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Abstract
This paper investigates the ability of LLMs to identify culturally sensitive communication in
European Portuguese, in comparison with human performance. The study addresses cross-cultural
communication issues arising within a single language, including miscommunication, bias, framing,
and stereotyping. The task is formulated as a multi-component problem combining detection,
classification, span identification, and reformulation of problematic content. A dataset of 60
sentences, balanced between problematic and neutral instances, was constructed from real-world
corpora and annotated by expert linguists. Three open-weight multilingual models were evaluated
alongside human annotators with diverse backgrounds. Results show that LLMs achieve high
accuracy in detecting problematic content, outperforming non-expert participants and approaching
expert performance. However, both models and humans exhibit low agreement in the classification of
communication issues, reflecting the conceptual overlap between categories. While models generate
consistent reformulations, they show limitations in span precision and contextual interpretation.
The findings highlight a gap between detection and interpretation capabilities and support the use
of LLMs as assistive tools in cross-cultural communication tasks, particularly in politically sensitive
contexts.
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1 Introduction

In political deliberation processes, both deliberate and unintended communication barriers
may arise either during translation or within the same language, potentially hindering
effective interaction [9]. Even within the same language, the meaning and interpretation
of words can be mediated by the sociocultural context, political views and educational or
vocational background of both the speaker and the listener [28, 26, 3]. While considerable
effort is devoted to ensuring accuracy in machine translation, particularly in preserving
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meaning between source and target languages [16], there exists a tendency to assume that
no further “translation” is required within a single language. That is, it is often assumed
that communication issues are solved when two communicators share the same language.
However, linguistic research has demonstrated that speakers of the same language may not
necessarily share the same semantic or pragmatic interpretations [17, 11]. For instance, a
British English speaker instructing an American English speaker to “put out a fag” refers to
a cigarette, whereas in North American usage the term “fag” carries a derogatory meaning.
In this example, the listener may interpret the statement as offensive, leading to defensive or
confrontational communication dynamics.

1.1 The MultiPoD project
The work presented here is situated within the MultiPoD project1, whose objective is to align
communication between participants in a multilingual space toward a shared understanding,
thereby reducing barriers to effective communication and enhancing democratic participation
and political deliberation. While misalignments in cross-lingual communication may primarily
result from incorrect or ambiguous translation, cross-cultural communication issues often
arise between interlocutors using the same language, whether natively or through translation.
Such issues typically originate in differences between the speaker’s intended meaning and
the listener’s interpretation, including cases of miscommunication, misinterpretation, and
misunderstanding [28, 27].

A range of issues may emerge in cross-cultural communication, and communication studies
and sociolinguistics have proposed various classifications of problematic or sensitive language
contributing to it. These commonly include categories such as insult, provocation, prejudice or
bias, stereotyping or discrimination, framing, cultural misunderstanding, including pragmatic
failure, cultural insensitivity, and misogyny or gender bias [31, 8, 29]. Although no single
standardized taxonomy exists, and individual cases may fall into multiple categories or
be subject to disagreement among human interpreters, such classification frameworks are
useful for ensuring comprehensive coverage of cross-cultural communication phenomena. In
particular, they should help capture more implicit forms of communication barriers that
arise from cultural context rather than explicit use of offensive language.

The present study constitutes an exploratory step towards this broader objective, fo-
cusing on the evaluation of LLM performance in identifying and reformulating culturally
sensitive communication phenomena in European Portuguese. Given the pragmatic and
sociocultural complexity of such phenomena, the operationalisation of annotation categories
presents important methodological challenges. In particular, certain categories may partially
overlap in practice, and both human annotators and language models may legitimately
diverge in their interpretation of specific cases. Rather than assuming the existence of fully
discrete or universally agreed-upon labels, the study examines how these challenges affect
the computational treatment of cross-cultural communication.

1.2 Culturally sensitive language model: goal and research question
To address these challenges computationally, a fine-tuned language model for cross-cultural
understanding is being developed in MultiPoD, supported by a culture-specific knowledge
graph that encodes lexical and conceptual knowledge associated with specific sociocultural,

1 https://multipod-project.eu
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political, and economic contexts. The integration of structured knowledge with language
models has been shown to improve contextual understanding and interpretability in NLP
systems [14, 22]. In this framework, both the language model and the knowledge graph are
made available to cross-cultural communication processes, supporting functionalities such as
content transformation, summarization, and recommendation. This approach aims to enable
the detection, interpretation, and mitigation of communication barriers before these adversely
affect interaction between participants. In the context of political deliberation, such tools
have the potential to support smoother communication processes and, consequently, more
effective deliberation outcomes.

A culturally-sensitive language model is defined as being able to identify potential
cross-cultural misunderstandings and to propose alternatives that support effective cross-
cultural communication. The model is expected to evaluate multiple dimensions of linguistic
appropriateness, including the use of polite and respectful language, the use of gender-inclusive
expressions, the avoidance of stereotypes and generalizations, particularly in relation to
the “people-first” principle, the use of accessible and plain language, minimizing reliance on
specialized or technical terminology, and the avoidance of implicit cultural norms or cultural
meanings while allowing for cultural diversity, [26, 12, 2].

Within the project, and focusing on European Portuguese, the goal of the work presented
here is to assess whether existing models can support culturally sensitive communication
in European Portuguese, achieving over 90% accuracy in the detection of cross-cultural
communication problems and over 80% relevance in the suggested reformulations of the text,
as defined in the project proposal.

2 Related work

Recent research has focused on culture and LLMs, including determining if models are
culturally sensitive and how culturally sensitive models they are. Such research has shown
that performance cannot be reduced to language performance or multilingual coverage.
Model outputs are shaped by culturally uneven training data, prompting language, and the
evaluation framework itself.

Concerning cultural values and cultural alignment in LLMs, Leet at al. [18] argue that
mainstream LLMs are biased toward cultures overrepresented in English-dominant training
corpora and propose a cost-effective fine-tuning approach based on World Values Survey
(WVS) data [13] plus semantic data augmentation. Their experiments cover 9 cultures,
including Portuguese, and show that culture-specific adaptation can improve performance
on downstream culture-related tasks such as offensive language, hate, toxicity, stance, and
bias detection. However, they work on a multilingual setting covering Brazil and parts of
Latin America, and do not address European Portuguese. Bulte and Terryn [4] provide an
explicit comparison between model outputs and human cultural values. Using 10 LLMs, 63
items from the Hofstede Values Survey Module [10] and the WVS, and prompts translated
into 11 languages, the authors show that both prompt language and cultural framing affect
model responses. Their results suggest that prompting in a local language may change
responses, but in existing LLMs that does not necessarily make responses more human-like
or culturally faithful. Related evidence also appears in the context of cultural bias mitigation.
For instance, Narayan et al. [21], compare a general model with a model incrementally
trained on Black history and culture, showing that targeted cultural enrichment can reduce
racial and cultural bias in generated summaries. The paper supports the broader claim that
culturally grounded data and evaluation are necessary if LLMs are to be trusted in socially
sensitive communicative settings.

SLATE 2026
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Focusing on multilingual and community-specific adaptation, El Mekki et al. [7] point out
that adaptation pipelines that rely only on machine translation from English may transfer
the source culture together with the source text. They propose a combined strategy using
translation, controlled synthetic generation with local personas, and retrieval of community-
specific cultural knowledge. Their proof of concept for Egyptian and Moroccan Arabic shows
that adaptation should jointly consider language, cultural heritage, and cultural values, but
use external fixed resources to do so. This concern is echoed by Van Doren and Holland [30],
where in a human evaluation study of 87 translations across 24 dialects of 20 languages,
they show that even when LLM outputs are grammatically acceptable, figurative language,
idioms, puns, and audience-sensitive localization often remain problematic and require
human revision. Although covering Portuguese, they focus on translation and cover Brazilian
and not European varieties. However, their work demonstrates that human assessment is
indispensable to ensure cultural appropriateness and communicative adequacy.

A complementary perspective is provided by Luo [20], who proposes a Cross-Cultural
Adaptation Framework for multilingual LLMs. This framework explicitly models cultural
adaptation as a multi-stage process involving (i) cultural context detection, (ii) knowledge
integration, (iii) adaptive response generation, and (iv) cultural evaluation. The architecture
organizes these components into a pipeline where cultural information is progressively
incorporated into the generation process. Empirical results show substantial improvements
in cultural appropriateness (around 91% compared to 62–83% for baselines), highlighting
that systematic integration of cultural knowledge outperforms translation-only or prompt-
based approaches. Importantly, cultural adaptation must operate at lexical, pragmatic, and
contextual levels and evaluation requires dedicated metrics capturing cultural appropriateness
rather than relying solely on generic NLP metrics.

The role of human comparison and human expertise is also addressed in recent research.
Aleem et al. [1] show that generic LLMs can fail in culturally nuanced interactions because of
limited adaptability, weak cultural humility, and insufficient understanding of user perspective.
Building on this gap, Liu [19] introduce the CultureCare dataset and compare adapted LLM
responses with human peer responses using LLM-as-a-Judge, in-culture human annotators,
and clinical psychologists. Although their domain is emotional support, their methods and
results show that culturally sensitive communication benefits from comparison with human
responses.

Several studies focus on harmful, biased, or implicit language, considering these as highly
relevant to cross-cultural communication because many communicative failures are indirect.
Cheremetiev et al. [5] propose specializing general-purpose LLM embeddings to address
implicit hate speech, which operates through subtle cues, sarcasm, stereotypes, and context-
dependent meanings. Likewise, Cheriyan et al. [6] treat offensive language as communication
that can be harmful on moral, social, religious, or cultural grounds and propose not only
detection but also reformulation for conflict reduction. These studies motivate the need
to include indirect, pragmatic phenomena, not just clearly offensive language, as part of
cross-cultural communication problems.

Related work shows that LLMs are consistently affected by cultural bias and often default
to dominant perspectives. However, multilingual prompting or translation does not guarantee
on its own culturally appropriate communication. The evaluation of the systems requires
also human judgment, especially in tasks involving nuance, reformulation, implicit meaning,
and social acceptability. Nonetheless, the setting targeted in the present paper, namely cross-
cultural communication in the same language, and the direct comparison between human
and language models performance on detecting and reformulating culturally problematic
communication is still not addressed.
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3 Methodology and experimental setup

This section describes the methodology and experimental setup used, namely in what concerns
task design, evaluation data, interaction protocols, and evaluation metrics.

3.1 Task definition

As our study focuses on comparing multilingual LLMs and human performance in supporting
culturally sensitive communication, the task was formulated as a multi-component problem
combining detection, classification, span identification, and reformulation.

Given an input sentence, both models and human annotators were required to:

determine whether the sentence contains a cross-cultural communication issue (binary
classification),
identify the specific textual span(s) responsible for the issue,
assign one or more labels describing the type of communication problem.
generate an alternative formulation that mitigates the issue while preserving the original
meaning.

This formulation aligns with prior work on text simplification and controlled text genera-
tion, where both semantic fidelity and pragmatic appropriateness are essential dimensions of
performance [32, 24].

3.2 LLMs and human evaluation

3.2.1 Model selection

Model selection was guided by three main criteria: (i) multilingual capability with support
for Portuguese, (ii) computational feasibility for local execution and fine-tuning, and (iii)
availability within a reproducible deployment environment. The selection also focused on
medium-sized language models that can be executed, and, if necessary, fine-tuned, within
a reasonable computational time frame. In addition to computational efficiency, a key
requirement was that the models be available as open-source or open-weight implementations,
thereby enabling reproducibility and potential adaptation to the specific requirements of the
task.

Model selection was further constrained to models available for loading and inference
via non-proprietary libraries or APIs so that we could re-use the same evaluation code
rather than build a new evaluation pipeline for every new model. We looked at Ollama
and HuggingFace, which both allow model downloading onto a local machine for inference,
with preference given to models already adopted across application domains and actively
maintained. This ensures both practical usability and long-term sustainability.

Based on these criteria, the following models were selected: mistral-7b-portuguese2,
OpenEuroLLM Portuguese3, and gervasio:8b4.

2 https://ollama.com/cnmoro/mistral_7b_portuguese
3 https://ollama.com/jobautomation/OpenEuroLLM-Portuguese
4 https://huggingface.co/PORTULAN/gervasio-8b-portuguese-ptpt-decoder
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3.2.2 Human evaluators
The group of human evaluators consisted of seven participants recruited from university
staff and the researchers’ wider network, ensuring diversity in background, as detailed in
Figure 1. The group included three experts in Linguistics, alongside contributors from
other disciplinary areas, supporting a range of interpretative perspectives. This diversity
is particularly relevant in cross-cultural communication, where sensitivity to pragmatic
meaning, implicature, and sociocultural norms may vary across individuals [28, 11, 27]. In

Figure 1 Sociodemographic information of human evaluators.

addition to disciplinary diversity, the evaluator group also included participants with lived
experience connected to communities that are frequently affected by bias in automated and
AI-mediated communication systems, including members of LGBTQ+ communities and
individuals from immigrant and racialized backgrounds. While these characteristics were not
formally operationalized as variables in the study, their presence contributed to a broader
range of interpretative perspectives during the evaluation process, particularly regarding
sensitivity to sociocultural nuance, representation, and potential bias in generated content.

3.3 Experimental setup

3.3.1 Category set
The set of categories considered as potentially culturally sensitive are presented in Figure 2.
These categories were based on existing literature, and their definitions were designed both
for human interpretation and LLM processing. Although certain categories may appear
conceptually similar, such as “Insult” and “Provocation”, important distinctions remain
between them. For instance, the sentence If you do not support this measure, it is because
you live in a completely different world. would be categorized as Provocation rather than
Insult, since it does not exhibit the salient ad hominem features that typically characterize
insults.

Figure 2 Categories used in the task.
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3.3.2 Evaluation Data

The evaluation dataset consists of 60 sentences: 30 containing the cross-cultural commu-
nication issues considered, and 30 neutral sentences (i.e., without such issues). Ensuring
a balanced representation of problematic and “null” cases is essential for reliable evalu-
ation [23, 15].

Constructing a data set of sentences exemplifying cross-cultural communication issues,
along with their classification, annotated spans, and neutral reformulations, represents several
methodological challenges. Approaches based solely on expert-generated data do not scale
effectively [25] and may fail to capture the full range of implicit pragmatic and sociocultural
phenomena. To mitigate these limitations, real-world examples were collected from the
Portuguese Web 20235 (European Portuguese subcorpus) and the MIGRANTE.PT corpus6,
and subsequently validated, classified and annotated by native European Portuguese linguists.

The categorization framework adopted in this study was established during a preliminary
analytical phase conducted by the researchers, drawing on existing literature on cross-cultural
communication and pragmatic interpretation. This process resulted in the predefined category
set presented in Figure 2, as well as the reference annotations associated with the evaluation
dataset. The subsequent evaluation phase did not seek to generate categories inductively;
rather, both human evaluators and LLMs were asked to identify, classify, and reformulate
instances according to the predefined framework. Consequently, the comparison evaluates
the extent to which human participants and LLMs aligned with the reference categorization
and annotations established during dataset construction.

3.3.3 Interaction protocol

The human evaluation followed a multi-task protocol combining binary classification (neutral
vs. problematic), categorization of communication issues, span identification, and refor-
mulation of problematic content. Each participant analyzed the same evaluation set of 60
sentences. For each sentence, participants were asked to:

indicate whether it was neutral or problematic;
if problematic, assign one or more categories based on the predefined labels (Figure 2);
identify the specific word(s) or phrase(s) conveying the problematic content (span);
provide a neutral reformulation of the identified text.

The annotation task was conducted without prior training, using only brief instructions
and label definitions. To minimize ordering effects, sentences were presented in randomized
order. The task was administered online using the Gorilla platform7 between November and
December 2025.

LLMs were prompted to process each input sentence and produce outputs in a structured
JSONL format, consistent with the reference annotations, as indicated in Figure 3.

This format includes classification (problematic vs. non-problematic), span identification,
category labels, and reformulated text. The use of a structured output format enabled
systematic and programmatic comparison between model predictions and human annotations.

5 https://www.sketchengine.eu/pttenten-portuguese-corpus/
6 https://clunl.fcsh.unl.pt/recursos-em-linha/corpora/migrante-pt/
7 https://gorilla.sc/
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Figure 3 Example of the prompt and JSONL format.

3.4 Evaluation metrics
Task design facilitated programmatic analysis of responses in comparison with the original
evaluation dataset. Performance was evaluated using multiple complementary metrics, each
capturing a different aspect of the task:

Accuracy score based on the binary classification of each sentence (problematic/not
problematic)
Token-level recall score (span detection) on the overlap between the reference and annot-
ated spans
Accuracy of the classification of the type of cross-cultural communication issue
Semantic similarity measure (reformulation quality) between the reference alternative
text and the generated reformulations.

The evaluation of reformulations follows approaches used in text simplification and
bias mitigation, where both semantic fidelity and pragmatic appropriateness are considered
essential.

4 Results

4.1 Human evaluation
The results of the human evaluation task are summarized in Figure 4 and cover three main
dimensions: binary classification accuracy, categorization agreement (measuring the degree
to which participants assigned the same categories as the reference annotations), and span
detection.

Inter-rater agreement for the binary classification task was calculated using Fleiss’ K.
Expert participants achieved substantial agreement (K = 0.744, p < 0.001), whereas non-
expert participants achieved fair agreement (K = 0.232, p < 0.05). These results further
reflect the subjective nature of the task and indicate that participants with relevant expertise
showed greater consistency in the identification of culturally sensitive content.
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Figure 4 Summary of human evaluation results.

Experts achieved a classification accuracy of 80%, with precision = 1.0 and recall =
0.8, indicating that all sentences identified as problematic were indeed problematic, while
some problematic cases were not detected. In contrast, non-experts obtained a substantially
lower accuracy of 36.7%, although precision remained at 1.0 and recall at 0.7, suggesting a
conservative strategy with frequent omission of problematic cases.

Categorization results reveal considerable variability. Among expert annotations, 16 cases
were assigned different categories, 13 matched the reference category, and 6 were marked as
neutral, indicating disagreement not only in category selection but also in the identification
of problematic content. This variability confirms the difficulty of assigning fine-grained
categories to cross-cultural communication issues. These categories were based on existing
literature.

Span detection shows relatively consistent behaviour: experts achieved 7 exact matches
and 15 partial matches, with 4 cases of no consensus and 4 instances where no span was
marked; non-experts produced 8 exact matches and 16 partial matches, with slightly fewer
unmarked cases. No instances of completely incorrect span identification (no correspondence)
were observed, suggesting that once an issue is detected, participants are generally able to
localize it with some degree of accuracy.

The reformulation did not allow for systematic comparison, due to high variability in
participant strategies. Some participants reformulated entire sentences, while others focused
only on the identified span or proposed multiple alternatives. In several cases, participants
explicitly stated that reformulation was not possible without additional context. A total of six
sentences were classified as problematic contrary to the reference annotations. Four of these
instances were identified by the same non-expert participant, who considered the absence of
contextual information as a source of ambiguity or bias (e.g., “Programmes to support the
middle class were approved.” was suggested to be reformulated as “Programmes to support
the middle class in area X were approved.”). The remaining two cases were identified by an
expert participant, who interpreted adjectives and adverbs as introducing subjectivity, thereby
compromising the neutrality of the statements (e.g., “Tourism contributes significantly to
the national economy” was reformulated as “Tourism is one of the drivers of the national
economy.”).

4.2 LLM evaluation
The results presented in Figure 5 reveal notable variation in model performance across
the evaluated dimensions. Every model was loaded onto a local machine (laptop with a
single GPU) and prompted with the same explanatory prompt for each individual sentence

SLATE 2026
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Figure 5 Summary of model evaluation results.

in the evaluation dataset (outlining the task, an one sentence definition of each type of
cross-culturally problematic communication, ten examples as part of few-shot prompting,
and a specification of the JSONL format it should use in its response). The full prompt is
passed every time to ensure deterministic, repeatable model behavior avoiding increasing
ambiguity and drift.

Models achieved relatively high scores in the binary classification of problematic/non-
problematic, with OpenEuroLLM Portuguese showing the strongest performance (91.67%),
indicating a solid ability to distinguish between problematic and non-problematic content.
Span detection (selection of the culturally sensitive part of the sentence) results are more
variable. gervasio-8b achieves the highest score (0.65, recall 0.71), closely followed by
OpenEuroLLM Portuguese (0.55, recall 0.72), while mistral-7b-portuguese performs poorly
(0.10). This indicates that identifying the precise location of problematic content remains
challenging for some models. Label classification performance is consistently low (1%-8%),
confirming that fine-grained categorization of cross-cultural communication issues is the most
difficult component of the task.

Reformulation quality is comparatively stronger, measured by using SentenceBERT
to calculate the semantic similarity of the model reformulation to the gold standard of
the evaluation data. OpenEuroLLM Portuguese reaching 64.02%, followed by gervasio-8b
(53.14%) and mistral-7b-portuguese (43.54%). This suggests that models can generate
acceptable alternative formulations, although the values are never very high indicating that
models are unlikely to follow precisely a single “gold standard” option.

Overall, the results indicate a clear performance gap between issue detection and is-
sue interpretation, with models performing well in the former but struggling with precise
categorization and span identification.

4.3 Discussion
The results obtained from both automated and human evaluation highlight the inherently
subjective and context-dependent nature of culturally sensitive communication.

It is possible to observe that, in this experiment, LLMs outperform non-expert participants
in binary classification, and in some cases approach expert-level performance. For example,
OpenEuroLLM Portuguese (91.67%) exceeds expert accuracy (80%) in identifying problematic
sentences. However, this advantage is limited to detection: both humans and models show
low agreement in category assignment, indicating that classification is inherently unstable
across annotators and systems.

Span detection results suggest complementary strengths. Humans, particularly experts,
show higher precision in identifying relevant segments, with no cases of completely incorrect
spans. LLMs, while achieving comparable recall (≈ 0.7), show more variability in precision,
especially in smaller models such as mistral-7b-portuguese. This indicates that models can
detect relevant areas but often lack fine-grained control in delimiting them.
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The very low label classification accuracy (1%–8%) contrasts sharply with human dis-
agreement patterns, where even experts diverge in 16 out of 35 cases. This suggests that the
difficulty lies not only in model limitations but also in the lack of clear boundaries between
categories, particularly for phenomena such as framing, bias, and misunderstanding, which
often overlap in practice.

Another factor that may have contributed to variability in human annotation concerns
the decision to conduct the task without extensive prior training, relying instead on brief
instructions and category definitions. Given the pragmatic and context-dependent nature of
cross-cultural communication phenomena, additional calibration sessions or iterative annota-
tion rounds might have improved consistency between annotators, particularly for categories
with partial conceptual overlap. At the same time, the absence of intensive training reflects
more natural interpretative conditions, in which individuals rely on their own sociocultural
and pragmatic understanding when evaluating potentially sensitive communication. The
results therefore highlight both the difficulty of the annotation task itself and the method-
ological challenges involved in designing sufficiently robust and consistently interpretable
category frameworks.

Finally, reformulation results highlight a divergence between procedural and interpretative
capabilities. Models produce relatively consistent reformulations (up to 64.02%), whereas
human outputs are more diverse and less comparable. However, human reformulations often
reflect deeper contextual reasoning, as seen in cases where participants introduced missing
information or adjusted evaluative tone. This indicates that model-generated alternatives
are structurally adequate but may lack contextual grounding.

The variability in human judgements, as well as the diversity and creativity of human-
generated reformulations, point to the challenges of formalizing such phenomena within
discrete categories, on the one hand, and of fully automating their resolution, on the other.

Overall, the findings further suggest that the evaluation data set itself provides a conservat-
ive benchmark for assessing model performance, as the real-world-grounded, expert-validated
reference baseline captures a broader and more inclusive range of potentially problematic
cases. This is reflected in both human disagreement and model errors, particularly in
sentences involving implicit bias or contextual ambiguity.

5 Final remarks and future work

This exploratory study provides a comparative evaluation of human and LLM performance
on a multi-component task involving detection, classification, span identification, and refor-
mulation of cross-cultural communication issues in European Portuguese. The results show
that current LLMs are effective at identifying problematic content, achieving classification
accuracy above 85%, remain limited in fine-grained analysis, with low performance in label
classification and inconsistent span detection. These limitations are particularly evident
when compared to expert annotations, which, despite internal disagreement, demonstrate
more precise localization and context-sensitive interpretation.

At the same time, human evaluation reveals substantial variability, especially in cat-
egorization and reformulation strategies. The fact that experts disagreed in nearly half of
the categorization cases indicates not only variability in interpretation but also a broader
methodological challenge in operationalizing cross-cultural communication phenomena into
discrete annotation categories. Categories such as insult, provocation, framing, or cultural
insensitivity may partially overlap in practice, particularly in context-dependent or pragmat-
ically ambiguous cases. This has direct implications for model evaluation, as it challenges
the assumption of a single “correct” annotation and suggests that disagreement may reflect
the inherent complexity of the task rather than annotation failure alone.

SLATE 2026
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Taken together, these findings indicate that cross-cultural communication analysis requires
both detection and interpretation mechanisms, and that current LLMs primarily address
the former. As a result, they are better suited for flagging potentially problematic content
than for providing reliable explanations or categorizations. Consequently, the integration of
automated detection mechanisms with human validation emerges as a key design principle
for systems operating in deliberative or participatory environments.

In this context, our future work will focus on three main directions: (i) redefining the
category set, reducing overlap between labels and improving annotation consistency; (ii)
improving detection of subtle communication issues and accurate span detection by LLMs
through fine-tuning with the culture-specific data; and (iii) ensuring that AI-suggested
reformulations are always optional for human users and need their consent for rewriting
culturally sensitive statements. Our next evaluation for cross-cultural sensitivity detection
by LLMs will use an expanded data set, include more varied and subtle contexts (e.g., such
as value mismatch and cultural drift) and add more languages, which will be essential to
ensure evaluation of both model performance and their generalization to other languages.

From a broader perspective, this work also contributes to ongoing research on the interac-
tion between linguistic structures, semantic interpretation, and computational modeling. By
grounding language models in validated, culture-specific language data, it becomes possible
to move towards a more context-aware understanding of language use. This is a starting
point for mediation of cross-cultural communication and related areas such as discourse
analysis, multilingual NLP, and human–computer interaction for European Portuguese and,
by extension, other languages and their regional or cultural variants.
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