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Abstract
Current machine translation (MT) evaluation practices largely assume that high lexical and semantic fidelity implies
preservation of meaning. We question this assumption by introducing a framework for detecting and quantifying
translation-induced distortion—the systematic alteration of a text’s subjective properties during translation. Focusing on
stance as a socially consequential property, we formalize stance preservation as an invariance problem and adapt two
classical statistical tests, McNemar’s test and the two-proportion Z-test, to diagnose systematic opinion shifts between
source texts and their translations. Unlike standard MT metrics such as BLEU or COMET, which prioritize surface
similarity and adequacy, our approach explicitly targets preservation of subjective meaning. In controlled experiments
with synthetically distorted translations, we demonstrate that the proposed tests are sensitive to graded levels of stance
manipulation. We apply our framework to evaluate twelve multilingual models and find that none reliably preserve
stance across all tested language directions. Our findings reveal a critical gap in current MT evaluation practices and
highlight the need for explicit evaluation of subjective meaning preservation in socially and politically sensitive contexts.

Keywords: Machine Translation, Stance Detection, Evaluation Metrics

1. Introduction

Machine translation (MT) is widely used to bridge
language barriers in political discourse, news me-
dia, and social platforms. For instance, civic ini-
tiatives such as the Conference on the Future of
Europe (CoFE) have enabled multilingual political
deliberation by translating citizen proposals across
EU languages. Newsrooms are likewise increas-
ingly deploying MT to enable rapid multilingual cov-
erage, as seenin TVTechnology’s live Al translation
for real-time subtitling and cross-language news
distribution (Dawson, 2025). Implicit in such deploy-
ments is the assumption that translation preserves
not only literal meaning but also stance, opinion,
or communicative framing. Yet this assumption is
rarely tested, and evidence shows that even sub-
tle translation artifacts can distort the speaker’s
intended position. Figure 1 illustrates an exam-
ple where a seemingly minor lexical change intro-
duced by translation—"government control” becom-
ing “contréle gouvernemental (control by the gov-
ernment)’—leads to a change in perceived opinion.

We propose a framework for detecting and
quantifying distortion introduced by MT, measur-
ing the extent to which MT systems preserve—or
alter—the subjective meaning expressed in the
source text. We focus on stance, defined in prior
work as the expressed position (FAVOR, AGAINST,
or NEUTRAL) toward a given target or proposition
(Mohammad et al., 2016a), due to its central role in
politically sensitive domains and in shaping public
discourse. However, the framework is extensible
to other subjective dimensions such as sentiment,
framing, or toxicity.

[ Topic: Controlling the government )

“control of government"

‘Bovernment controlfis

necessary for democracy inthe | ==

“control by government"

modern world.” (£

Figure 1: An example of stance distortion through
translation. The English sentence expresses a fa-
vorable opinion about “controlling the government”
in a democratic society (framing citizens as agents),
but the French translation subtly alters the framing
to “control by government” (state as the agent),
which conveys a markedly different point of view.

Ensuring reliable preservation of such subjective
dimensions is also critical in research settings that
rely on automatically translated datasets. Previ-
ous studies have demonstrated that original texts
and their machine-translated counterparts exhibit
distinct characteristics, and found this divergence
to negatively impact model performance (Artetxe
et al., 2020). More recent work has advanced MT-
based translate-test pipelines for cross-lingual clas-
sification (Artetxe et al., 2023; Bell et al., 2025), but
their focus lies in improving classification accuracy
after translation rather than examining the transla-
tion step itself. Our framework complements this
line of research by shifting the focus to the fidelity
of the translation step, explicitly measuring whether
stance is preserved or not.

As with other dimensions of subjective texts,
stance preservation can be framed as a problem of
invariance: a translation should not alter the stance
conveyed by the source (Bianchi et al., 2022). To
diagnose violations, we adapt classical statistical
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tests to detect when translations introduce system-
atic stance shifts. Our objectives are: (a) to deter-
mine and quantify whether a given translation sys-
tem introduces systematic stance distortion, and
(b) to build on this quantification to compare mul-
tiple translation systems in terms of their relative
stance-preserving fidelity. To this end, we design a
statistical testing framework that compares stance
predictions on translations with those on source or
native-language texts. Our experiments incorpo-
rate controlled synthetic stance perturbation into
MT outputs, allowing us to evaluate the framework’s
sensitivity to varying distortion levels.

To support these experiments, we introduce two
resources. First, BiMultiSD-XLT, a harmonized mul-
tilingual stance detection corpus compiled from six
existing datasets and their automatic translations,
standardized for binary stance classification, which
we use to train both encoder- and decoder-based
stance classifiers for quantifying stance shifts in
translations. Second, a curated set of 100 high-
quality French stance-reversed examples from the
test split of X-Stance (Vamvas and Sennrich, 2020),
created by native speakers to invert stance while
preserving content, style, and maximum surface
similarity.

We make the following contributions:

1. Casting stance preservation as an invariance
problem and adapting hypothesis tests to de-
tect stance shifts in translation;

2. Designing a manually curated calibration set
that enables controlled stance perturbation,
allowing us to probe the sensitivity of stance
classifiers to systematic shifts;

3. Implementing and releasing a full evaluation
framework and demonstrating that our method
detects stance-level distortions invisible to
standard MT metrics.

4. Providing the first quantitative assessment of
stance preservation in translation.

All code and data are publicly available to facili-
tate replication and future research.’

2. Related Work

2.1. Limits of MT Quality Metrics

Reference-based metrics like BLEU (Papineni et al.,
2002), COMET (Rei et al., 2020), and BERTScore
(Zhang et al., 2020) rely on lexical or semantic
similarity to human references, making them sen-
sitive to reference quality (Freitag et al., 2023).
More recent reference-free approaches—such as

"Mttps://github.com/NazaninShafiabadi/
mt—-invariance

CometKiwi (Rei et al., 2022), ReFreeEval (Wu et al.,
2023), and BLASER 2.0-QE (Dale and Costa-jussa,
2024)—leverage large language models (LLMs) to
assess fluency and adequacy without references,
but still overlook deeper communicative traits like
register, style, or stance.

Consequently, subtle distortions in subjective
meaning often go undetected. For instance, senti-
ment can shift under translation (Mohammad et al.,
2016b)—sometimes even inverting polarity in other-
wise fluent outputs (Lohar et al., 2017)—and auto-
matic translation tools frequently mistranslate emo-
tions in multilingual tweets, leading to sentiment
inversion or loss despite standard metrics reporting
high scores (Saadany et al., 2023). We empirically
demonstrate that this limitation of standard metrics
also extends to stance. Building on efforts by toolk-
its like MT-Lens (Garcia Gilabert et al., 2025) that
broadened coverage to bias and toxicity, we formu-
late stance preservation as a measurable evalu-
ation criterion and demonstrate that widely used
metrics like BLEU or CometKiwi are equally blind
to stance distortion.

2.2. Invariance and Language-Invariant

Properties

Bianchi et al. (2022) introduce the notion of
language-invariant properties, arguing that cer-
tain semantic or pragmatic attributes of discourse
should remain stable across transformations such
as translation, which they evaluate by computing
distributional divergence in classification outcomes
before and after transformation. Our work operates
within this invariance perspective but specializes
it to the evaluation of MT in politically and socially
consequential settings, extending their population-
level analysis by also measuring paired equality of
proportions. We focus on stance as a high-impact
subjective property and operationalize its preser-
vation under translation using statistical hypothesis
tests. In addition to measuring both aggregate dis-
tributional shifts and instance-level distortions, we
validate the sensitivity of the proposed statistical
tests to graded levels of opinion manipulation. By
systematically applying this methodology across
multiple multilingual MT systems, we provide an
empirically grounded assessment of translation-
induced distortion in contemporary MT models.

2.3. Automatically Translated
Benchmarks

A growing number of multilingual benchmarks rely
on automatic translation to expand English-centric
resources into other lower-resource languages
(Gureja et al., 2025; Asai et al., 2024; Chen et al.,
2024; Hu et al., 2020). This approach makes mul-
tilingual evaluation more scalable, but rests on
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the assumption that MT outputs are sufficiently
accurate despite evidence to the contrary (Park
et al., 2024). Moreover, translated texts, even
when fluent, often systematically diverge from na-
tive texts, a phenomenon known as translationese
(Wang et al., 2023). Work in translation studies
has documented characteristic features of transla-
tionese—such as simplification, explicitation, and
normalization—(Baker et al., 1993), with differ-
ences in lexical distributions, syntax, and discourse
patterns confirmed by large-scale analyses (Volan-
sky et al., 2015). Benchmarks created through
MT therefore risk embedding systematic distortions,
undermining their reliability as proxies for naturally
occurring data. This underscores the need for
evaluation frameworks that can detect such dis-
tortions—especially in subjective properties like
stance or framing—that remain largely untested
by current metrics.

3. Methodology

Our methodology is designed to systematically eval-
uate whether MT systems preserve the stance ex-
pressed in opinionated text. The core idea is to com-
pare stance predictions for translated texts against
those for either (a) their source-language counter-
parts, or (b) native texts from the same distribution
that share the same target language and stance.
As we develop below, if translation faithfully pre-
serves stance, the predicted stance distributions in
the two conditions should not significantly differ.

3.1.

Let f be an MT system that maps a source-
language text s in L, to a target-language output
t = f(s) in Ly. Since modern MT systems are of-
ten non-deterministic, we model f as a probabilistic
function assigning scores f(s, t) to candidate trans-
lations ¢ in Ly. Our goal is to quantify whether f
systematically distorts stance.

Our evaluation pipeline relies on two key re-
sources: a set of reference texts with gold stance
annotations, and a stance detection model oper-
ating in one or both languages. The specific re-
quirements vary depending on the statistical test
applied; see §3.3 for a detailed breakdown. These
resources support a three-stage evaluation of f:

Invariance in Stance Translation

1. Translation: using f to translate stance-
labeled texts from L; to Lo;

2. Stance detection: predicting stance for trans-
lations and source/native texts in L, or Ls ;

3. Statistical testing: applying hypothesis tests
to detect significant differences in prediction
distributions, signaling systematic distortion.

The formal testing procedure is described in §3.2.

3.2. Statistical Testing

We begin with a set of source-language texts
Sy ={s1,...,s,}in Ly, all annotated with a known
stance y (either FAVOR or AGAINST). These texts
are translated into the target language L. using
the MT system f, producing a set of translations
Ty ={t1,...,tn} = f(S,), each conveying an un-
known stance ;. If f perfectly preserves stance,
then each translated text ¢; should reflect the same
stance as its source, i.e., Vi, §; = y;.

We then apply a stance detection model g to
each translated text t;, € T, to get a predicted
stance ¢; = g(t;). If g were perfectly accurate—i.e.,
Vi, 3; = ;—then identifying systematic shifts in f
would reduce to counting how often ¢; matches
the original stance y;. However, since we cannot
assume perfect accuracy, we use statistical hypoth-
esis tests to determine whether prediction errors
are more frequent in translations than in native texts.
We apply two hypothesis tests with distinct assump-
tions and interpretations: McNemar’s test and the
two-proportion Z-test.

3.2.1. McNemar’s Test

McNemar’s test evaluates whether predictions for
the same items change systematically across two
conditions. In our setup, each source text s; and
its translation ¢; are classified by the same binary
stance detector g, yielding a 2 x 2 contingency table:

g(t:)
FAVOR AGAINST
FAVOR a b
Q(Si)
AGAINST c d

Here, a counts examples classified as FAVOR
both before and after translation, d those classified
as AGAINST in both cases, while b and ¢ are the
discordant pairs where translation flips a prediction
from FAVOR to AGAINST or vice versa. McNemar’s
test targets the off-diagonal cells b and ¢, as only
these reflect changes due to translation.

Under the null hypothesis (Hy), McNemar’s test
evaluates whether flips occur equally in both direc-
tions. It rejects Hy only if stance flips are asym-
metric, indicating directional bias. A key limitation
is that flips in opposite directions cancel out. For
instance, if every FAVOR flips to AGAINST and vice
versa, then b = ¢ and the test fails to detect any
shift, despite complete stance distortion.

To avoid this cancellation effect, we stratify the
data by gold stance label and apply the test sep-
arately to FAVOR- and AGAINST-annotated subsets.
This ensures that even if translation flips stance in
both directions equally, changes within each group
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(a) McNemar’s test: Compares stance predictions be-
fore and after MT (here, French —» German) for texts
sharing the same gold stance label (here, FAvOR). The
test assesses whether translation systematically flips in-
dividual stance predictions.

(2)
- D

(b) Two-proportion Z-test: Compares stance predic-
tions for machine-translated texts (here, French — Ger-
man) and native target-language texts (here, German),
both with the same gold stance label (here, FAvOR). The
test evaluates whether translation shifts overall stance
distributions.

Figure 2: Pipelines for detecting stance distortion using McNemar’s test (prediction flips) and the Two-

proportion Z-test (distribution shifts).

are still captured. Aggregating results across both
subsets then reveals consistent stance shifts re-
gardless of direction.

For moderate or large discordant totals (b + ¢ >
25), we use the standard McNemar statistic:

— )2
=8 (1)

For smaller samples, a one-tailed exact bino-
mial test is used to specifically detect cases where
translation degrades stance fidelity. We model the
number of flips in the wrong direction (b) as a bino-
mial variable and compute the p-value by summing
the probabilities of outcomes at least as extreme
as the observed b. In all cases, a significance level
of a = 0.05 is used. The evaluation pipeline for
McNemar’s test is illustrated in Figure 2a.

3.2.2. Two-Proportion Z-Test

We complement McNemar’s pairwise analysis with
a two-proportion Z-test that evaluates stance fidelity
by comparing the distribution of correctly predicted
stances in a set of translated texts to a separate set
of native texts in the same language with the same
gold stance label. Let p, and p, denote the propor-
tions of predicted stances matching the gold stance
y inthe translated and native sets, respectively, with
sample sizes n; and n,. These quantities reflect
how well the stance detector g aligns with the gold
label under each condition.

We then apply a one-tailed two-proportion Z-test
(Equation (2)) with a 5% significance level to eval-
uate whether p, is significantly greater than p,. A
significant difference would suggest that transla-
tions generated by f do not reliably preserve the
intended stance y. An illustration of this setup is
provided in Figure 2b.

Z _ Po — Pt 7
_ 1 1
\/P(l P) (& + ) )
P = PoTo +ptnt
No + Nt

The test is applied to each stance label (FAvoR
and AGAINST) separately, and the results are ag-
gregated into a final diagnostic score summarizing
the stance-preserving fidelity of the translation sys-
tem f. For instance, for a multilingual system, one
could count the number of language directions for
which a systematic shift is not detected.

3.3. Discussion and Extensions

As outlined in §3.1, the proposed evaluation frame-
work relies on two key resources: stance-annotated
reference texts and a stance detection model. How-
ever, the specific requirements vary depending on
the statistical test applied.

3.3.1. McNemar’s Test

This test relies on paired source-translation inputs
with gold stance annotations in L, and a stance
detection model g that operates in both L; and L,
with comparable accuracy. This latter condition
is crucial as it ensures that any observed differ-
ences in stance predictions can be attributed to
translation effects rather than model asymmetry. In
practice, however, multilingual models are rarely
calibrated across languages, likely due to uneven
training resources or the inherent difficulty of the
languages (see, e.g., the performance disparities
across languages for each variant of g in Table 3).

This requirement can be relaxed through rounad-
trip translation (RTT), wherein L, translations of L,
texts are translated back into ; using the same
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Requirement McNemar Z-Test
Gold labels in L v v
Gold labels in Lo b 4 v
Stance detector in L; v b 4
Stance detector in Lo v v

Table 1: Requirements for McNemar’s test and the
Two-proportion Z-test.

MT system (Somers, 2005). This enables stance
detection to be performed entirely in the source lan-
guage, removing the need for bilingual model parity.
However, RTT introduces an additional translation
step in the opposite direction, which may compound
noise and obscure the source of distortion.?

3.3.2. Two-Proportion Z-Test

Compared to McNemar’s test, this setup removes
the need for a bilingual stance detector, but intro-
duces a dependency on the availability of anno-
tated data in both I, and L,. This dependency
can also be mitigated via RTT, which eliminates the
need for gold-annotated target-language texts. In
this variant, translations are mapped back into L4,
and stance predictions for RTTs are compared to
those for native L; texts with the same gold label.
However, the same limitations of RTT discussed
above apply. Moreover, the Z-test assumes that ¢
performs reliably in the evaluation language. While
this assumption is more tractable than requiring bal-
anced performance across languages, it remains
sensitive to the quality of the stance detector, which
may vary depending on language resources: as
can be observed in Table 3, different variants of
g yield varying levels of accuracy, which can influ-
ence the sensitivity of the test. A summary of the
requirements for each test is presented in Table 1.

3.4. A Calibration Set

To validate our framework’s ability to detect stance
distortion, we construct a controlled synthetic trans-
lation setup designed to simulate stance-altering
behavior. To the best of our knowledge, no estab-
lished tools currently exist for reliably quantifying
stance distortion in real-world MT outputs, making
a synthetic setup essential for calibration.

Our approach involves a two-step process, con-
ceptually mirroring the prompting-based frame-
work described in Appendix §A.1, to generate a
dataset of stance-distorted translations. First, na-
tive French speakers manually created 100 high-
confidence, monolingual rewrites of original French

2This assumes that translated texts are statistically in-
discernible from original texts, which might not be entirely
true due to translationese effects (cf. §2.3).

texts from the X-Stance dataset. These rewrites
were designed to invert the original stance (50 Fa-
VOR, 50 AGAINST) while preserving content, style,
and surface similarity as much as possible.>

Second, this curated set of stance-flipped texts
was translated into German using EuroLLM-9B-
Instruct (Martins et al., 2025),* creating our final
pool of stance-distorted translations. We then sim-
ulated varying degrees of distortion by combining
increasing proportions of these inverted transla-
tions (from 0% to 50% in 10% increments) with
standard, non-distorted translations from the same
model, yielding six sets per stance label. These
sets allow us to quantify our framework’s sensitivity
to progressively increasing stance shifts.

4. Implementation

4.1.

As outlined in §3.3, evaluating stance distortion
in machine translation using the two-proportion Z-
test requires a set of reference texts in both L,
and L, with annotated stance labels. To meet this
requirement, we use the test split of X-Stance (Vam-
vas and Sennrich, 2020), a dataset containing 67k
candidate-authored stance-bearing comments in
German, French, and ltalian on political issues,
collected from the Swiss voting advice platform
smartvote.ch.® To minimize the risk of truncation—
particularly the loss of stance-relevant content dur-
ing model inference—we retain only comments of
at most three sentences. These filtered samples
serve as the foundation for our experiments in §5.

Multilingual Stance Dataset

4.2. Stance Detection Model

The second required resource for evaluating stance
distortion is a stance detector (see §3.1). We exper-
iment with different architectures and capacities to
assess whether the choice of stance detector influ-
ences our final estimates. Specifically, we fine-tune
the base version of XL.M-RoBERTa (Conneau et al.,
2020), a transformer encoder pretrained on 100+
languages, and L.L.aMA-3.2-3B (Grattafiori et al.,
2024), a multilingual auto-regressive transformer,

SAttempts were made to automate this step using
an instruction-tuned language model, LLaMA-3.2-3B—
Instruct (Grattafiori et al., 2024) (see Appendix §A.3
for examples). However, this approach frequently failed
to produce valid counterfactual rewrites, particularly for
ambiguous or inconsistent comments, for which even
human annotators found stance reversal to be infeasible.
Therefore, manual curation was necessary to ensure the
quality of the calibration set.

“Translation quality was validated by ensuring predic-
tion error rates on translations and RTTs fell within the
95% confidence interval of those on original texts.

Shttps://www.smartvote.ch/fr/all
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for binary classification. Full hyperparameter con-
figurations are provided in Appendix A.2.

4.2.1. Training Data.

To build a robust, generalist multilingual classifier,
we combine six publicly available stance detection
datasets, covering multiple domains and languages.
Table 2 summarizes the processed datasets, includ-
ing class distributions and language coverage. A
representative example from each dataset is pre-
sented in Table 8 in Appendix A.4 to illustrate the
diversity of text-target pairs used for fine-tuning.
The resulting corpus, BiMultiSD, contains over 80k
training examples in English, German, and French.
While all source datasets in BiMultiSD consist of
naturally produced texts, the resulting stance detec-
tor is applied, at evaluation time, to both native and
machine-translated inputs. This introduces a do-
main mismatch between training and inference, as
translated texts are known to exhibit systematic dis-
tributional differences from original texts (cf. §2.3),
and results in systematically poorer predictions for
real than to translated texts (Artetxe et al., 2023). To
mitigate this mismatch, we construct an extended
training corpus, BiMultiSD-XLT , which augments
the original data with automatically translated in-
stances. The resulting dataset nearly doubles the
amount of training data and exposes the classifier
to a balanced mix of native and translated texts
across all languages, following a translate-train
paradigm. Full construction details are provided
in Appendix A.4. We use BiMultiSD-XLT to train a
second LLaMA-based stance detector designed to
better handle translated inputs at inference time.

4.2.2. Assessment.

Table 3 reports accuracies on two test sets®—CoFE
and X-Stance—for four variants of the stance detec-
tor g {okayedthat differ in architecture and/or train-
ing data. These include X1.M-RoBERTa fine-tuned
on X-Stance (XLM-R+X-Stance), XLM-RoBERTa
and LLaMA-3 . 2—-3B fine-tuned on BiMultiSD (XLM-
R+BiMultiSD, LLaMA+BiMultiSD), and LL.aMA-3.2—-
3B fine-tuned on the translation-augmented
BiMultiSD-XLT (LLaMA+BiMultiSD-XLT). A majority-
class baseline (MFC) is included for reference.
Fine-tuning on the aggregated datasets improves
accuracy in all settings. The LLaMA-based classi-
fiers achieve the best results, with only a minor drop
on natural data when translations are added to the
training. All models are included in the calibration
study, and the top-performing detector is used for
downstream stance-preservation experiments.

%In both cases, we use the preprocessed test subsets
distributed by the respective data providers.

4.2.3. Qualitative Error Analysis.

To better understand the limitations of the stance
detection model, we conducted a manual review
of instances where the LL.aMA+BiMultiSD predic-
tions diverged from the gold annotations on native
texts. This inspection revealed that a significant
portion of these “errors” stems from inherent am-
biguity or noise within the ground truth data rather
than model failure. The model frequently flags con-
tradictory gold labels—for instance, correctly pre-
dicting AGAINST for a sarcastic, rhetorical comment
opposing gun control despite an erroneous FAVOR
annotation (see Appendix A.5). Consequently, the
classifier’s effective accuracy on natural texts may
be higher than the reported metrics, as it is occa-
sionally penalized for disagreeing with noisy human
annotations.

5. Measuring Stance Distortion in MT

5.1.

To validate our methodology, we conduct a con-
trolled evaluation using translations with synthet-
ically induced stance shifts (§3.4), and assess
the sensitivity of McNemar’s test and the two-
proportion Z-test to increasing levels of distortion.
Figure 3 shows p-values for both stance labels
in translation and RTT settings. Figure 3b com-
pares Z-scores (converted to p-values) across
classifier variants, while Figure 3a focuses on
LLaMA+BiMultisD, showing McNemar p-values
alongside CometKiwi” scores for translations and
BLEU® scores for RTTs. Table 4 provides full re-
sults for both tests and all classifiers.

Both tests exhibit increasing sensitivity as distor-
tion levels rise, confirming that the framework can
successfully flag stance shifts of varying magnitude.
Comparing test results on direct translations ver-
sus RTTs reveals that while the tests identify signifi-
cant shifts in both conditions, their detection thresh-
olds often diverge. In some cases, RTT leads the
tests to flag significance at lower distortion levels
(e.g., XLM-R+X-Stance, FAVOR), while in others
significance emerges only at much higher levels
(e.g9., XLM-R+X-Stance, AGAINST). This pattern
suggests that RTT introduces confounding effects
of its own—-sometimes amplifying distortions, some-
times masking them. We therefore regard RTT
as a practical fallback for easing the constraints
discussed in §3.3 when necessary, but direct trans-
lation continues to offer a more reliable basis for
diagnosing stance distortion in MT outputs.

A key factor in interpreting these results is the
quality of the stance detector itself. More accurate

Evaluation with Synthetic Bias

"wmt22-cometkiwi-da
8Using SacreBLEU (Post, 2018).
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# Samples Class dist. (train) Languages

Datasets Domain  Train Dev Test Favor Against (train)
ArgMin (Stab et al., 2018) Web 8,676 965 1,068 44.5%  55.5% en
CoFE (Barriere et al., 2022) Debates 2,674 433 449 77.1% 22.9% en, de, fr
FNC_ARC (Hanselowski et al., 2018) News 6,416 713 380 68.7% 31.3% en
PERSPECTRUM (Chen et al., 2019) debates 9,537 1,060 1,178 51.8%  48.2% en
VAST (Allaway and McKeown, 2020) debates 9,989 1,345 383 48.8%  51.2% en
X-Stance (Vamvas and Sennrich, 2020) Debates 42,958 3,926 16,427 50.2% 49.8% de, fr
BiMultiSD Mixed 80,250 8,442 19,885 52% 48% en, de, fr
BiMultiSD-XLT Mixed 160,500 16,036 37,286 51.4%  48.6% en, de, fr

Table 2: Pre-processed dataset statistics: domains, splits, class distributions, and language coverage.
The merged corpus includes 45% English, 41% German, and 14.1% French instances.

Test Lang. Baseline XLM-R XLM-R LLaMA LLaMA
(MFC) +X-Stance +BiMultiSD +BiMultiSD +BiMultiSD-XLT
de 81.03% 77.59% (-3.44)  86.21% (+8.62) 96.55% (+10.34)  94.83% (-1.72)
CoFE en 76.13% 81.53% (+5.40) 88.29% (+6.76)  93.69% (+5.40) 92.79% (-0.90)
fr 73.33% 77.14% (+3.81)  79.05% (+1.91) 90.48% (+11.43)  92.38% (+1.90)
it 90.7% 88.37% (-2.33)  88.37% 93.02% (+4.65) 88.37% (-4.65)
de 50.88%  72.24% (+21.36) 75.48% (+3.24) 84.16% (+8.68) 84.13% (-0.03)
X-Stance fr 54.4% 76.84% (+22.44) 77.21% (+0.37)  85.66% (+8.45) 85.86% (+0.20)
it 53.91%  73.58% (+19.67) 76.45% (+2.87) 84.42% (+7.97) 82.77% (-1.65)

Table 3: Accuracy of classifier variants on CoFE and X-Stance test sets (original data). Parentheses
indicate gains over the preceding setup (in green for gains, red for losses), and shaded rows correspond

to cross-lingual evaluation.

classifiers yield more stable and interpretable out-
comes because their predictions on native texts
are already reliable. In contrast, weaker detectors
introduce noise that can be mistaken for translation-
induced shifts. With a stronger model such as
LLaMA+BiMultiSD, any systematic discrepan-
cies between native and translated predictions
are more likely to reflect genuine MT distortions
rather than classification errors. This pattern is
evident in our results: the detection thresholds ob-
tained with LLaMA+BiMultisD fallin areasonable
range—neither hypersensitive to noise nor overly
desensitized—indicating that the tests respond co-
herently to meaningful distortions (at around 10%).
In contrast, weaker classifiers exhibit far greater
variability, sometimes registering significant differ-
ences at 0% distortion—false positives likely due
to classifier noise rather than translation bias—and
sometimes as late as 46%.

The results also highlight a limitation of standard
MT metrics. Figure 3a shows that although BLEU
and CometKiwi scores decline, they do so on a
much narrower scale and offer no indication of the
noise level at which stance errors begin to emerge.
In contrast, our detector pinpoints the onset of dis-
tortion with precision—even when shifts are subtle.

5.2. Can current models be trusted?

We next apply our statistical testing framework to
evaluate whether existing multilingual LLMs can
serve as reliable MT systems in stance-sensitive
contexts. We evaluate twelve models spanning
five major MT families, summarized in Table 5.
When available, we include multiple parameter
sizes within each family to examine the effect of
model size on stance preservation. All models are
evaluated on the X-Stance dataset, which contains
user comments in German, French, and ltalian.

We adapt our testing procedure to the languages
supported by the stance detector and to the spe-
cific assumptions of each statistical test. For McNe-
mar’s test, we use round-trip translations to avoid
applying the stance classifier to languages with
uneven coverage (see §3.3). Concretely, we trans-
late comments from German and French—the de-
tector’s supported languages—into four pivot lan-
guages (German, French, English, Italian) and
back, yielding six language pairs. Since we evalu-
ate the FAVOR and AGAINST labels separately, this
produces 12 McNemar’s tests in total.

For the two-proportion Z-test, which requires la-
beled data in both source and target languages,
we evaluate direct translations only between the
languages available in X-Stance: German, French,
and ltalian. As ltalian falls outside the detector’s
training domain, it is excluded as a target language,
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(a) McNemar p-values from LLaMA+BiMultiSD predictions,
plotted alongside CometKiwi scores for direct translations
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Figure 3: Calibration results using McNemar's test (left) and two-proportion Z-test (right) for Favor and

AGAINST labels in translation and RTT settings.
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Table 4: Minimum distortion levels at which each classifier detects significant stance shifts for Favor and
AGAINST labels across Translation and RTT settings. Each model is evaluated using both McNemar’s Test
and the two-proportion Z-Test. Results are averaged over 10 randomized runs using distinct seeds (1-10)
to shuffle the distorted translations before injection, with significance defined as p < 0.05.

resulting in a total of 8 Z-tests.

To quantify stance preservation, we compute a
stance consistency score for each model, defined
as the number of language—stance pairs (out of
all tested combinations®) for which we do not de-
tect statistically significant stance shifts. Scores
are computed at two significance levels: a = 0.05
(stricter) and « = 0.01 (more lenient). We report
the aggregated results for a = 0.01 in Figure 4.1°

®Appendix §A.7 details p-values for all lan-
guage—stance combinations under direct MT and
RTT across both statistical tests. This breakdown helps
readers identify the precise conditions under which each
model struggled and observe how RTT reshaped the
statistical outcomes.

Al reported results use predictions from
LLaMA+BiMultiSD; corresponding analyses with
LLaMA+BiMultiSD-XLT are included in Appendix
§A.6, where scores are generally higher but the overall
tendencies and conclusions remain unchanged.

The results show that none of the twelve sys-
tems preserve stance reliably across all condi-
tions: all models introduce statistically significant
stance shifts in at least one translation direction or
polarity. Smaller instruction-tuned models are par-
ticularly unstable, displaying significant shifts even
at high BLEU and CometKiwi scores—confirming
that conventional MT metrics fail to capture stance-
level distortions. Larger models exhibit more stable
behavior, but increased capacity alone does not
guarantee higher stance fidelity.

Across families, EuroLLM-9B-Instruct and
salamandraTA-7b-instruct emerge as the
least distortion-prone systems, yielding the high-
est stance-consistency scores under both tests.
Nonetheless, even these models introduce statisti-
cally significant stance shifts in several translation
directions. In contrast, both N1LLB variants consis-
tently produce significant alterations—even at the
lowest threshold (a = 0.001).
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Family Small

Medium

Large

EuroLLM EuroLLM-1.7B-Instruct -
LLaMA LLaMA-3.2-1B-Instruct

Qwen Qwen-2.5-1.5B-Instruct

NLLB nllb-200-distilled-1.3B
Salamandra salamandraTA-2b-instruct —

LLaMA-3.2-3B-Instruct
Qwen-3-4B-Instruct-2507
nllb-200-3.3B -

EuroLLM-9B-Instruct
LLaMA-3.1-8B-Instruct
Qwen-2.5-7B-Instruct

salamandraTA-7b-instruct

Table 5: Evaluated multilingual MT systems grouped by model family and size (small, medium, large).
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Figure 4: Stance consistency scores for twelve mul-
tilingual MT systems. Scores reflect the number of
language—stance pairs without statistically signifi-
cant stance shifts (a = 0.01).

Overall, these results indicate that current multi-
lingual MT systems cannot yet be trusted to faith-
fully preserve stance. Even when standard MT met-
rics such as BLEU and CometKiwi suggest high
translation quality, our statistical tests uncover sys-
tematic stance shifts that these metrics overlook.
This study constitutes the first large-scale quantita-
tive analysis of stance preservation in MT, revealing

a critical gap in current evaluation practices and
highlighting the need for stance-aware assessment
in socially or politically sensitive applications.

6. Conclusion

Our work presents the first quantitative framework
for systematically evaluating stance preservation in
machine translation. We have demonstrated that
despite high scores on traditional metrics like BLEU
and CometKiwi, current multilingual models consis-
tently introduce statistically significant stance shifts.
By adapting statistical tests—McNemar’s test for
paired comparisons and the two-proportion Z-test
for group comparisons—we’ve provided a robust
method for diagnosing this critical form of transla-
tion effect. Our findings, based on an evaluation of
twelve popular MT systems, show that none can be
fully trusted to preserve the original stance of a text,
even when translating between high-resourced lan-
guages. This is a particularly serious issue in polit-
ically sensitive domains, where subtle opinion dis-
tortions can have significant real-world implications.
This research highlights the inadequacy of existing
evaluation paradigms and underscores the urgent
need for new metrics that can assess the fidelity
of subjective content in translations. As such, it
can also be read as a warning against transferring
subjective annotation via automatic translation.

7. Limitations

Our work presents a first attempt to design a frame-
work for quantifying stance distortion in machine
translation. It is subject to several limitations that
warrant consideration. First, the calibration set in-
cludes 100 French examples, reflecting a deliber-
ate emphasis on quality over scale. Native human
rewrites were employed to ensure reliable stance
reversal, as automated methods failed in this re-
gard—resulting in a final set constrained in both
size and language coverage. Second, our stance
detection relies on relatively small models—x1.M-
RoBERTa (250M) and LLaMA-3 . 2—-3B—whose ca-
pacity directly impacts diagnostic sensitivity. Larger
classifiers may yield more stable results.

Third, the multilingual scope of our evaluation
is limited by the availability of annotated data and
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classifier coverage. While we tested twelve MT sys-
tems, our analysis focused on high-resource lan-
guages (German, French, Italian), with classifiers
fine-tuned only on English, German, and French.
Future work could extend this analysis to additional
language families and incorporate human transla-
tions as a comparative benchmark.

Finally, our methodology depends on two hypoth-
esis tests—McNemar’s and the two-proportion Z-
test—which determine whether statistically signifi-
cant stance shifts occur but do not provide a con-
tinuous measure of distortion magnitude. Develop-
ing continuous metrics that quantify the degree of
stance alteration would both enrich interpretability
and enable the natural extension of the framework
to multi-class or graded stance representations.

8. Ethical Considerations

All experiments were conducted on publicly avail-
able datasets, and synthetic distortions were in-
troduced solely for calibration purposes. We ac-
knowledge, however, the dual-use potential of our
metric: while designed to diagnose and mitigate
unintended stance shifts, it could in principle be
repurposed to tune models that deliberately distort
stance while remaining undetectable to conven-
tional metrics. This risk underscores the impor-
tance of transparency in evaluation practices and
the need for robust safeguards when deploying MT
systems in sensitive domains.
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A. Appendix

A.1. Two-Step Prompting Strategy for
Controlled Stance Manipulation

To generate controlled stance-preserving and
stance-inverting translations, we employ a two-step
prompting strategy. An instruction-tuned model
first transforms a source-language statement into
its semantic opposite. The resulting text is then
translated into the target language using either the
same model or a different model specialized for
MT. This decomposition allows independent con-
trol over stance manipulation and translation.

All prompts follow a chat-style format compatible
with instruction-tuned models and consist of a sys-
tem instruction and a user query. Outputs are ex-
plicitly constrained to contain only the transformed
or translated text, with no additional commentary.

Step 1: Stance Reversal The transformation
stage applies the following system instruction:

Stance Reversal Instruction (Step 1)

Transform the user’s statement into
its semantic opposite. The target
is only given for your reference.
Guidelines:

1. Maintain minimal changes to the
wording while ensuring the
stance toward the target is
fully reversed.

2. Avoid simple negation.

3. Respond with ONLY the
transformed statement-no
preambles, repetition of the
input, or explanations.

The corresponding user query template is:

Target: {T}
Statement: {S}

Step 2: Translation The translation stage ap-
plies the following system instruction:

Translation Instruction (Step 2)

You are an impartial translator
dedicated to conveying the user’s
input with complete accuracy while
maintaining the original tone and
stance. Your output must consist
only of the translation itself.

The corresponding user query template is:

Translate the following text from
{L_1} into {L_2}.

{L_1}: {S}

{L_2}:
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Hyperparameter Value

Learning rate 2x107°

Optimizer AdamW, weight decay 0.01
Scheduler Cosine with 10% warmup
Batch size 16

Max sequence 512 tokens

length

Epochs 10

Gradient clipping 5.0

Early stopping 3 epochs

patience

Loss function Cross-entropy (binary)
bf16 (fallback to fp16)

Validation loss on BiMultiSD

Mixed precision

Evaluation metric
for checkpoint
selection

Table 6: Hyperparameters for fine-tuning x1m-
roberta-base and Llama-3.2-3B.

This modular design enables controlled genera-
tion under two experimental conditions: (i) stance-
preserving translation (translation step only) and
(i) stance-inverting translation (transformation fol-
lowed by translation). Separating stance manipula-
tion from translation allows (1) the use of special-
ized models or human annotators for either step,
and (2) reuse of the same stance-reversed source
statements across multiple target languages, en-
suring consistency in cross-lingual comparisons.

A.2. Hyperparameters and Training
Setup

Table 6 lists the hyperparameters used for fine-
tuning xIm-roberta-base and Llama-3.2-3B.
Training was conducted using the HuggingFace
Transformers library with PyTorch as the backend.

A.3. Examples of Oppositional Rewrite
Failures and Successes

Table 7 presents representative examples of a suc-
cessful and unsuccessful oppositional rewrite gen-
erated by I.1.aMA-3.2-3B-Instruct for the cal-
ibration set described in 3.4. All transformations
were manually reviewed and, if needed, revised by
native French-speaking annotators. The top exam-
ple illustrates a case in which the original comment
was too vague, indirect, or internally inconsistent to
permit a reliable stance inversion, even for human
annotators; such items were excluded from the fi-
nal set. In contrast, the bottom example shows a
successful rewrite that met the criteria for stance

inversion while preserving close surface-level simi-
larity, and was therefore retained.

A.4. Dataset Details

Table 8 provides representative examples from the
datasets used to construct BiMultiSD, showing the
topic, comment, stance label (FAVOR/AGAINST), and
comment language for each.

To reduce the domain mismatch between native
and translated inputs at inference time, we con-
struct an extended training corpus, BiMultiSD-XLT,
by augmenting BiMultiSD with automatically trans-
lated instances. The goal of this augmentation is
not to create new gold-standard annotations, but
to expose the stance classifier to translated text
during training.

The construction of BiMultiSD-XLT proceeds as
follows. First, all samples in each language are
translated into the other two languages present in
the dataset using EuroLLM-9B—-Instruct. This
yields multiple translated variants for each original
instance. Second, the stance of each translated
text is predicted using a LLaMA-based stance clas-
sifier trained on the original BiMultiSD, which was
the best-performing variant in preliminary experi-
ments. Third, translated instances are filtered to
retain only those that (i) exceed a COMETKiwi qual-
ity threshold of 0.7, and (ii) receive the same pre-
dicted stance label as the original gold annotation.
Finally, for each language, we select the top-n scor-
ing translated instances, where n corresponds to
the number of original samples in that language,
to maintain approximate balance between natural
and translated data.

The resulting BiMultiSD-XLT nearly doubles the
size of the original corpus and contains comparable
proportions of native and translated texts in English,
German, and French. In a small number of cases,
the filtering criteria remove too many translated
candidates, resulting in slightly fewer translated
samples than natural ones for a given language.
This augmented dataset is used to train a second
stance classifier that has been exposed to both
natural and translated inputs during training.

A.5. Qualitative Error Analysis Examples

Here we provide specific examples from our man-
ual review of the LLaMA+BiMultisD classifier’s
predictions on native texts. Table 9 highlights in-
stances where the model’s prediction diverges from
the gold label. In these cases, the model suc-
cessfully identifies the underlying pragmatic mean-
ing—such as sarcasm or disentangling mixed senti-
ments within a single statement—revealing that the
mismatch is driven by noisy labels in the original
dataset rather than classification errors.
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Target

Comment

Label

LLaMA-3
Transformation

Annotator suggestion

Une initiative demande que les subsides aux assurances maladie soient congus de maniére a
ce que personne n’ait a consacrer plus de dix pour cent de son revenu disponible au paiement
des primes. Soutenez-vous cette proposition?

Une réforme structurelle des colts de la santé doit néanmoins étre proposée notamment
avec la mise en place d’une caisse unique. Notre systeme de santé doit aussi s’adapter tres
rapidement aux besoins des seniors avec I'arrivée du 'Papy boom’.

FAVOR

Une réforme structurelle des colts de la santé doit néanmoins ne pas étre proposée notamment
avec la mise en place d’une caisse unique. Notre systeme de santé doit aussi s’adapter trés
lentement aux besoins des seniors avec I'arrivée du 'Papy boom’.

Non mais une réforme structurelle des colts de la santé doit néanmoins étre proposée
notamment avec la mise en place d’'une caisse unique. Notre systeme de santé doit aussi
s’adapter trés rapidement aux besoins des seniors avec I'arrivée du 'Papy boom’.

Status REMOVED

Target Etes-vous favorable 2 la Iégalisation du statut des sans-papiers par un octroi collectif et unique
de permis de séjour?

Comment Cela créerait une inégalité de traitement par rapport aux migrants qui arrivent en Suisse
|également.

Label AGAINST

LLaMA-3 Cela créerait une égalité de traitement par rapport aux migrants qui arrivent en Suisse légale-

Transformation
Annotator suggestion
Status

ment.

KEPT

Table 7: Examples of two oppositional rewrites: a rejected case in which the original comment does
not directly address the question (top), and a retained case that successfully inverts the stance while
preserving high surface-level similarity (bottom).

| Dataset | Topic | Comment | Label | Lang. |
At best , that patchwork of laws , differing from one
] " - locality to another , will be yet another unintended
ArgMin marijuana legalization ; . - AGAINST en
and predictable problem arising from legalization
as envisioned under this act
We need to have migrant
camps in syria, tunisia, Agree. If the asylum seekers don't have to cross
gambia, guiana and all other . . -
- ) the Mediterranean to apply for it less of them will
countries that migrants come ) - _ .
. die trying and less human trafficking will take place.
CoFE from, so we can provide help LT , . FAVOR en
- And whoever is rejected won't be in the country
to them there, this will cost
] and eat up resources that could be used to
less to our governement, will
process others.
protect more people, and no
jihadist will enter here
America’s sport? Of course they should pay taxes,
like any profit making corporate entity. Another
FNC_ARC Sport Ie_agues should enjoy aber_ratlon of our tax code_that our legislators AGAINST en
nonprofit status provide for the wealthy, privileged, connected and
very unworthy, few. Ouch! | got a concussion
thinking about it.
PERSPECTRUM School Uniforms Should Be | School uniforms may deter crime and increase FAVOR en
Mandatory student safety.
No to tax breaks for private education - it takes
public money away from public schools, which
need. Furthermore, this will further erode
VAST a tax break . : . AGAINST en
separation of church and state. Finally, the is a
conservative scam to take public monies for private
benefit.
La Confédération devrait-elle La cm_Jlture: est ql_Jquue chose_ de trés perso_nnel etil
; . est risqué de faire la promotion de celle-ci sans
X-Stance se retirer de la promotion de N . A FAVOR fr
facher personne. Un soutient peut toutefois étre
la culture? . . : L
maintenu pour la préservation du patrimoine.

Table 8: Example from each dataset used for fine-tuning the stance detection models.
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Topic Comment Gold Pred.
R Au cours des dernieres années, les regles 1 l Est-ce que I'Etat, les chasseurs et les délinquants  FAVOR  AGAINST
d'acquisition et de possession d’armes se sont ren-  doivent-ils avoir le monopole de la violence ?

forcées. Etes-vous favorables a cette évolution? (Should the state, hunters, and criminals have a monopoly

(There has been an increasing tightening of rules on  on violence?)

the acquisition and possession of weapons in recent

years. Do you welcome this development?)

B Bofiirworten Sie eine strengere Kontrolle der = Lohngleichheit finde ich super wichtig. Kontrolle finde  FAVOR  AGAINST

Lohngleichheit von Frauen und Mé&nnern?
(Are you in favour of stricter monitoring of pay equity
for women and men?)

ich weniger cool.
(I think equal pay is very important. Control is less cool.)

Table 9: Examples of stance detection mismatches driven by noisy ground-truth labels. The classifier
successfully navigates underlying pragmatics (e.g., sarcasm or separating general sentiment from policy

stance) that contradict the self-reported labels.
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(b) Two-proportion Z-test (direct translation).

Figure 5: Stance consistency scores for twelve multilingual MT systems based on predictions from
LLaMA+BiMultisSD-XLT. Scores reflect the number of language—stance pairs without statistically signif-

icant stance shifts (o« = 0.01).

A.6. MT-system evaluation using
LLaMA+BiMultiSD-XLT predictions

To verify that our findings are not specific to
a single stance detector, we replicate the full
MT-system evaluation using predictions from
LLaMA+BiMultiSD-XLT, a translationese-
protected variant of the classifier used in the main
text. Figures 5a and 5b report the corresponding
McNemar and two-proportion Z-test results under
the same experimental setup described in §5.2.
Overall, the XLT-based evaluation yields higher
stance-consistency scores across most MT sys-
tems, reflecting the model’s reduced sensitivity
to translationese artifacts. However, the qual-
itative tendencies remain unchanged. No
MT system preserves stance consistently across
all translation directions or polarities, and the
relative ranking of model families is stable:
EuroLLM-9B and SalamandraTA-7B remain the
least distortion-prone, while both NLLB variants
continue to yield substantial stance shifts across

nearly all tested conditions.

These results confirm that our main findings are
robust to the choice of stance detector. While
LLaMA+BiMultiSD-XLT produces slightly more
optimistic scores, the overarching pattern persists:
current multilingual MT systems introduce system-
atic stance distortions that are not captured by
standard MT metrics, underscoring the need for
stance-aware evaluation in sensitive applications.

A.7. Comprehensive p-Value Tables for
All Language—Polarity Pairs

Tables 10 and 11 detail test outcomes for all tested
combinations across direct machine translation (Di-
rect MT) and round-trip translation (RTT).

Model Capacity and Family Trends Across both
statistical tests, smaller models (L1ama3.2 1B/3B
and NLLB 1.3B/3.3B) consistently fail to preserve
stance, scoring 0 in nearly all conditions. This indi-
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cates that these models introduce statistically sig-
nificant stance shifts regardless of the language
direction or original polarity. Conversely, increased
size correlates with improved stance fidelity, though
it does not guarantee immunity to distortion:
EuroLLM-9B and SalamandraTA-7B emerge as
the most robust models in the evaluated group.
However, their sub-optimal Direct MT scores con-
firm that even state-of-the-art multilingual LLMs
remain vulnerable to systematic opinion shifts.

The Confounding Effects of RTT These tables
highlight how RTT reshapes the statistical out-
comes. While overall stance consistency scores
remain broadly stable between the direct translation
and RTT settings, our evaluations indicate that RTT
introduces distinct confounding effects: it appears
to compound translation noise for mid-tier mod-
els, while frequently inflating consistency scores
for top-performing ones. For example, the Qwen
models (specifically Qwen3-4B-Instruct—-2507
and Qwen2.5-7B-Instruct) experience a no-
ticeable drop in stance consistency when transition-
ing from Direct MT to RTT across both hypothesis
tests. Conversely, SalamandraTA-7B preserves
stance in 3/8 language-polarity scenarios under
direct translation, but 5/8 under RTT (Table 10).
This asymmetry may stem either from discrepan-
cies in the stance classifier’s performance across
languages in the direct translation setting, or from
the back-translation process inadvertently “correct-
ing” the stance in the RTT setting. Consequently,
while RTT serves as a necessary fallback for mit-
igating classifier limitations, these results empiri-
cally demonstrate that it provides an occasionally
misleading diagnostic signal compared to direct
translation.

Directional and Polarity Asymmetries Finally,
the itemized p-values reveal that translation-
induced stance shifts are highly asymmetrical:
models frequently distort FAVOR and AGAINST la-
bels at unequal rates within a given language direc-
tion. This asymmetry validates the methodological
decision to stratify evaluations by gold label, as ag-
gregating these predictions would otherwise allow
bidirectional flips to cancel each other out.
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Table 10: McNemar’s test p-values for all models across Direct MT and RTT settings, evaluated at the
a = 0.01 significance level ( Red : significant shifts; Green : non-significant shifts). The Src column
specifies the source language, while the + and - columns correspond to the FAVOR and AGAINST stance
labels, respectively. Under Direct MT, the columns denote the target language; here, the classifier is
applied cross-lingually to evaluate both the source text and its translation. Under RTT, the columns
denote the intermediate pivot language; because the text is back-translated, the classifier is applied
monolingually to the source text and its round-trip translation. The final Score is the number of test
instances with insignificant stance shifts for each evaluated model.
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Table 11: Two-proportion Z-test p-values evaluated at the « = 0.01 significance level. The table structure
and notation are identical to those detailed in Table 10.
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