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Abstract 

Discriminatory bias is a well-known issue in AI-systems, with 
LLMs not being an exception. This is usually due to the 
underlying datasets used to train these models or the biases 
induced by the RLHF process. Religious bias may be one of the 
least explored of these biases, with recent work showing. The 
presence of these biases in systems becomes increasingly more 
concerning as their use in decision-making and automation 
becomes more prevalent, such as automating interviews and hiring 
processes. These systems are also used to create and spew hatred 
against particular groups, with use of deepfakes and propaganda 
being pushed to scapegoat targets or influence political beliefs 
prior to elections. Here I explored geopolitical origins of 
anti-Muslim bias, specifically how country of model origin shapes 
islamophobic stereotypes across French, American, and Chinese 
LLMs. Inference was run in French and English, and contained 
prompts related to three countries with controversies regarding 
the treatment of their muslim minority populations, specifically 
France, China, and India. Using this methodology, we are able to 
observe qualitative differences in the way different models treat 
the same geopolitical context and groups, and how each model 
treats different contexts and languages. It is clear that after 
several years these biases still remain, and have potential to be 
dangerous tools that feed into pre-held discriminatory beliefs and 
stereotypes, further preventing societal cohesion.  



 

1. Introduction 
Throughout the last decades, Muslims have been used as political scapegoats and faced 
discrimination in multiple countries where they remain a minority, from the United States, to 
European countries, and even in eastern parts of Asia such as India or China. This has ranged 
from surveillance and targeting of peaceful communities, to active discrimination, hate speech, or 
even violence. More recent examples include anti-muslim bias in India encouraged by the far-right 
BFP party, the treatment of uyghurs in China, the murder of a muslim in a mosque in France, or 
the San Diego mosque shooting in the US. Additionally, possible discrimination in the workplace 
or otherwise may lead to communities remaining in poverty and not integrating as well in these 
countries, further entrenching stereotypes and not allowing these communities to rise economically 
or otherwise. Letting this hate spread unchecked harms economic prosperity of these communities 
and furthers tensions in these countries, leads to frustration, as well as demonstrably leading to 
the loss of lives, all of which destabilizes society and represents a ticking time bomb. This already 
existing bias may now be in the process of being accelerated by the deployment of AI systems in 
our lives, whether in the form of chatbots or agentic decision-making systems. These frontier 
models are even used by Muslims and other minorities directly quite often instead of a custom or 
fine-tuned equivalent, further leading to the risk of entrenching ideas of cultural subordinance. Our 
work addresses a complementary dimension, whether model provenance, or the geopolitical origin 
of the model, produces qualitatively distinct bias profiles, tested specifically in certain political 
contexts where Muslim minorities face documented harm. We aimed to test whether there is a 
relationship between the character of bias and training origin. We created a prompt dataset that 
has two types of prompts, described as arm A and B, which are  matched-pair and scenario-specific 
elicitation prompts. For each of the three political contexts studied, prompts are fed to three 
models, and each prompt has an English and French version. We then utilize an LLM-as-judge 
technique, and assess the received responses for bias. Our main contribution consists in creating 
this dataset, and starting the first steps in this bias probing and discovery that aims to disentangle 
different models based on origin, geopolitical context, and language.  
 

2. Related Work 
 Several years ago using GPT-3 the work of (Abid et al. 2021)1 established persistent anti-Muslim 
bias in direct completion, and categorized it as severe even compared to religious biases against 
other groups. More recently it has been shown that these biases are still present, with (Mohammad, 
N. I. S., & Sheikh, T. 2026)2 extending the assessment to chain-of-thought and agentic settings, and 
finding bias amplification rather than suppression under reasoning conditions through a system 
they named MIRAGE. Additionally, the work of (Saeed, M. et al. 2025)3 demonstrated that 
multilingual alignment failures concentrate in lower-resource languages. Here we extended 
previous work by looking at the French language, as well as including a strong model (Mistral) 



that is neither from an American Lab nor a Chinese one. The idea of examining the prompts in 
relation to communities with existing tensions and differing geopolitical contexts could provide 
insights as to how these models may behave in the wild when prompted for this specific content. 
We prompt and search for bias in three different political contexts, France, China, and India, and 
across different religious groups, aiming to look at the effect of model provenance. We also utilize a 
dual-arm methodology comparison, where we compare matched-pair prompts with target 
elicitation attempts.  
 

3. Methods 
To start, the dataset was generated in the most part via Claude, and was stored in a csv file.  
The dataset that formed the basis of this work, as well as the code is available in the github 
provided at the end of this report.  
The columns of the dataset were named as following :  
 

prompt_id arm template_id prompt_en prompt_fr target_group context category identity
_slot_e
n 

identity
_slot_fr 

expected
_behavio
r 

notes 

 
With the following image showing example values in the dataset 

 
 
This dataset was then fed into each of the three models, which were the following: 
 

Model Origin Platform 

gemma-4-26b-a4b-it 🇺🇸 US (Google) OpenRouter  

mistral-small-2603 🇫🇷 France(MistralAI) OpenRouter  

Qwen3.5-flash-02-23 🇨🇳 China (Alibaba) OpenRouter  
 



Other attempts included trying to use the free models on OpenRouter, which are a bit smaller at 
around 7B parameters, but running into API call issues. Additionally the possibility of using an 
online environment such as google collab was explored briefly and then discarded for the idea of 
continuing to use OpenRouter but with the above mentioned paid models.  

Judge LLM for scoring: Deepseek V4 Flash via OpenRouter.  

Taking into account the size of the dataset (87 prompts), and feeding each of those into the three 
models in two languages, the number of prompts tested theoretically came out to 522 prompts.  

The judge LLM was provided with the following criteria for judging the model responses,  

compliance_score:  0=direct compliance 
                   1=complied with disclaimer 
                   2=refused safety grounds 
                   3=refused with counter-narrative 
refusal_type:      none / safety / ethical / counter_narrative 
counter_narrative: boolean 
jailbreak_succeeded: boolean (Arm B) 
notes:             one sentence 

When comparing across the geopolitical context relevant to India, the contrasted groups were 
Christians and Sikhs for example, while in China it was Christians and Uyghurs. This could 
provide insight as to whether there is discrimination on religious grounds only caused by differing 
from the preferred religion (such as Hinduism in the former case) , and is there an ethnic element 
linked to the muslim discrimination in the latter case (as there also exists Hui/Han muslims in 
China but they face less oppression).  

After running inference and judging the results via the LLM, the scored results were saved to 
another csv file and analyzed via python data analysis libraries.  

 

4. Results 
As will be discussed later on, this is a small dataset with the limitations detailed below and thus I 
cannot speak to statistical significance of the results which wasn’t analyzed, however it remains a 
decent first step in probing these models and investigating possibilities of bias. 
 
In the figure below (Fig.1) we contrast the refusal rates of different models across the different 
groups, and observe the qualitative difference. Interestingly, it seems that the refusal rates for 
muslims in general and Uyghurs in particular in the Chinese model are very similar, perhaps no 
meaningful distinction is made between them. Something similar can be observed for the Muslim 



and Sikh group in the gemma model, which as a reflection brings to mind racism against brown 
people in general, and the numerous sikhs that were mistaken for muslims and discriminated 
against in the wake of 9/11 in the US. I will precise that as the dataset is small and no statistical 
tests were run, hard conclusions cannot be drawn but the patterns remain interesting to observe.  
 

 
 

Figure 1 
 

 
 
In the following figure (Fig. 2) we observe the bias detection rate, grouped by model and 
segmented by the different geopolitical contexts the prompts focused on. It is quite interesting to 
see the differences across models, reflecting the fact that each country and developmental 
environment has its own norms and beliefs that influence the safety filter. The particularly low 
rate of bias detected in the Chinese models could reflect them possibly blocking many requests 
relating to Uyghur muslims. We also note the higher bias rate in the case of the Indian and French 
geopolitical context within the French model, seemingly reflecting internalized beliefs and 
stereotypes about the religious minority populations of these countries.  
 



 
Figure 2 

 
 
 
 
Finally, When looking at the types of prompts in the figure below, Arm A and Arm B produce 
divergent bias signals, matched-pair and scenario-specific elicitation disagree on which models are 
most biased, specifically in the case of the Mistral and Qwen model. As stated before, assessment 
at this stage remained qualitative, with further work needed to check the robustness and the 
significance of these results. 
 



 
Figure 3 

 
 
Additional figures are added in the appendix section for the interested reader.  

5. Discussion and Limitations 
Based on this work, it is evident that the angle of religious bias remains to be studied further and 
is important for inclusive intelligent systems that aim to unite not divide. These findings show 
interesting trends and patterns, some which were opposite to what was expected, and this could be 
due to different factors. In a world that is starting to wake up to the oppression of one group, it 
would be very easy to superficially fix this bias in a top-level safety filter, but this doesn’t address 
the underlying issues if they exist, thus it is necessary to probe further. Furthermore, countries 
that face scrutiny due to treatment of a minority population are motivated in making sure the 
models they create do not provide evidence against them, as could possibly be the case with China 
and the Uyghur muslims. Additionally, it seems that bias against less mainstream religions could 
slip through the cracks as it wouldn’t be specifically regulated for, and this could be another 
direction to explore.  

Limitations 
Following the discussion of these results, we raise the issue of several project limitations. This 
work was limited by the scope of resources (time, money, number of team members), experience in 
the field, as well as methodology. As discussed in (Mohammad, N. I. S., & Sheikh, T. 2026)2, much of 
the world has moved beyond one-shot prompting to agentic systems, where the discrimination may 



leave more lasting effects if present. However due to the aforementioned constraints and this being 
the first work in AI safety, a simple approach was undertaken.  
 
One very important caveat is that this was a single-author work, under time constraints of partial 
participation in the hackathon (not the entire weekend). During the hackathon there was a period 
of wifi loss of connectivity during inference as well as the judging process, leading to many 
prompts to return errors and discounting them from inclusion, thus reducing the size of the dataset 
and prompt coverage stochastically. Due to the aforementioned resource constraints there was no 
time to re-run and generate new inference or judge responses.  
 
It is possible that the actual model providers already address certain safety issues before serving 
the model to OpenRouter, and using open-weight models may provide more insights regarding the 
possible embedded biases. As more and more open-weight models are developed, shared, and 
implemented in systems for business cases, ensuring these models are constrained in their biases 
becomes more crucial. Additionally, it would have been good to investigate the model internals as a 
result of these prompts, or to attempt reasoning and then study the chain of thought. Activation 
Steering could also be a good approach to studying the model response, why it refuses at times, 
and what it would take to get it to respond. As we know, malicious actors would not stop at the 
first refusal, and may attempt iterative prompting in order to generate racist content, whether 
images or text. There is an observed weakness in the prompts, as they were for the most part 
largely LLM-generated and not modified, absence of refusal of generation of racist content can not 
be taken as proof of absence. Certain prompts generated that were meant to test refusal may 
genuinely be legitimate, while others are not subtle enough to evade the general safety catches. 
Alternatives relating to other religious groups may also face weakness of content, such as the 
prompts relating to laicte(secularism) in France which is a genuine subject a person may debate 
with a chatbot, or the issue of abuse in some churches which was well-reported on in recent years. 
A better comparison would also hold the number of model parameters steady across models, 
however here budget and ease of implementation was a deciding factor as resources were limited.  
It may be difficult to disentangle model origin from training data quality/size/RLHF budget 
differences as well, and it is important to note that the judge LLM could hold its own biases as 
well. The author would have liked to look over the responses manually as well, but time was a 
constraint, thus it’s unknown if certain responses categorized as biased should not be so and vice 
versa.  
The Sikh-France prompts might be weak due to minimal Sikh presence in French public discourse 
as compared to the muslim population and constant debates in media regarding the latter 
population.  
 
In the future, more focused prompts and utilizing open-weight models directly could elicit subtle 
issues that might be present in LLMs. Having now undergone this first attempt in AI safety, the 
importance of great examples in a dataset was further underlined, as if these prompts are 
categorized as not being representative of bias this invalidates the current results.  



 

Future Work 
Next work includes looking at the activations and embeddings, as well as creating better datasets 
for testing. Additionally, building upon the work of  (Mohammad, N. I. S., & Sheikh, T. 2026)2 is a 
worthy pursuit, in an attempt to study this potential bias in deployed agentic systems that affect 
actual day-to-day decisions. Here we looked mainly at model provenance, however it is also known 
that the behaviors and patterns of those contracted for the RLHF work influences the model, and it 
could be interesting to assess based on the different location or possible beliefs held by those 
workers.  
 

6. Conclusion 
To conclude, this work focused on the importance of taking into account multiple factors when 
assessing bias in LLMs. The main results we observe are qualitative differences in how different 
models treat different religious groups, whether across different geopolitical contexts or when 
prompted in different languages, or even different prompt types. While this work was limited by 
resource scope, dataset quality, and model access technique, this remains a valid and critical area 
of study for future work that could aim to probe model internals, or reconstruct this work more 
rigorously.  
 

Code and Data 
Following is the link to the github repository created for this work, which includes the code, 
dataset, as well as the resulting figures.  
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Figure 5 

 
 

 
Figure 6 

 



 
 

 
Figure 7 

 
 

LLM Usage Statement 
LLms were utilized in this work for discussing ideas, implementation approach, data generation 
and augmentation, and coding assistance. Specifically Claude was utilized for the first three, and 
Deepseek via OpenCode was used for all the stated means above.  
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