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Abstract

Machine Translation (MT) is widely employed to address resource scarcity in low-resource languages by translating
data from high-resource languages. While sentiment preservation in translation has long been studied, a critical
but underexplored factor is the role of cultural alignment between source and target languages. In this paper,
we hypothesize that semantic labels drift or are altered during MT due to cultural divergence. Through a series
of experiments across culturally sensitive and neutral domains, we establish three key findings: (1) MT systems,
including modern Large Language Models (LLMs), induce label drift during translation, particularly in culturally
sensitive domains; (2) unlike earlier statistical MT tools, LLMs encode cultural knowledge, and leveraging this
knowledge can amplify label drift; and (3) cultural similarity or dissimilarity between source and target languages
is a crucial determinant of label preservation. Our findings highlight that neglecting cultural factors in MT not only
undermines label fidelity but also risks misinterpretation and cultural conflict in downstream applications. We release
our codebase to facilitate future research in cross-cultural translation: https://github.com/mohsinulkabir14/label_drift.
This paper includes examples that may contain offensive or sensitive language, presented solely for research and

demonstration purposes.

1. Introduction

Machine Translation (MT) has long served as a vital
technology for enabling cross-cultural communica-
tion, with applications in chat systems, customer
support, and social media. Beyond direct commu-
nication, MT plays a crucial role in research by facil-
itating dataset reuse across languages, particularly
in low-resource settings. For many low-resource
languages in regions such as South Asia and Africa,
translating English datasets has become a common
strategy to support NLP development (Steigerwald
et al., 2022; Nekoto et al., 2020). This approach
allows these linguistic communities to benefit from
shared knowledge and mitigate data scarcity. With
the emergence of large language models (LLMs),
this paradigm has become even more prevalent.
Translated data are now widely used for benchmark-
ing tasks and for both pretraining and fine-tuning
LLMs across diverse linguistic domains.

A critical concern in such dataset reuse is the
preservation of semantic labels during translation.
Prior studies (Memon et al., 2021; Mohammad
et al., 2016) have shown that translating datasets
from high-resource to low-resource languages can
yield high label preservation, with only 2—3% degra-
dation. However, these findings apply largely to
straightforward sentiment analysis tasks with bi-
nary labels (positive/negative), where cultural di-
vergence plays a minimal role. In more nuanced
research areas, such as affective computing, sub-

tler linguistic cues become crucial. While LLMs
and modern MT systems perform well in translat-
ing factual or propositional content, they still strug-
gle with non-propositional aspects, such as po-
liteness, formality, or emotion. Studies by Mirkin
et al. (2015) and Rabinovich et al. (2016) reveal that
translation can obscure socio-demographic cues
like gender and personality traits, while Troiano
et al. (2020) demonstrate that transformer-based
NMT systems often lose emotional content during
translation. Similarly, Havaldar et al. (2025) show
that cultural differences can cause misalignment
between a speaker’s intended style and a listener’s
interpretation; for example, politeness is often lost
in translation.

Translating text into culturally sensitive domains,
such as mental health discourse, sarcasm, or irony,
requires more than literal fidelity. It demands the
preservation of affective and stylistic elements,
such as empathy and tone, to bridge cultural gaps
effectively. Despite this, research remains limited
on how translation may alter emotional polarity or
even cause label drift between source and target
languages, including when translations are gener-
ated by state-of-the-art (SOTA) LLMs. In this study,
we explore the hypothesis that semantic label drift
predominantly occurs in affective and culturally sen-
sitive contexts, systematically examining failures in
label preservation during cross-cultural translation.
Our experiments include both traditional statistical
MT systems and contemporary LLMs as translation
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tools. Specifically, we address the following four
research questions:

RQ1: Do state-of-the-art machine translation sys-
tems (e.g., Google Translate, NLLB, and
modern LLMSs) alter dataset labels in cul-
turally sensitive domains during translation?
(Yes)

RQ2: Does the cultural knowledge of LLMs reduce
or amplify label drift between source and

target languages? (May amplify)

RQ83: Does cultural similarity between source and
target languages mitigate label drift? (Yes,

but in specific domains)

RQ4: Is label drift in translated texts culture-
specific, or does it also occur in culturally

neutral domains? (Mostly culture-specific)

In addition to analyzing label preservation quan-
titatively, we also perform a qualitative analysis of
translated texts, identifying critical cases of transla-
tion refusal by LLMs and discussing instances of
cultural misalignment that may result in culturally
inappropriate or distorted translations.

2. Related Works

Statistical Machine Translation and Sentiment
Alteration. Statistical Machine Translation (SMT)
systems such as Google Translate remain widely
used and effective for high-resource languages.
However, true human-like translation requires a
deeper understanding of semantics and context
(Weaver, 1952), which SMT and even Neural Ma-
chine Translation (NMT) models often fail to cap-
ture, particularly regarding emotional nuance and
cultural subtleties. Several studies have shown
that MT can alter sentiment polarity. For exam-
ple, Salameh et al. (2015) report that Arabic so-
cial media posts translated into English frequently
lose or neutralize their original sentiment. Similarly,
Saadany et al. (2023) find that online NMT sys-
tems often invert or erase emotional tone in tweets.
To address this, Kumari et al. (2021) propose
fine-tuning global-attention NMT models using ac-
tor—critic reinforcement learning with sentiment-
and semantics-based rewards, improving preser-
vation in low-resource translation.

Cultural Codes of Language. Although basic
human behaviors are universal, their linguistic ex-
pressions are deeply culture-specific. Each lan-
guage encodes norms, prohibitions, and impera-
tives differently. From this perspective, Aydarova
et al. (2024) analyze the axiological (value-related)
and cultural codes embedded in behavioral verbs
across Russian, Tatar, and English, revealing both
shared and unique semantic patterns. They argue

that overlooking such codes can lead to cultural
misinterpretation in MT. Troiano et al. (2020) empir-
ically demonstrate that MT systems systematically
degrade non-propositional emotional information
and propose a re-ranking method to mitigate this
loss. More recently, Havaldar et al. (2025) show
that effective cross-cultural translation is essential
to convey affective styles such as politeness or
intimacy, as these are shaped by cultural norms.
Their findings indicate that even modern LLMs fre-
quently fail to preserve such stylistic cues, often
neutralizing or misrendering them, particularly in
non-Western languages.

3. Evaluating Label Preservation in
Cross-Cultural MT

3.1.

We hypothesize that label alteration occurs primar-
ily in culturally sensitive domains. To select ap-
propriate domains, we consider two factors: cul-
tural sensitivity established in prior literature and
availability of datasets. Based on these, we focus
on mental health and irony. Mental health con-
cepts, diagnoses, and treatments are shaped by
cultural beliefs and practices (Rai et al., 2024; Ade-
bayo et al., 2024), with numerous studies reporting
stigma across individualistic and collectivist soci-
eties and the risks of cultural insensitivity in diagno-
sis, assessment, or intervention (Kirmayer, 1989;
Altweck et al., 2015; Lyons et al., 2025). Likewise,
irony is present across languages but varies in def-
inition, function, and recognition across cultures
(Weizman, 2022), shifting from explicit to subtle
forms between individualistic and collectivist con-
texts (Ervas and Schnell, 2024).

To analyze label drift, we require granular
datasets in these two domains with multi-class an-
notations, primarily based on data collected from
Western users. Accordingly, we select the following
datasets:

1. DEPTWEET (Kabir et al., 2023a): tweets la-
beled into four depressive categories (Non-
depressed, Mildly depressed, Moderately de-
pressed, Severely depressed).

2. SemEval-2018 Task 3 (Van Hee, 2017):
tweets labeled into four irony categories (Non-
ironic, Irony by clash, Situational irony, Other
irony).

Culturally Sensitive Domains

We randomly select 1150 samples from each
dataset for our experiments, ensuring an equal
number of instances from each class. However,
the Situational irony and Other irony classes in
the original SemEval-2018 Task 3 dataset contain
only about 200 samples, so we include all available
instances from these classes.
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Figure 1: Evaluating label drift in cross-cultural translation. We select two culturally sensitive datasets
constructed in Western contexts, translate subsets of randomly sampled data into Bengali and Greek, and
annotate them using LLMs with verification by native annotators. By comparing translated annotations
with the original labels, we assess the extent of label preservation during translation.

3.2. Models & Probing Methods

We aim to simulate the experience of an average
user relying on online translation tools. To this end,
we evaluate a mix of translation systems alongside
both open-source and proprietary LLMs. Specif-
ically, our experiments include Google Translate,
NLLB-1.3B, GPT-4.1 Mini, Claude Sonnet 4, Llama-
3.3 (70B), and DeepSeek V3.

Imagine you are a {marital_status} {sex} from
{region}, {country}. You are {age} years of age
and completed {education} education level. You
consider yourself part of the {social_class}.
Translate the following English sentence into {tar-
get_language} from this perspective.
{Sentence:}

Figure 2: Translation with Anthropological Prompt-
ing.

For LLMs, we design two prompting strategies. In
the first, we mimic typical user behavior by issuing
a simple instruction: "Provide translation of the fol-
lowing sentence from English to {target_language}.”
Translations generated this way are referred to as
Literal Translation.

In the second, we leverage models’ cultural
knowledge through Anthropological Prompting
(AlKhamissi et al., 2024), which grounds the in-
structions in anthropological contexts by asking
the model to assume a culturally situated perspec-
tive. The method uses six demographic dimen-
sions, and the authors empirically show that optimal
cultural alignment with the respective culture oc-
curs with the following specific attributes: Region:
Country-Specific, sex: Male, Age: < 50, Social
Class: Upper/Lower Middle Class, Education
Level: Higher, and Marital Status: Married.

We adopt this setup to maximize cultural alignment,
and translations generated in this way are referred
to as Cultural Prompting (see Figure 2).

3.3. Country & Language Selection

Although using language as a direct proxy for cul-
ture has been criticized (Kabir et al., 2025), it re-
mains unavoidable in the context of translation
tasks. We hypothesize that when the source and
target languages belong to culturally similar con-
texts, dataset labels are better preserved, with
fewer alterations. Since both datasets in our study
originate primarily from North-American and Eu-
ropean user data, we select one culturally similar
language and one contrasting language. For cul-
tural comparison, we rely on the Inglehart-Welzel
World Cultural Map (World Values Survey Asso-
ciation, 2023), which is structured around two di-
mensions: Traditional vs. Secular-rational values
and Survival vs. Self-expression values. We also
prioritize low-resource languages, as translation is
especially relevant for such domains. Based on
these criteria, we choose Greek, representing an
individualistic culture similar to the Anglo-centric
world, and Bengali, representing a contrasting col-
lectivist culture.

3.4. Translation & Annotation

We adopt a Human—-LLM collaboration scheme
(Wang et al., 2024) to annotate translated samples.
For consistency, we follow the annotation schemes
described in the original DEPTWEET (Kabir et al.,
2023a) and SemEval-2018 T3 (Van Hee, 2017)
papers, where authors detail their annotation pro-
cedures. These schemes are converted into de-
tailed annotation guidelines, which we then use as
prompting instructions for LLM-based annotation.
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DEPTWEET Dataset (Mental Health)

Bengali Translation

Literal Prompting

Cultural Prompting

A(Lit.-Cul.)
Non-Depressed Mild Moderate Severe Non-Depressed Mild Moderate Severe
Google Translate 443 50.7 58.3 84.7
NLLB-1.3B 56.4 53.1 54.9 84.3 B - - - -
Claude-4-Sonnet 47.7 46.9 62.2 82.6 48.4 48.6 63.5 76.0 +0.73
GPT-4.1-Mini 43.9 52.4 61.1 86.1 44.6 56.2 60.1 78.7 +0.98
Llama-3.3 48.4 49.0 53.5 87.8 48.1 48.6 53.5 87.5 +0.25
DeepSeek V3 54.0 58.7 55.9 84.3 54.7 58.7 58.0 82.2 -0.18
Greek Translation
Literal Prompting Cultural Prompting A(Lit-Cul)
Non-Depressed Mild Moderate Severe Non-Depressed Mild Moderate Severe
Google Translate 40.4 51.4 57.6 84.0
NLLB-1.3B 57.1 56.9 55.6 77.7 - - - - -
Claude-4-Sonnet 48.1 48.3 61.8 86.1 49.5 49.0 62.2 81.9 +0.43
GPT-4.1-Mini 48.4 50.3 62.2 86.8 48.8 52.1 60.8 791 +1.78
Llama-3.3 422 47.9 54.9 88.9 42.9 46.2 52.1 85.4 +1.83
DeepSeek V3 54.0 52.8 60.1 85.7 53.7 524 60.4 85.4 +0.18
A (Greek-Bengali)cptwect -0.75 -0.53 +1.05 -0.10 -0.23 -3.10 +0.10 +1.85
SemEval-2018 T3 Dataset (Irony)
Bengali Translation
Literal Prompting Cultural Prompting A(Lit-Cul)
Non-ironic Ironic-clash ~ Situational-irony  Other-irony Non-ironic Ironic-clash ituational-irony  Other-irony
Google Translate 29.7 81.8 21.0 0.5
NLLB-1.3B 53.1 56.7 313 3.0 - - - - -
Claude-4-Sonnet 48.9 65.3 25.2 25 53.4 64.7 19.2 0.0 +1.15
GPT-4.1-Mini 51.4 67.1 22.0 25 54.4 62.6 22.0 3.0 +0.25
Llama-3.3 62.2 47.2 20.6 2.0 55.4 54.6 21.0 25 -0.38
DeepSeek V3 58.4 62.3 28.5 1.0 58.4 62.3 28.0 1.0 +0.13
Greek Translation
Literal Prompting Cultural Prompting A(Lit-Cul)
Non-ironic Ironic-clash  Situational-irony  Other-irony Non-ironic Ironic-clash  Situational-irony  Other-irony
Google Translate 321 78.3 215 .
NLLB-1.3B 51.6 59.3 33.2 X - - - - -
Claude-4-Sonnet 58.4 69.4 28.0 . 62.4 64.4 25.7 4.0 +0.58
GPT-4.1-Mini 59.1 71.2 29.9 X 61.4 67.7 29.9 3.5 +0.30
Llama-3.3 64.2 57.6 21.0 4.0 55.4 60.2 18.7 3.0 +2.38
DeepSeek V3 571 71.8 257 X 56.1 73.0 24.8 4.0 +0.18
A (Greek-Bengali); ¢,y cva12018 +3.13 +4.53" +1.78 +1.50* +3.43 +5.28 +2.23 +2.00

Table 1: Label preservation rates (%) for the Mental Health (top) and Irony (bottom) datasets translated
into Bengali and Greek using six MT models. Results are shown for both Literal and Cultural prompting.
Bold numbers indicate the highest preservation per class. Mean differences between Greek and Bengali
(A(Greek—Bengali)) and between Literal and Cultural prompting (A (Lit.-Cul.)) are reported. Statistical
significance is assessed via one-sided Wilcoxon signed-rank tests (*p < 0.05). No significant gain is
observed for cultural over literal prompting; only Ironic-clash and Other-irony show significant cross-lingual

differences.

LLMs have been shown to produce high-quality an-
notations in diverse NLP tasks, often rivaling or sur-
passing crowdsourced annotators (He et al., 2024;
Tan et al., 2024). However, given the complexity
of mental health and irony, which require nuanced
interpretation, we adopt the following strategy:

1. Majority Voting: Each sample is annotated by
three LLMs: GPT-4.1 Mini, Claude Haiku 3.5,
and DeepSeek V3, selected for their cost and
speed-efficiency. The final label is determined
via majority voting.

2. Human Validation: Native speakers of Ben-
gali and Greek review ambiguous cases (e.g.,
instances without consensus such as three dis-
tinct labels). They also annotate a subset of
translated samples to validate the LLM-derived
majority-vote labels.

This Human-LLM collaboration approach bal-
ances cost-effectiveness with reliability in complex
domains that is best suited for our study. (Wang
et al., 2024). Our full experiment pipeline is demon-
strated in Figure 1.

3.5. Evaluation Metrics

To assess the consistency between the original and
translated labels, we employ three complementary
evaluation metrics:

 Label Preservation Rate: Measures the pro-
portion of labels that remain unchanged after
translation.

+ Kullback-Leibler (KL) Divergence: Cap-
tures the overall distributional shift of labels
between the source and translated datasets.
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» Matthews Correlation Coefficient (MCC):
Evaluates the strength of correspondence be-
tween original and translated labels.

4. Findings

RQ1. Translation Preserves Perceived
Severity but Obscures Mild Presentations

Table 1 presents the label preservation rates fol-
lowing translation for both datasets. A clear pattern
emerges where labels for the extreme classes are
consistently well-preserved. For the Mental Health
dataset, the severe depression category exhibits
high preservation rates in both Bengali and Greek.
However, the translation process introduces a sys-
tematic bias towards inflating perceived severity,
evidenced by the considerably lower preservation
rates for the mild and moderate classes. This indi-
cates that non-severe cases are frequently drifted
to more severe categories after translation.

This finding is further quantified by calculating
the Matthews Correlation Coefficient (MCC) to mea-
sure the agreement between original and post-
translation labels. As shown in Figure 3, strong
agreement is observed for the Non-Depressed and
Severe classes. In contrast, the Mild and Mod-
erate classes show weak agreement, with much
lower MCC scores. This confirms that the nuanced
linguistic distinctions between mild and moderate
depression are largely lost or altered during trans-
lation, making reliable classification of these cate-
gories after translation exceedingly difficult.

A similar but distinct pattern is observed for the
Irony dataset. The non-ironic and ironic-clash
categories are well-preserved across languages,
suggesting that translation robustly preserves non-
irony and obvious, clash-based irony. Conversely,
the more context-dependent situational irony is
highly degraded. The MCC scores tell a more
comprehensive story, revealing weak to moderate
agreement for all irony categories, indicating that
ironic content is generally not robust to machine
translation. Most notably, the other-irony category
frequently yields MCC scores near or below zero,
demonstrating that its classification after transla-
tion becomes effectively unpredictable and uncor-
related with the original labels.

To understand the macro-level effect of trans-
lation on the entire dataset, we report the Kull-
back—Leibler (KL) Divergence between the orig-
inal and translated label distributions in Figure
4. For the Mental Health dataset, we observe
low KL Divergence scores (all < 0.08). This indi-
cates that while individual instances are altered (as
shown by low preservation and MCC for mild/mod-
erate classes), the global distribution of severity

labels remains largely intact. This suggests a sys-
tematic re-categorization within the severity spec-
trum rather than a wholesale shift. In stark con-
trast, the Irony dataset exhibits very high KL Diver-
gence (up to 0.65). This confirms that translation
induces a severe distortion of the entire label dis-
tribution, fundamentally altering the proportion of
ironic to non-ironic content and between different
irony types. This macro-level distortion comple-
ments our instance-level findings, illustrating that
the translation process has a catastrophic effect on
the fabric of ironic discourse.

RQ2. Cultural Knowledge in LLMs may
Exacerbate Label Drift during Translation

We ground the LLM responses in relative cultural
context by using the anthropological prompting
strategy shown in Figure 2 to answer RQ2. Ini-
tial results in Table 1 show a slightly higher label
preservation rate for literal prompting compared
to cultural prompting, though this difference is not
statistically significant.

Dataset AMCC (Lit.-Cul.) p-value (wilcoxon)
DT-Bengali 0.0044 0.2589
DT-Greek 0.0142* 0.0035
SE T3-Bengali 0.0041 0.5921
SE T3-Greek 0.0112* 0.0207
Overall 0.0085* 0.0026

Table 2: Mean MCC differences (Literal - Cultural)
for DEPTWEET (DT) and SemEval-2018 T3 (SE
T3) datasets. Positive values indicate superior per-
formance of literal prompting. Statistical signifi-
cance is assessed with a Wilcoxon signed-rank
test (* p < 0.05).

To quantify this effect, we perform a paired t-test
on the Matthew’s Correlation Coefficient (MCC)
scores to compare the correlation of literal and
cultural prompting with the original labels. A
Wilcoxon signed-rank test (Table 2) reveals a small
but statistically significant overall advantage for
literal prompting over cultural prompting (Mean
AMCC jteral - cuturar = +0.0085, 95% CI [0.0039,
0.0132], p < 0.01).

This overall effect is primarily driven by Greek
translations, where literal prompting demonstrates
significantly stronger agreement with original la-
bels on both mental health (AMCC = +0.0142,
p < 0.01) and irony (AMCC = +0.0112, p = 0.02)
tasks. In contrast, for Bengali translations, we find
no significant difference between prompting strate-
gies for either task (both p > 0.13).

Based on these observations, we conclude that
explicitly instructing models to consider cultural con-
text, while intended to improve relevance, can in-
stead motivate label drift by altering the textual fea-
tures critical for classification. The superior per-
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. . . Ironic Clash 0.074* 0.087
Figure 4. Kullback—Leibler (KL) divergence be-  gityational 0.023* 0.030
tween original and translated label distributions  QOther 0.003 0.025
across six MT models under different prompting Average 0.039* 0.048

techniques. The SemEval-2018 T3 (irony) dataset

exhibits greater divergence from the original labels  T5p1e 3: Mean MCC differences for (Greek - Ben-
than DEPTWEET. gali) across dataset categories. Positive values
indicate better correlation of Greek translation with
original labels. Statistical significance assessed via

formance of literal prompting suggests that forthe |0 -6 Wilcoxon signed-rank test (* p < 0.05).

specific task of preserving pre-defined labels, a
direct translation approach is unexpectedly more

reliable and robust. ferences emerge in the mental health dataset,

whereas the irony dataset shows significantly bet-

RQ3: Cultural Similarity between Source ter preservation in the lronic-clash and Other-irony

and Target Languages can Mitigate Label categories. A consistent pattern appears in Table 3,
Drift in Specific Domains which presents differences in Matthew’s Correlation

Coefficient (MCC), where positive values indicate
To investigate the role of cultural similarity, we se-  stronger label correlation for Greek than Bengali.
lect language pairs with varying proximity to Anglo-  In the mental health domain, MCC differences are
American culture: Greek (a European language  negligible under both literal (A = +0.001) and cul-
with strong historical ties) and Bengali (a South  tural (A = —0.005) prompting, with no significant ef-
Asian language with a distinct cultural context). We  fects at the category level. By contrast, in the irony
hypothesize that translations into culturally closer ~ domain, Greek translations consistently achieve
languages would experience less label drift. higher label correlation. Under literal prompting,
Our quantitative results provide strong but  the average MCC is statitically higher (A = +0.039,
domain-specific support for this hypothesis. Table  p < 0.05), with significant gains in the Non-Ironic,
1 reports the mean difference in label preservation  Ironic-Clash, and Situational-Irony categories. Cul-
between Greek and Bengali translations for the  tural prompting shows a similar, though not statisti-
mental health (DEPTWEET) and irony (SemEval-  cally significant, trend (A = +0.048).
2018 T3) datasets. No statistically significant dif- This divergence in outcomes between irony and
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mental health motivates a qualitative analysis to un-
cover underlying mechanisms. In irony, the relative
success of literal prompting in Greek likely reflects
cultural proximity to Anglo-American humor, where
ironic intent often survives direct translation. Con-
versely, in the mental health domain, native speaker
feedback reveals that cultural prompting can am-
plify emotional tone (e.g., translating “I feel uneasy”
as “this is driving me crazy”) or censor explicit ref-
erences to self-harm (e.g., replacing “suicide” with
“dark thoughts”). These adaptations either intensify
or neutralize emotional severity, leading to label
drift. Overall, while cultural prompting enhances
cultural naturalness through idiomatic expression,
it tends to increase semantic divergence, whereas
literal prompting maintains closer alignment with
the source labels.

In conclusion, cultural similarity between source
and target languages can reduce label drift, but
its effect is domain-dependent. For conceptually
aligned domains like irony, direct translation into a
culturally proximal language such as Greek may be
highly effective in label preservation. However, for
culturally sensitive domains like mental health, cul-
tural adaptation may introduce an additional layer
of shift, offsetting the potential benefits of cultural
proximity.

RQ4: Label Drift Predominantly Occurs in
Culturally Sensitive Domains

We investigate whether the phenomenon of label
drift extends across domains regardless of cultural
sensitivity. Prior studies have reported that trans-
lations of relatively simple domains, such as pos-
itive/negative sentiment, can achieve competitive
accuracy with minimal label alteration (Mohammad
et al., 2016; Memon et al., 2021). To build on this,
we select a domain that is expected to involve lit-
tle to no cultural sensitivity, i.e., culturally agnostic
emotions. For dataset selection, we consider two
criteria: (i) the dataset should contain granular la-
bels, and (ii) the samples should be sufficiently long
to make annotation appropriately challenging and
complex. Based on these criteria, we choose the
Amazon Product Review dataset (Hou et al., 2024),
which consists of lengthy real-world product reviews
accompanied by ratings from 1 to 5. To facilitate
classification, we group the lowest scores (1 and 2)
as Negative (Neg.), the middle score (3) as Neutral
(Neu.), and the highest scores (4 and 5) as Positive
(Pos.), following prior work by Kabir et al. (2023b);
Wang et al. (2020), etc. From this dataset, we ran-
domly sample 200 reviews per category and apply
the translation and annotation procedure described
in Section 3.4. The average sentence length for
the selected subset is 88.82 words, making the an-
notation process considerably challenging for the

annotator models.

Literal Prompting Cultural Prompting

Language Model Neg. Neu. Pos. Neg. Neu. Pos.
Google Translate 0.910 0.460 0.895 - - -

NLLB-1.3B 0.905 0.460 0.910 - - -

Claude-4-Sonnet  0.905 0.475 0.900 0.905 0.480 0.905
GPT-4.1-Mini 0915 0.480 0.905 0.910 0.475 0.915
Llama-3.3 0910 0.470 0.915 0.920 0.465 0.920
DeepSeek V3 0.915 0.445 0.910 0.905 0.445 0.910

Google Translate 0.935 0.395 0.920 - - -

Bengali

Greek NLLB-1.3B 0.940 0.465 0.910 - - -
Claude-4-Sonnet  0.945 0.470 0.905 0.940 0.455 0.900
GPT-4.1-Mini 0.950 0.440 0.915 0.950 0.435 0.915
Llama-3.3 0.930 0.445 0.910 0.935 0.435 0.905

DeepSeek V3 0.960 0.450 0.900 0.950 0.450 0.910

Table 4: Label preservation rates (%) for Amazon
Product Review dataset after translation into Ben-
gali and Greek. Bold values indicate the highest
preservation per category across models. Label
preservation is notably higher than DEPTWEET
and SEMEVAL-2018 T3.

Despite these challenges, the results in Table
4 show very high label preservation for the Neg-
ative and Positive samples. The relatively lower
preservation rate in the Neutral category reflects
the well-documented phenomenon of polarity shift,
where neutral emotions are translated into posi-
tive or negative emotions (and vice versa) (Lohar
et al., 2017; Hartung et al., 2023). A possible ex-
planation is that models often struggle to assign a
neutral label due to shifts in linguistic features in-
troduced during translation (Salameh et al., 2015).
Our calculated KL divergence between original and
translated labels ranges from 0.046 to 0.053 for Ben-
gali and from 0.061 to 0.072 for Greek, indicating a
minimal distributional shift after translation. These
findings suggest that label drift is less pronounced
in culturally neutral domains, where polarity effects
dominate rather than cultural misalignment.

5. Annotation Framework and
Agreement Analysis

We employ a majority-voting scheme across three
LLMs for automatic annotation. To validate these
labels, we randomly select 10% of the data from
both DEPTWEET and SemEval-2018 T3 and ob-
tain annotations from two native speakers from
each language with prior corpus annotation experi-
ence. The human annotators, all PhD students with
relevant expertise in linguistics or computational
social science in respective languages, followed
the same detailed guideline used for automatic an-
notation.

Inter-Annotator Agreement (IAA) score is mea-
sured using Fleiss’ Kappa among the three LLMs
and Cohen’s Kappa between the final automatic la-
bels and human annotations. Figure 5 presents the
IAA scores. Automatic annotation achieves moder-
ate to substantial agreement, while agreement be-
tween human and automatic labels ranges from fair
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Claude- NLLB-
4-Sonnet

Llama-3.3
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B Bengali —— Fleiss' k (automatic eval.)
B Greek -—-- Cohen's k (human eval.)

(a) IAA Scores for DEPTWEET

Claude- NLLB-
4-Sonnet

0.8
0.6 \(substahtial)
(moderate)

GPT-
4.1-Mini

Llama-3.3

DeepSeek V3

B Bengali —— Fleiss' k (automatic eval.)
B Greek —-- Cohen's x (human eval.)

(b) IAA Scores for SemEval-2018 T3

Figure 5: Agreement scores for automatic (solid-line) and human (dashed-line) annotations, ranging from

fair to substantial agreement across both datasets.

to moderate for DEPTWEET. For SemEval-2018
T3, agreement remains fair to moderate between
automatic and human annotations, reflecting the
greater difficulty of this dataset.

6. Cross-Cultural Translation:
Beyond Label Preservation

6.1.

We observe that Claude Sonnet 4 and DeepSeek
V3 refuse to translate a subset of samples across
both Bengali and Greek datasets. Notably, the
same sentences are consistently rejected in both
languages. We apply HDBSCAN clustering fol-
lowed by BERTopic (Grootendorst, 2022) modeling
to analyze these refused samples, as shown in
Figure 6. The rejected content primarily involves
sexually explicit material, slang and aggression,
gore, and drug-related themes. Further inspection
reveals that these sentences belong largely to the
Severely Depressed class (~60%) in DEPTWEET
and the Situational Irony class (~37%) in SemEval-
2028 T3, both minority categories in their respective
datasets. Since these samples carry rich but un-
derrepresented information, their exclusion during
cross-lingual translation risks losing valuable cul-
tural and linguistic signals, a factor that requires
careful consideration in cross-cultural MT.

Translation Refusal

6.2. Cultural Misalignment

We find a number of samples that contains cultural
references in the specific culture, and gets com-

Planning
Self-harm

Sexually Explicit
Content

Gore &

. Mob Fascination

pill, vomit,
drug, rape,
burn

Drug Usage &
Aggression

Figure 6: Topic distribution of refused samples
showing five identified themes. Outer labels in-
dicate topic categories, keywords inside represent
the most characteristic terms, and center values
show sample sizes (sentences per topic)

pletely lost when translated in Bengali or Greek.
{ I'm not a Lohan anymore (&) detox now forJ

4 weeks. new me! T week tomorrow (3

3

For instance, the phrase "I'm not a Lohan anymore’
in the above textbox (taken from SemEval-2018
T3) is a cultural reference to actress Lindsay Lo-
han and her public struggles. A Bengali or Greek
reader unfamiliar with this context would struggle to
interpret the underlying meaning. The translation
fails to convey the meaning of "I've left my troubled
past behind.” Even the cultural prompting misses
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this to align with the respective culture.

Another frequent source of cultural misalignment
arises from the use of slang. Slang expressions
common in Western contexts can become profane
or overtly vulgar when translated into more conser-
vative cultures.

i hate how smart this bltch is

Literal: S1fS T X 4 FOT (dog) F© IFTEY

Cultural: 42 RH If@yQl (0 RIS =507
(I hate how smart this lady is)

For example, the above sample from the
DEPTWEET dataset contains the term “bltch”,
which in English is often used playfully, combin-
ing admiration with mild insult. However, in Bengali,
the literal translation renders it as a highly offensive
term. The culturally prompted version mitigates this
by replacing the slang with a contextually appropri-
ate feminine expression, aligning better with Ben-
gali social norms. In Greek, the literal translation
from NLLB-1.3B “cxoAa” (bitch) retains the insult
but sounds harsher than intended, while GPT-4.1-
Mini’s literal rendering “rovt@v@” (whore) amplifies
vulgarity, losing the original nuance. Conversely,
the cultural translation “yvvaika” (woman) softens
the tone excessively, erasing both the playful and
pejorative dimensions. These examples illustrate
that slang requires careful handling in cross-cultural
translation, a challenge that cultural prompting ap-
pears to manage more effectively. In summary,
cultural adaptation during translation (Singh et al.,
2024) has the potential to effectively resolve the
issues of refusal and misalignment by maintaining
both semantic fidelity and cultural appropriateness.

7. Conclusion

In this study, we investigate semantic label drift in
cross-cultural translation. Focusing on two cultur-
ally sensitive domains (mental health and irony),
we demonstrate that semantic labels often change
after translation, both in traditional statistical ma-
chine translation systems (e.g., Google Translate)
and in modern LLM-based translators. Beyond la-
bel drift, we identify a separate, mutually exclusive
phenomenon: culturally inappropriate translations
due to misalignment between the source and tar-
get language’s cultures. Our findings highlight the
need to revalidate labels and apply cultural adapta-
tion strategies before reusing translated datasets
in cross-cultural NLP research.

Limitation

This study focuses on two culturally sensitive do-
mains: mental health and irony, to examine seman-
tic label drift after translation. While we acknowl-
edge that other domains such as sarcasm (Blasko
et al., 2021) and humour (Jiang et al., 2019) also
exhibit strong cultural dependencies, their inclusion
was beyond the scope of this work due to time and
resource constraints. We select mental health and
irony specifically because of the availability and
granularity of existing annotated datasets in these
areas.

Similarly, our cross-cultural experiments are con-
ducted using Bengali and Greek as representative
target languages. Although incorporating additional
cultures would provide a broader perspective, our
objective in addressing RQ3- examining whether
cultural similarity between source and target lan-
guages mitigates label drift, require a focused, con-
trolled comparison. Expanding to more cultures
could have diluted this comparative analysis. More-
over, access to qualified native annotators for veri-
fying machine-translated labels is a practical con-
straint; Bengali and Greek offered the most feasible
and representative choices under these conditions.
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