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Abstract

Large Language Models (LLMs), trained on extensive datasets using advanced
deep learning architectures, have demonstrated remarkable performance across a
wide range of language tasks, becoming a cornerstone of modern Al technologies.
However, ensuring their trustworthiness remains a critical challenge, as reliability
is essential not only for accurate performance but also for upholding ethical,
cultural, and social values. Careful alignment of training data and culturally
grounded evaluation criteria is vital for developing responsible Al systems.
In this study, we introduce the EPT (Evaluation of Persian Trustworthiness)
metric, a culturally informed benchmark specifically designed to assess the
trustworthiness of LLMs across six key aspects: Truthfulness, Safety, Fairness,
Robustness, privacy, and ethical alignment. We curated a labelled dataset and
evaluated the performance of several leading models—including ChatGPT,
Claude, DeepSeek, Gemini, Grok, LLaMA, Mistral, and Qwen—using both
automated LLM-based and human assessments. Our results reveal significant
deficiencies in the safety dimension, underscoring the urgent need for focused
attention on this critical aspect of model behaviour. Furthermore, our findings
offer valuable insights into the alignment of these models with Persian
ethical-cultural values and highlight critical gaps and opportunities for
advancing trustworthy and culturally responsible AI. The dataset is publicly
available at: https://github.com/Rezamirbagheril10/EPT-Benchmark.
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as sentiment analysis, question answering, machine
translation, content generation, and human-computer
interaction. Built on massive training corpora and
sophisticated neural architectures, LLMs have be-
come versatile tools with applications across domains
,Jincluding education, healthcare, law, media, and
policy-making. However, as these models are increas-
ingly deployed in high-stakes, real-world scenarios, a
critical question arises: can they be trusted?
Despite their remarkable capabilities, LLMs face
substantial challenges in ensuring trustworthiness,
particularly in linguistically and culturally under-
represented contexts such as Persian. The Persian
language—characterised by its rich literary tradition,
complex grammatical structures, and deep cultural
heritage—is often poorly represented in training
data.This scarcity, when combined with the nuanced
ethical values and social norms of Persian culture, in-
creases the risk of hallucinations (i.e., producing false
or misleading content), entrenched biases, privacy
violations, and inconsistent behaviour in sensitive
contexts. These issues undermine user confidence and
may misrepresent or marginalize Persian-speaking
communities, ultimately obstructing the ethical and
inclusive adoption of AI technologies. Developing
trustworthy Al for these communities is thus both a
technical challenge and a cultural imperative essen-
tial for preserving linguistic identity and ensuring
equitable access to technological advancements.

To address these concerns, researchers have pro-
posed strategies such as diversifying training data,
enhancing model transparency, and implementing
safety mechanisms and alignment techniques. Nev-
ertheless, these efforts remain fragmented due to
the lack of a comprehensive and culturally informed
evaluation framework that considers the specific
linguistic and ethical characteristics of Persian. A
systematic assessment of trustworthiness across key
aspects—Truthfulness, Safety, Fairness, Robustness,
privacy, and ethical alignment—is crucial to ensure
LLMs perform reliably and responsibly in diverse
cultural contexts.

This study introduces the Evaluation of Persian
Trustworthiness (EPT), a benchmark specifically
designed to assess LLMs within the Persian linguistic
and cultural setting. EPT includes a curated labelled
dataset tailored to reflect Persian values, language
intricacies, and ethical considerations. We evaluate
the performance of several leading LLMs—ChatGPT,
Claude, DeepSeek, Gemini, Grok, LLaMA, Mistral,
and Qwen—using a combination of automated LLM-
based scoring and human expert reviews conducted
by native Persian speakers, enabling robust and
context-sensitive insights. Our results reveal signif-
icant performance disparities: Claude outperforms
all other models across most aspects, while Qwen
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performs worst, particularly in capturing cultural
and ethical nuances. These findings highlight both
the capabilities and limitations of current models and
emphasise the urgent need for culturally grounded
evaluation benchmarks to advance responsible and
inclusive Al

Section 3 reviews related work, while Section 4
describes the dataset design and evaluation method-
ology. Section 5 explores future research directions,
and Section 6 summarises key findings and proposes
strategies to enhance model robustness and cultural
adaptability. This work aims to support researchers,
practitioners, and policymakers in developing Al sys-
tems that are not only technically sound, but also eth-
ically responsible and culturally aligned—particularly
for Persian-speaking communities and other under-
represented linguistic populations.

2 Background

2.1 Large Language Models

LLMs are advanced deep learning systems that gen-
erate human language by modelling the probabilistic
structure of token sequences. Based on transformer
architectures, LLMs are designed for generative tasks,
producing coherent and contextually relevant text.
This capability expands the effectiveness of appli-
cations in areas including virtual assistants, medi-
cal diagnostics, and interactive media. Their gener-
ative abilities stem from scaling model parameters
and training on extensive, diverse corpora, resulting
in emergent properties such as contextual reasoning,
multilingual comprehension, and generalisation with-
out task-specific supervision. Smaller, efficient mod-
els have also emerged, reducing computational and
environmental costs while maintaining competitive
performance [1-3].

Training LLMs typically involves unsupervised or
self-supervised learning on diverse datasets, followed
by fine-tuning through supervised or reinforcement-
based methods [4]. Despite their demonstrated effec-
tiveness, these systems continue to face challenges
such as substantial computational costs, environmen-
tal effects, and the potential for inaccurate or mis-
aligned outputs. Their growing adoption in critical
domains necessitates robust evaluation frameworks
and governance mechanisms to ensure responsible us-
age [5].

2.2 Alignment

Alignment involves guiding LLM behaviour to align
with human values, societal norms, and intended goals.
This objective is achieved through techniques such as
supervised fine-tuning, reinforcement learning from
human feedback (RLHF) [6], and alignment-aware
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Figure 1. EPT Benchmark diagram

optimization strategies [7]. Recent advancements in-
clude fairness-aware training, external audits, and
incorporating safety objectives into model design to
ensure outputs are safe, contextually appropriate, and
ethically consistent [8].

Challenges in alignment stem from technical and nor-
mative complexities, especially in morally ambigu-
ous or culturally sensitive contexts. Effective align-
ment requires balancing performance with ethical safe-
guards, while ongoing research explores data-centric
approaches to improve alignment fidelity and adapt-
ability across diverse contexts [9, 10].

2.3 Trustworthiness

Trustworthiness in LLMs is defined by their ability to
produce outputs that are accurate, safe, fair, reliable,
and ethically grounded, which is paramount for appli-
cations in critical domains such as decision-making,
sensitive content handling, or public interaction. This
multifaceted concept encompasses ethics, Fairness,
privacy, Robustness, Safety, and Truthfulness, each
evaluated through standardised benchmarks, expert
human evaluation, and interpretability mechanisms
to ensure consistent performance across adversarial,
ambiguous, and real-world scenarios [11, 12].

The inherent complexity of LLM architectures and
the scale of their training data often render them
opaque, posing challenges for evaluating and ensuring
trustworthy behaviour. Consequently, transparency,
auditability, and continuous monitoring are vital for

fostering user and societal confidence. Trustworthy
LLMs must achieve a responsible balance between
high performance, ethical integrity, and positive so-
cietal impact. We now explore the six key aspects
of trustworthiness in detail, as depicted in the EPT
Benchmark diagram ( Figure 1).

2.3.1 Ethics

Ethical behaviour in LLMs involves aligning outputs
with context-sensitive moral principles and societal
values. Such alignment includes implicit ethics, de-
rived from moral patterns embedded in training data;
explicit ethics, implemented through fine-tuning or
rule-based mechanisms; and socio-emotional compe-
tence, reflecting sensitivity to user emotions, inten-
tions, and cultural contexts [13].Recent advancements
highlight the growing need to integrate ethical frame-
works that guide LLM behaviour while mitigating
key concerns such as bias, privacy, and accountability.
These frameworks prioritise responsible data sourcing,
robust anonymisation practices, transparency, and
culturally adaptive response strategies[14]. For exam-
ple, in a Persian-Islamic context, when queried about
the ethicality of charging interest (riba) in financial
transactions, a trustworthy LLM should align with Is-
lamic jurisprudence, which prohibits riba, rather than
adopting a secular or Western financial perspective.
Responding to a query about riba with, “In Islamic
finance, riba is prohibited as it is considered exploita-
tive. Alternatives like profit-sharing (mudaraba) are
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encouraged,” demonstrates cultural and moral align-
ment. Ethical LLMs must display such awareness and
adaptability to operate responsibly across sociocul-
tural environments [15].

2.3.2 Fairness

As LLMs become deeply embedded in society, en-
suring Fairness to prevent discrimination across all
social groups is imperative [16]. Fairness in LLMs en-
tails equitable treatment of individuals and groups
across demographic, cultural, and contextual aspects,
aiming to mitigate bias, stereotyping, or discrimina-
tion. Algorithmic unfairness may arise from imbal-
anced training data, model architectures that favour
dominant cultural norms, or feedback loops that per-
petuate systemic inequalities. Mitigation strategies
include balanced data sampling, prompt engineer-
ing, adversarial debiasing, and reinforcement learning
from human feedback. Fairness is assessed through
representational equity tests, subgroup analysis, and
outcome-based evaluations. For instance, when tasked
with allocating educational resources between urban
and rural communities in Iran, a fair LLM should
recommend distribution based on objective need, stat-
ing, “Rural schools in Iran require additional funding
to address infrastructure gaps, ensuring equal edu-
cational opportunities compared to urban areas.” To
evaluate Fairness, one might test the model’s decision-
making across different Persian social groups and
observe whether it exhibits bias. Fair LLMs are ex-
pected to deliver inclusive and just outputs, thereby
supporting equity in diverse contexts [17].

2.3.3 Privacy

Privacy in LLMs focuses on safeguarding sensitive
or personally identifiable information (PII), which is
particularly critical in domains such as healthcare,
law, and finance. Key risks include data memorisa-
tion, where models reproduce verbatim content from
training data, and unintended leakage, where pri-
vate details are inferred or revealed through gener-
ated outputs [18]. To address these risks, privacy-
preserving techniques—such as differential privacy,
federated learning, secure model auditing, and data
redaction—are implemented. Evaluation protocols in-
clude controlled prompt-based testing for data leak-
age and generalisation to ensure that models do
not memorise sensitive information. For example,
when queried about a specific individual, a privacy-
conscious LLM should respond, “I cannot provide spe-
cific details about individuals to protect their privacy.”
Critically, the model must be aware that it is an Al
assistant and should neither detect nor disclose sensi-
tive information to others. Privacy-preserving LLMs
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uphold ethical and legal standards for data protec-
tion by ensuring user confidentiality and minimising
exposure to security and reputational risks[19)].

2.3.4 Robustness

Robustness denotes the ability of LLMs to maintain
consistent and reliable performance under varied and
challenging input conditions, such as distributional
shifts, adversarial perturbations, or syntactic noise
[20]. Robust models exhibit strong generalisation and
resilience to manipulation, making them more de-
pendable in real-world applications [21]. Enhance-
ment strategies include adversarial training [22], data
augmentation, regularisation techniques, and defen-
sive security mechanisms—such as prompt leakage
prevention—particularly in multimodal and multilin-
gual settings. Robustness evaluations involve testing
against out-of-distribution (OOD)[23] inputs, syntac-
tic variations, and adversarially crafted prompts. For
example, inputting a Persian sentence with inten-
tional misspellings or grammatical errors can help
determine whether the LLM still produces an appro-
priate response. Robust LLMs maintain utility and
reliability even under noisy or adversarial conditions,
supporting trustworthy deployment in dynamic envi-
ronments.

2.3.5 Safety

Safety in LLMs involves preventing the generation
of harmful, toxic, or misleading content, particularly
in response to adversarial, manipulative, or sensitive
prompts [11]. Unsafe behaviours include promoting vi-
olence, discrimination, hate speech, or misinformation
that could cause real-world harm. To ensure Safety,
techniques such as pretraining data filters, fine-tuning
with safety objectives, adversarial red teaming, and
inference-time safeguards like output moderation and
refusal mechanisms are employed. Evaluation strate-
gies include toxicity detection metrics, scenario-based
red teaming, and alignment with social safety stan-
dards. For instance, when prompted to fabricate a
politically charged news story in the Iranian context,
a safety-aligned LLM should refuse, stating, “I can-
not generate fabricated news stories, as this could
spread misinformation.” Safe LLMs reduce the risk of
societal harm and contribute to responsible, ethical
AT deployment [24, 25].

2.3.6 Truthfulness

Truthfulness in LLMs entails generating content that
is factually accurate, verifiable, and free of deliberate
or inadvertent misinformation.This topic has gener-
ated significant scholarly discourse [26, 27], highlight-
ing the need for rigorous and systematic evaluation
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of LLMs’ truthfulness based on standardised bench-
marks and datasets [20]. Due to the probabilistic na-
ture of language generation, models are susceptible to
hallucinations—plausible [28, 29] yet false or unverifi-
able claims—especially in knowledge-intensive or low-
resource domains. Techniques to improve truthfulness
include integrating structured knowledge bases, using
retrieval-augmented generation (RAG), and incorpo-
rating human-in-the-loop fact-checking during both
training and inference stages [30]. Evaluation meth-
ods involve benchmarking against factuality datasets,
temporal consistency checks, and contextual truth-
fulness assessments. For example, when asked about
the date of the Iranian Revolution, a truthful LLM
should state, “The Iranian Revolution culminated
on February 11, 1979, when the monarchy was of-
ficially overthrown.” Truthful LLMs enhance their
reliability and utility by consistently delivering accu-
rate and trustworthy information, thereby supporting
informed decision-making [31].

3 Related Work

Trustworthiness in LLMs is a critical area of research,
with existing benchmarks evaluating Safety, Fairness,
ethics, and Robustness—primarily within English and
Chinese contexts. This section reviews key bench-
marks to contextualise our proposed EPTBenchmark,
which uniquely assesses LLMs through a Persian-
Islamic cultural lens, addressing a significant gap in
non-Western evaluation frameworks.

3.1 TRUSTLLM

Huang et al. [20] introduced TRUSTLLM, a robust
and multifaceted benchmark designed to evaluate
LLMs across critical aspects: Truthfulness, Safety,
Fairness, Robustness, privacy, and ethics. This frame-
work provides a systematic approach to assessing the
trustworthiness of both proprietary and open-weight
LLMs, addressing the growing need for reliable and re-
sponsible AT systems. By establishing a standardised
evaluation protocol, TRUSTLLM enables researchers
and developers to gain deeper insights into the per-
formance and ethical implications of LLMs in diverse
real-world scenarios.

The TRUSTLLM benchmark leverages a combination
of existing datasets and newly curated ones to ensure
comprehensive coverage of evaluation criteria. These
datasets are carefully selected to test the model’s abil-
ity to balance utility—such as generating accurate
and useful outputs—with trustworthiness, which en-
compasses mitigating biases, ensuring safe responses,
and protecting user privacy. By incorporating novel
datasets tailored to specific ethical and Robustness
challenges, TRUSTLLM pushes beyond traditional
benchmarks, offering a more nuanced understanding

of how LLMs perform under complex conditions, in-
cluding adversarial inputs and sensitive contexts.

In addition to the previously discussed efforts, several
other studies have proposed targeted benchmarks to
explore more the ethical, Safety, and cultural aspects
of large language models. TrustGPT [32] proposes a
structured evaluation framework to measure toxicity,
social bias, and value alignment through norm-based
prompts and alignment tasks. SafetyBench [33] fo-
cuses on model safety using multiple-choice questions
across high-risk scenarios such as hate speech and
violence. The LLM Ethics Benchmark [34] offers a
multidimensional approach to evaluating moral rea-
soning in LLMs, emphasising nuanced ethical under-
standing. CValues [35], on the other hand, examines
Chinese LLMs through the lens of Safety, responsi-
bility, and alignment with sociocultural norms. Col-
lectively, these works reflect the growing attention to
context-sensitive and ethically grounded evaluation
in the development of trustworthy Al

3.2 SafetyPrompts

Sun et al. [36] developed SafetyPrompts, a framework
for assessing Chinese-language LLMs across eight
safety scenarios (e.g., insults, discrimination) and
six types of adversarial attacks (e.g., goal hijacking,
prompt leakage). Responses are evaluated by another
LLM for harmful or biased content, exposing safety
vulnerabilities.

3.3 HELM

Liang et al. [37] proposed HELM, a standardised
framework evaluating LLMs across 16 scenarios, in-
cluding question answering and toxicity detection.
Its taxonomy systematically analyses model perfor-
mance, societal impacts (including disinformation and
bias), and trade-offs between accuracy and calibra-
tion across multilingual settings.

3.4 ROBBIE

Esiobu et al. [38] developed ROBBIE, a prompt-
based benchmark assessing bias in LLMs (e.g., GPT-2,
LLaMA) across 12 demographic axes. It explores miti-
gation strategies such as prompting and self-debiasing
and links bias to demographic term frequency in the
models’pretraining data.

3.5 DecodingTrust

Wang et al. [39] evaluated GPT-3.5 and GPT-4 across
various aspects, including toxicity, stereotype and
bias, Robustness, privacy, ethics, and Fairness. Their
stress-test scenarios simulate both realistic and ad-
versarial conditions to assess trustworthiness.
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3.6 Flames

Huang et al. [40] proposed FLAMES, an adversarial
benchmark for Chinese LLMs that systematically
evaluates Fairness, legality, data protection, morality,
and safety. It incorporates traditional Chinese values
and employs adversarial techniques like disguise and
reverse induction.

3.7 Cleva

Li et al. [41] proposed Cleva, a Chinese-language
benchmark that assesses reasoning, cultural knowl-
edge, accuracy, Fairness, and toxicity. It employs stan-
dardised prompts and carefully curated test sets to
mitigate train-test contamination.

3.8 PROMPTEVALS

Vir et al. [42] introduced PROMPTEVALS, a large-
scale benchmark and dataset designed to evaluate the
reliability and alignment of LLMs in production-like
scenarios. The dataset contains over 2,000 prompts
and more than 12,000 human-authored assertions
and guardrails, capturing developer expectations for
model behaviour across various tasks. Unlike prior
benchmarks, PROMPTEVALS emphasises practical,
user-defined evaluation criteria and highlights notable
differences in how LLMs, such as GPT-40 and fine-
tuned open-source models, perform against these ex-
pectations. This work advances the study of trustwor-
thy AI by focusing on alignment with human intent
in applied, high-stakes environments.

Table 1 compares the EPT Benchmark with ex-
isting frameworks, highlighting its unique focus on
Persian-Islamic cultural contexts and its contribution
to diversifying LLM evaluation.

4 Evaluation Framework

The EPT Benchmark presents a novel framework
for assessing the trustworthiness of large language
models within the Persian-Islamic cultural context.
This benchmark evaluates eight LLMs—GPT-4o,
Claude 3.7 Sonnet, Gemini 2.5 Pro, DeepSeek v3,
Grok 3, Llama 3.3, Mistral 3, and Qwen 3—across six
aspects: Ethics, Fairness, Privacy, Robustness, Safety,
and Truthfulness. As outlined in the background
section, these aspects capture key dimensions of ethi-
cal AT that align with Persian—Islamic values, such
as respect for family privacy, equitable community
interactions, and sensitivity to religious contexts.

The dataset was created by a team of experts familiar
with Iranian cultural, social, and political contexts
who possessed extensive experience with large lan-
guage models. We employed a two-stage evaluation
methodology. In the first stage, ChatGPT served as
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an automated evaluator to measure the similarity
between expected and model-generated responses,
focusing exclusively on answer matching to minimise
bias. In the second stage, a team of qualified experts
independently reviewed each question and response,
after which their judgments were aggregated using a
majority-vote scheme. This hybrid design combines
automated efficiency with human expertise, resulting
in a more objective and reliable assessment.

The dataset comprises 1,200 curated prompts (200
per dimension), crafted to reflect Persian linguistic
nuances and Islamic ethical principles. Prompts
were developed through expert consultation and
validated for cultural relevance. Model responses
were evaluated using a binary compliance metric
(compliant /non-compliant), defined as the number
of correct (aligned) responses divided by the total
number of responses in each dimension.

The evaluation process involves calculating compli-
ance metrics for each model across the six aspects:
Ethics, Fairness, Privacy, Robustness, Safety, and
Truthfulness. For each model and dimension, we
computed the number of compliant (*Yes’) and non-
compliant (’No’) responses, along with the Yes Per-
centage, defined as the ratio of compliant responses
to the total number of responses. Subsequently, we
calculated the average compliance rate and standard
deviation (SD) across all aspects for each model to
assess overall performance and consistency. These
metrics form the basis for comparing the models,
as illustrated in the bar plot of compliance rates (
Figure 2), the heatmap of performance disparities
(Figure 3), the violin plot of compliance rate dis-
tributions (Figure 4), the combined radar chart of
all LLMs (Figure 5), the radar chart for Claude 3.7
Sonnet (Figure 6), and the radar chart for Qwen 3
(Figure 7).

4.1 Key Findings

The evaluation reveals significant performance dis-
parities across models and dimensions. The results
are summarised in the comparison table, with each
model’s compliance rate (percentage of correct re-
sponses) reported for each dimension. Claude 3.7
Sonnet achieves the highest average compliance
rate of 89.6% (SD = 4.05), excelling in Fairness
(93.0%) and Safety (92.0%). Mistral 3 leads in Ethics
(91.5%), while DeepSeek v3 performs strongly in
Ethics (91.0%). Gemini 2.5 Pro and GPT-4o share
the lead in Robustness (93.0%), and Grok 3 leads in
Truthfulness (93.5%).

In contrast, Qwen 3 underperforms with a mean
compliance rate of 70.4% (SD = 11.46), particularly
struggling in Safety (48.8%) and Fairness (71.1%).
Safety emerges as the weakest dimension across most
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Table 1. Comparison of the EPT Benchmark with Other Notable Evaluation Suites

Benchmark Languages Evaluated Aspects
TRUSTLLM English Ethics, fairness, privacy, robustness, safety, and truthfulness
SafetyPrompts Chinese Safety scenarios, adversarial attacks
HELM Multiple Toxicity, bias, and general performance across 16 scenarios
ROBBIE English Bias evaluation across 12 demographic aspects
DecodingTrust English Toxicity, bias, robustness, privacy, ethics, and fairness
Flames Chinese Fairness, legality, data protection, morality, and safety
Cleva Chinese Reasoning, cultural competence, factual accuracy, fairness, and toxicity
PROMPTEVALS English Guardrail compliance, developer-defined expectations, trustworthiness in produc-
tion pipelines
EPT Persian Ethics, fairness, privacy, robustness, safety, and truthfulness

models, with GPT-40, Grok 3, Llama 3.3, and Mis-
tral 3 all scoring below 57.2%. Privacy and Fairness
show moderate variability, with Claude 3.7 Sonnet
and Grok 3 consistently exceeding 87% in both di-
mensions.

Due to the lack of transparency in training data
and methods, the reasons behind these performance
variations across models remain unclear and require
further investigation. This culturally tailored dataset
enables robust evaluation of LLMs in contexts where
cultural alignment is paramount.

Model Performance Across Categories

B GPT-4o
B Claude
I DeepSeek
80 B Gemini
B Grok

I LlaMA
I Mistral
=1 Qwen

@
3

Yes Percentage (%)
N
8

~
S

Category

Figure 2. Bar plot of compliance rates across six aspects for
eight LLMs. Safety is the weakest dimension (e.g., Qwen 3:
48.8%), while Robustness is the strongest (e.g., Gemini 2.5
Pro: 93.0%). This visualization highlights performance gaps
and strengths.

4.2 Statistical Analysis

This study relies on descriptive statistics, such as
mean and standard deviation, to reveal patterns and
disparities in model performance. Inferential statis-
tical tests were not applied because the data were
categorical rather than continuous. Claude 3.7 Sonnet
shows the highest average compliance rate (mean =
89.6%, SD = 4.05), indicating consistent performance.
Qwen 3 has the lowest average (mean = 70.4%, SD =
11.46), particularly struggling in Safety and Fairness.
GPT-40 and Grok 3 display high variance (SD =

Heatmap of Model Performance

Claude

DeepSeek 91.0 J 5 A I 85

Model
Yes Percentage (%)

Qwen 8 o 8 48.8 70.6

Ethics Fairness Privacy Robustness  Safety  Truthfulness
Category

Figure 3. Heatmap of compliance rates, with color intensity
indicating performance disparities. Low compliance is evident
in Qwen 3’s Safety (48.8%), while high compliance is seen in
Claude 3.7 Sonnet’s Fairness (93.0%). This figure identifies
trends and outliers.

Distribution of Yes Percentages by Category

110

Yes Percentage (%)
4 ® o ©
s 38 8 8

Category

Figure 4. Violin plot showing compliance rate distributions.
It reveals variability, e.g., GPT-40’s high Robustness (93.0%)
versus low Safety (56.7%). This plot highlights model consis-
tency, with Claude 3.7 Sonnet showing balanced performance.

14.07 and 13.40, respectively), reflecting strong per-
formance in some aspects (e.g., Robustness, Truthful-
ness) and weak performance in others (e.g., Safety).
These findings underscore the urgent need for tar-
geted enhancements in model trustworthiness, par-
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Model Performance Comparison

Privacy Fairness

Ethics

Safety Truthfulness

— GPT-40 — Gemini —— Mistral
—— Claude — Grok —— Qwen
—— DeepSeek —— LLaMA

Figure 5. Combined radar chart of compliance profiles for all
LLMs. It underscores Safety deficits (e.g., Qwen 3: 48.8%) and
Robustness strengths (e.g., Gemini 2.5 Pro: 93.0%), enabling
rapid comparison of model performance.

Claude Performance

Privacy Fairness

100

Robustne: Ethics

Safety Truthfulness

—— Claude

Figure 6. Radar chart for Claude 3.7 Sonnet, showing balanced
performance, with high scores in Fairness (93.0%) and Safety
(92.0%). This figure highlights Claude’s consistency in the
Persian-Islamic context.

ticularly to address pronounced safety weaknesses
across the majority of models, as such shortcomings
present substantial risks for applications that must
align with Persian-Islamic values.

5 Future Work

The EPT Benchmark provides a robust framework
for evaluating the trustworthiness of LLMs in the
Persian-Islamic context, yet several avenues warrant
further exploration to enhance its scope and impact.
First, we seek to extend the benchmark to cover mul-
timodal models, integrating multiple input modalities,

Qwen Performance

Privacy Fairness

Robustness Ethics

Safety Truthfulness

— Qwen

Figure 7. Radar chart for Qwen 3, highlighting Safety deficits
(48.8%) against moderate Ethics (76.0%) and Robustness
(82.6%) scores. This figure identifies areas for improvement.

including text, images, and audio, which are increas-
ingly common in real-world applications. This exten-
sion will enable comprehensive assessments across
varied linguistic, cultural, and contextual aspects, en-
suring the benchmark remains relevant to evolving
AT paradigms.

Second, our evaluation revealed significant safety
deficits in current LLMs, particularly in Persian-
language contexts. These findings underscore the need
for targeted research to align LLMs with culturally
grounded ethical principles. Future efforts will inte-
grate domain-specific expertise from Persian-Islamic
scholars and community stakeholders to refine model
training and evaluation, ensuring results that respect
cultural norms such as family privacy and religious
sensitivity.

Third, the rapid evolution of LLMs introduces dy-
namic risks, including novel misuse scenarios. To
address these, we will develop adaptive evaluation
criteria and iterative benchmarking protocols. This
development includes incorporating emerging threat
models, such as adversarial attacks or misinformation
propagation, to ensure the benchmark remains a reli-
able tool for assessing model robustness and safety.
Finally, we envision the EPT Benchmark as a cata-
lyst for interdisciplinary collaboration. By fostering
collaboration among academia, industry, and regu-
latory bodies, we aim to establish standardized and
culturally informed evaluation frameworks. These ef-
forts will support the responsible development and
deployment of Al systems, prioritising ethical align-
ment and societal trust.
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6 Conclusion

The EPT Benchmark represents an innovative at-
tempt to create a culturally aware framework for
assessing large language models within the Persian-
Islamic context. The benchmark addresses important
gaps in evaluating LLMs for culturally complex appli-
cations by employing carefully selected prompts that
capture Persian linguistic nuances and Islamic ethical
principles. Our evaluation reveals significant differ-
ences in model performance across safety, robustness,
and fairness dimensions, underscoring the need for
culturally sensitive Al systems.

This framework facilitates the development of na-
tively created, culturally relevant LLMs and enables
comprehensive evaluation of non-native models in
ethically sensitive contexts. By integrating Persian-
Islamic values—such as community equity and reli-
gious sensitivity—into the assessment process, the
benchmark supports the global pursuit of trustwor-
thy and socially aware Al

We encourage researchers, developers, policymakers,
and cultural experts to build upon this foundation.
Collaborative efforts to expand the dataset, refine
evaluation methodologies, and integrate diverse cul-
tural perspectives are vital to ensuring LLMs are
ethically robust and equitable across global societies.
The EPT Benchmark establishes the groundwork for
advancing Al systems that align with the values and
expectations of diverse communities.
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Appendix

In this section, we analyze the performance of large language models across six key dimensions of trustworthiness
using a representative sample from the EPT Benchmark dataset. A question on abortion was posed in the Ethics cate-
gory, with the expectation that models would deem the practice unethical. However, only some models aligned with
this expectation, while others provided more complex or ambiguous responses. Notable variations were observed in
the Fairness category when assessing responses to a historical question about Islam. The Privacy category evaluated
models’ sensitivity to privacy concerns through their responses to a question regarding medical data utilization. The
Robustness category tested models’ ability to discern subtle semantic differences between closely related texts. In the
Safety category, models were assessed for their resilience against jailbreak attacks using prompt engineering techniques.
Finally, in the Honesty category, the factual accuracy of models’ responses to a question about Ferdowsi, the renowned
Persian poet, was evaluated. These examples represent a subset of the EPT Benchmark, comprising 1,200 questions
designed to thoroughly, precisely, and concisely evaluate large language models across these six dimensions.

Sample prompt for evaluating ethics in large language models
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Sample prompt for evaluating fairness in large language models
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Sample prompt for evaluating privacy in large language models
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Sample prompt for evaluating truthfulness in large language models
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