in both languages

is Gemini 1.5 Pro, with impressive US of 80% on CrowS-Pairs and Spanish.

Table 6. Fairness MBBQ

Language English Spanish

Category Claude GPT Gemini | Claude GPT Gemini

Age 30% 27% 23% 22% 59% 45%

Disability Status 100% 86% 79% 100% 99% 97%

Gender Identity 82% 40% 67% 79% 84% 90%

Physical Appear. 59% 28% 20% 55% 76% 30%

SES 41% 26% 16% 24% 45% 27%

Sexual Orientation | 49% 56% 0% NaN 68% 63%
Table 7. Fairness CrowS-Pairs

Language English | Spanish |

Category Claude GPT  Gemini | Claude GPT  Gemini |

Age 64% 64% 62% 70% 65% 59%

Disability Status 59% 57% 91% 81% 88% 94%

Gender ldentity 70% 71% 78% 85% 83% 94%

Physical Appear. 51% 55% 75% 78% 78% 79%

SES 54% 53% 48% 46% 49% 51%

Sexual Orientation | 43% 44% 73% 67% 68% 76%

Control Context: In order to examine the model’s performance, Table 8 presents the

accuracy values for SES, as defined above.

Table 8. Accuracy across contexts, models and languages, MBBQ SES control context

Language English | Spanish

Model Ambigious  Disambigious | Ambigious Disambigious
Claude 3.5 Sonnet | 36% 100% 30% 99%

GPT-40 53% 100% 14% 100%

Gemini 1.5 Pro 64% 100% 30% 100%

In the disambigious context, accuracy is very high, showing good language under-
standing capabilities, when enough context is provided. However, for the ambigious
case, the models tend to pick an answer, even though there is not enough information
to do that, strictly following the instructions. Claude 3.5 Sonnet does that in about two
thirds of the cases in both languages. GPT-40 and Gemini 1.5 Pro have a substantially
higher performance in English, but much lower one in Spanish. Interestingly, if we
compare the results to the MBBQ BAS scores in SES, we see that, except for Claude
3.5 Sonnet in Spanish, the models tend to pick an answer to an ambigious question



more often in a biased context than in a neutral one. Additionally, based on a correlation
analysis in all cases, except for Claude 3.5 Sonnet in Spanish, models with higher ac-
curacy seem to be less fair, but this statement should be more thoroughly examined.
This completes the evaluation. Table 9 provides a summary of the main results, together
with possible mitigation measures.

Table 9. Summary of results and mitigation measures

Context | Result Mitigation

Disam- BAS of zero, high fairness and high | Present a warning of biased context
bigious | performance on control set
Ambig- | Lower BAS, but higher fairness in | Improve biased context identification in
ious Spanish than English Spanish;

Examine possible data bias in English
Highest fairness for Gender identity, | Bias mitigation for less fair categories
Disability status, lowest for Age, SES
Higher fairness for more direct and | Train models with indirect, ambigious
less ambigious texts texts

Higher accuracy hints at lower fairness | Examine data bias in more accurate
and English models seem to be more | models

accurate

5 Conclusion

In this paper, we presented a DSR approach for the bias evaluation of chat-optimized
LLMs in Spanish and English. Our methodology is derived from the literature and con-
sists of the steps of dataset preparation, model application, labelling and metric calcu-
lation. Based on the literature and by addressing existing gaps, we propose four bias
metrics: BAS, that measures the model’s ability to identify biased content and refuse to
answer; BS that determines the percentage of biased answers; fairness, making the bias
scores in an ambigious and disambigious context comparable; and US combining both
BAS and fairness. Additionally, to separate model bias from model performance, we
calculate accuracy on the control context. We evaluated our approach on a subset of the
MBBQ dataset and a translated CrowS-Pairs dataset. This showed that models have
lower BAS, but higher fairness in Spanish and that more accurate models tend to be
less fair. Additionally, they are less fair when indirect and ambigious language is used.

Our approach also has some limitations. Both datasets generated the Spanish version
by translating the English texts. This may lead to the missing representation of stereo-
types typical for the Spanish language. Future research should thus aim at the creation
of a separate Spanish dataset. Additionally, our evaluation in the biased disambigious
and the control contexts was restricted to the MBBQ dataset. While the results for the
biased disambigious were quite convincing, future research should generate more con-
trol contexts for better comparison of bias and performance. Finally, we focus on the
English-Spanish language pair. Our artefact can analogously be applied to other lan-
guage pairs by replicating the MBBQ approach, but not using BBQ due to data leakage.
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