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ABSTRACT

Large language models (LLMs) perform best in high resource languages, mo-
tivating Machine Translation (MT) as a preprocessing step for multilingual in-
ference. However, translation may alter task-relevant linguistic cues, degrading
downstream models. It remains unclear whether such degradation is arbitrary or
systematic across languages. We quantify translation-induced downstream drift
using round-trip translation (English to pivot language to English) across eight
pivot languages from Europe (German, Spanish, French, Italian, Portuguese) and
Asia (Chinese, Hindi, Thai) while holding the source texts and downstream mod-
els fixed. Across two downstream tasks (radiology finding extraction from clin-
ical reports and text retrieval), translation introduces performance drops that in-
crease with language difficulty (US State Dept. categories; Spearman |p| > 0.83),
suggesting systematic rather than random drift and providing an external, pre-
translation diagnostic. Over repeated round-trip translations, performance drops
early, and then stabilizes in subsequent round-trips. Semantic similarity metrics
(COMET) can track this drift, providing a lightweight post-translation diagnostic
for downstream drift. Our findings suggest that preprocessing non-English texts
using MT may introduce systematic biases that could degrade downstream trained
models and tasks, highlighting an important pitfall in the equitable multilingual
use of LLMs at scale.

1 INTRODUCTION

Text data available for natural language processing (NLP) is skewed towards English and a few
other high-resource languages (Ranathunga & de Silva,[2022)). For example, only /5% of Llama 3’s
pretraining data is non-English (Meta Al |2024). There is also a disparity in the availability of task-
specific models, evaluation benchmarks and data resources between English and other languages
(Poria & Huang] 2025} |Ranathunga & de Silva, 2022). Furthermore, even multilingual models
often perform better in high resource languages like English (Ahuja et al.| 2023} Xuan et al.| [2025).
As a result, an attractive workaround for multilingual inference is to translate to English and then
reuse English-centric foundation models and downstream tools. (Artetxe et al., 2023} [Etxaniz et al.|
2024). Large Language Models (LLMs) can produce high quality translations (Sizov et al., |[2024),
but are also known to suffer from hallucinations (Ji et al.,[2023)) and omissions (Asgari et al., 2025),
especially in low resource languages (Guerreiro et al., [2023). In high-risk domains like healthcare,
translation accuracy is critical: even subtle shifts in meaning like uncertainty or phrasing can change
downstream model behavior, which can have grave consequences in the setting of medical decision-
making. We therefore use clinical radiology as a high-risk application testbed for such translation-
related pitfalls, and ask the question: How much downstream model drift does translation induce,
and does that drift follow systematic patterns across languages or vary arbitrarily?
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Recent work uses round-trip translations (RTT) (English — Pivot Language — English) as a
reference-free evaluation metric for Machine Translation (MT) systems (Zhuo et al., 2023} |Crone
et al.,[2021;Moon et al.| 2020). In healthcare, RTT is less extensively studied, often using reference-
based (bilingual expert back translations) methods to evaluate the quality of MT reports (Kong et al.|
2025; Khoong et al., [2019). However, [Mehandru et al.| (2023)) evaluates the effectiveness of RTT,
showing that it can help clinicians surface critical translation errors associated with potential clinical
harm. While these works provide valuable insights about using RTT for quality estimatation for spe-
cific language pairs, they do not study whether translation errors follow systematic, cross-language
trends (e.g., increasing with language difficulty) or propagate to downstream Al systems such as
weak labelers or foundation model inference.

Building on this work, we analyze translation through the lens of downstream robustness and struc-
tured cross-language patterns in translation-induced degradation. We use N-round RTT as a con-
trolled perturbation of English reports and measure its propagation in weak labeling and embedding-
based retrieval. Our observations suggest that translation-induced drift is systematic rather than
arbitrary. First, we find that language difficulty is correlated with downstream drift (Section [3)),
providing an interpretable external and pre-translation predictor of downstream drift. Second, we
find that drift does not compound under repeated RTT (Section ), stagnating after an initial drop in
performance. Finally, traditional MT metrics like COMET (Section [5) correlate with downstream
drift, serving as a post-translation diagnostic.

2  EVALUATION FRAMEWORK

Pipeline schematic We study the following information flow:

2 Ts_,p LL'P Tp_,s RTT(LC) downstream model y
~~ ~~ ——— ~—

source text (S) pivot text (P) round-trip back to S outcome

The source report = (in source language .S) is translated into a pivot language P, then translated
back to S before being passed to a fixed downstream model to obtain the task output 3.

Round-trip translation (RTT) We define one round trip as the composition of the forward and
backward translation operators:

RTT(m) = Tpﬁs (TS%P(IE)) .

Starting from the original source text xg (in S), we apply this operator iteratively to produce a
sequence of perturbed texts:

Tpt1 = RTT (zy,), n=0,1,...,N -1

Here Ts_, p and Tp_, g denote the chosen machine-translation systems for the two directions, P is
the pivot language, and N is the total number of round trips.

Reference baseline and comparison We evaluate downstream behavior on both the original re-
port and its round-trip variants. Concretely, we treat x( as the reference text and compute down-

stream outputs
QO:f(‘TO)a @n:f(zn)an:]w---aN

where f(-) denotes the fixed downstream model for a given task. We then quantify translation-
induced drift by comparing g,, against g (e.g., label agreement for weak labeling or retrieval con-
sistency for embedding-based search).

Isolating the translation layer Isolating the impact of translation on downstream performance is
difficult because changing languages may introduce confounders like downstream model sensitivity.
For example, a retrieval model may perform better on English than on other languages and language-
specific factors like style, verbosity, or clinical conventions can change task difficulty independent
of translation errors. To attribute downstream changes specifically to the translation layer, we (i)
keep the original text fixed, and (ii) evaluate all downstream tasks in a single language (English)
using one fixed downstream model per task.
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2.1 EXPERIMENTAL SETUP

We use Llama-3.3-70B-Instruct (Grattafiori et al.| 2024) and Qwen2.5-72B-Instruct (Qwen et al.,
20235) as MT systems, setting temperature to zero to make the translations as deterministic as pos-
sible. Model inference was served using vVLLM (Kwon et al.l [2023). We consider eight pivot lan-
guages: Spanish, French, Portuguese, Italian, German, Hindi, Thai, and Chinese. The English
source text is taken from the MIMIC-CXR dataset (Appendix for details). We measure translation-
induced effects on two downstream tasks: (i) weak labeling via the CheXbert labeler (Smit et al.
2020), and (ii) representational sensitivity via retrieval using MedGemma (Sellergren et al.| [2025))
embeddings. All downstream evaluations compare model outputs on x,, against the original zo. We
evaluate downstream models every 5 round trips.

Weak Label Extraction We use the CheXbert labeler to extract radiology findings from reports, a
widely adopted step in radiology dataset curation and labeling. Landmark datasets such as MIMIC-
CXR (Johnson et al., 2024) distribute NLP-derived labels from report text. CheXbert (Smit et al.,
2020) reports near—expert-level agreement between CheXbert outputs and radiologist annotations on
several common findings. We use Cohen’s Kappa () (Cohen,|1968)) to evaluate agreement betweeen

original and RTT after n rounds: k(f (o), f(z,)) (Appendix|A.3.1).

Text Retrieval We use Med-Gemma to extract text embeddings from radiology reports. To test
whether translation affects the embedding space, we run a retrieval experiment between the original
source reports and their RTT versions across N rounds. For each translated report, we retrieve from a
pool of original reports and treat its own original version as the relevant target. We quantify retrieval
quality using mean reciprocal rank (MRR) (Appendix[A.3.2).

2.2 DEFINING LANGUAGE DIFFICULTY

To quantify difficulty of a pivot language relative to English, we use the United States Department of
State’s Foreign Service’s language difficulty categories (U.S Department of State)), referred to here
as language difficulty (LD). This ordinal scale ranges from 1 (closest to English) to 4 (most difficult
for native English speakers). Our pivot languages span this spectrum: Spanish, French, Portuguese,
and Italian fall into LD1; German into LD2; Hindi and Thai into LD3; and Chinese into LD4.

3 DOWNSTREAM DEGRADATION IS CORRELATED WITH LANGUAGE
DIFFICULTY

We test whether LD (Section [2.2) predicts translation-induced downstream degradation. We mea-
sure degradation as the performance change after RTT through a given pivot language, keeping the
source language fixed to English. We assess association using Spearman’s rank correlation (Spear-
man,|1961). We find LD is negatively correlated with downstream degradation across both tasks and
models (Spearman p = —0.83 to —0.89, permutation p < 0.03; Fig. 1), indicating that higher diffi-
culty languages suffer from larger translation-related degradation. Averaged across pivot languages
after the first round trip, LD1-LD2 languages retain high downstream performance for both models
(mean MRR: 0.97 for Llama, 0.98 for Qwen; mean «: 0.92 and 0.93, respectively). In contrast,
LD3-LD4 languages exhibit substantially lower performance (mean MRR: 0.85 for Llama, 0.87
for Qwen; mean «: 0.85 and 0.85). These results suggest translation-induced degradation is sys-
tematic and language-dependent: downstream drift shows a strong monotonic association with LD,
rather than random variation across languages. However, LD is an ordinal human-learning taxon-
omy and should not be interpreted as a causal driver of LLM translation behavior, rather an external,
pre-translation, language-level predictor of translation-induced downstream drift.

3.1 ROLE OF LANGUAGE PROFICIENCY

In Section [3] we found that higher LD is associated with larger downstream performance drops
(i.e., greater degradation), independent of the translator. However, translation quality may be both
language- and translator-dependent: a translator may be more proficient in some languages than oth-
ers, and this proficiency may also correlate with LD. We refer to proficiency of an LLM in a language
as its performance when operating directly in that language (e.g., on benchmark tasks), independent
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Figure 1: Language difficulty (LD) is correlated with downstream performance: LD Vs (a) Agree-
ment on CheXbert labels (x) and (b) Text-retrieval (MRR). Points are pivot languages.

of English. Here, we explore how translator proficiency modulates the magnitude of degradation for
particular languages. For example, in our experiments, Chinese exhibits smaller degradation under
Qwen than under Llama (Table [T)), consistent with prior work showing Qwen is more proficient
than Llama on Chinese benchmarks, including higher accuracy relative to human evaluation (Zhao
et al.} 2025). This matches vendor-reported language support: Qwen2.5 explicitly supports Chinese,
whereas Llama3.3 does not. Considering the opposing effects of LD and proficiency: (i) language-
level factors predict translation-induced drift for a fixed model, and (ii) translator proficiency can
attenuate (high proficiency) or amplify (low proficiency) this drift; disentangling these mechanisms
causally is left to future work.

Model k1095% CI]  MRR 1 [95% CI]

Llama-3.3-70B-Instruct  0.83 [0.82, 0.84]  0.83 [0.82, 0.84]
Qwen2.5-72B-Instruct ~ 0.85[0.84, 0.86]  0.92 [0.91, 0.93]

Table 1: Downstream performance across translators with Chinese as the pivot language.

4 TRANSLATION-INDUCED DEGRADATION SATURATES UNDER REPEATED
PERTURBATION

Cohen's Kappa Vs Round Trips Cohen's Kappa Vs Round Trips

Round Trips (W) : Round Trips (M)
MRR vs Round Trips N MRR vs Round Trips

e ———

© (d)

Figure 2: Downstream performance across RTT: (a) Agreement on CheXbert labels (x) using Llama-
3.3-70B-Instruct as translator, (b) Agreement on CheXbert labels (x) using Qwen2.5-72B-Instruct,
(c) Text-retrieval (MRR) using Llama-3.3-70B-Instruct, (d) Text-retrieval (MRR) using Qwen2.5-
72B-Instruct. Each line represents a pivot language; shaded regions indicate 95% confidence bands.
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We stress-test the translation layer by applying repeated RTT for N = 15 iterations, evaluating
downstream tasks every five rounds. Our aim is to determine whether translation-induced drift
compounds across iterations or stabilizes under sustained perturbation. Figure [2] shows that after
an initial drop in performance, downstream metrics remain approximately stable across subsequent
iterations.

One plausible explanation is that repeated translation acts like a standardization operator: early
round trips resolve ambiguous, idiosyncratic phrasing into more verbose, canonical forms, and once
text enters this less ambiguous regime, further translations introduce only limited change. The mag-
nitude of the initial drop appears to depend on the quality of the standardized form, which in turn
relates to language difficulty and translator/model proficiency (Section [3). We support this stan-
dardization hypothesis with two additional observations reported in the Appendix. First, COMET
scores drop after the initial round trip and then plateau across subsequent rounds (Figure [A.T), mir-
roring the stabilization pattern in downstream performance, which suggests that translations do not
change much after the initial drop. Second, report length increases over early iterations (both in
token counts and character counts) and then stabilizes (Figure [A.2)), consistent with translations
converging to more verbose, canonical phrasing.

5 DOWNSTREAM DRIFT ALIGNS WITH SEMANTIC DISTORTION

We test whether standard MT metrics like COMET (Rei et al.l [2020) detect the translation-induced
drift that matters for downstream models. Figure [3| shows a strong positive correlation between
COMET and downstream performance across pivot languages, suggesting that COMET captures a
shared “damage axis” that drives downstream degradation. Since a high COMET score does not
guarantee clinical correctness, we treat COMET as a lightweight, post-translation diagnostic for
anticipating downstream risk, rather than a safety guarantee.

COMET vs kappa COMET vs MRR

©  Llama-3.3.70B-Instruct (ho=0.929) £ Llama-3.3-70B-Instruct (rho=0.976)
Quen2.5-728-Instruct (tho=0.929) ® 0975 Quen2.5-728-Instruct (tho=0.929)

(a) (b)

Figure 3: COMET score is correlated with downstream performance: COMET scores Vs (a) Agree-
ment on CheXbert labels (x) and (b) Text-retrieval (MRR). Points are pivot languages.

6 CONCLUSION

Machine translation is widely used as an upstream data-layer component, yet its downstream impact
is rarely quantified in a controlled setting. We find that downstream performance degradation is
systematic and strongly correlates with the target language difficulty. For example, the disparity in
downstream performance between languages can be as high as ~ 17% MRR for text-retrieval and
=~ 11% for weak labelling. The disparity may be modulated by proficiency of the translator in the tar-
get language. Together, these results suggest that translation-induced drift is often predictable from
coarse language attributes and post-translation fidelity metrics (e.g., COMET), enabling lightweight
risk estimation.

Our study does not capture additional challenges that arise in deployment settings, such as shorthand
and abbreviations specific to a source language, which may introduce distinct failure modes beyond
those revealed by RTT. Future work should systematically characterize such dataset-level failure
cases and evaluate mitigation strategies, including targeted instruction tuning and language-specific
adaptation. Another direction for future work could be to benchmark translation models directly in
each target language, which would help disentangle language difficulty from translator proficiency.
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Our findings suggest that preprocessing non-English texts using machine translation may introduce
systematic biases that could degrade downstream trained models and tasks, highlighting an impor-
tant, yet insidious pitfall in this approach. These findings are particularly important for high-stakes
settings like healthcare, especially when considering deployment in settings both globally and in
increasingly multilingual societies, such as the USA.
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A APPENDIX

A.1 DATA

We used radiology reports from the MIMIC-CXR dataset and restricted experiments to the test and
validate splits. To focus on clinically informative reports, we excluded studies labeled as No Finding
in the provided CheXpert-derived labels and removed reports with missing or empty impression sec-
tions. We further removed repeated report text throughout the dataset to ensure unique reports. The
resulting dataset (N=2,683 radiology reports) consists of unique studies with non-empty impressions
and at least one positive finding label.

A.2 TRANSLATION
A.2.1 PARAMS

We served the LLM models with vLLM (Kwon et al., [2023)) via an HTTP API and used deterministic
decoding (temperature = 0.0), making outputs reproducible for a fixed prompt and input.

A.2.2 TRANSLATION PROMPTS

All translations use the following identical instruction template with language placeholders; outputs
are restricted to the translated report content only, excluding any introductory text or explanation.

You are an expert AI radiologist fluent in {source._language}
and {target_language}.

Translate the following {source_language} Chest X-Ray report
into {target_language}.

Provide ONLY the {target.-language} translation, with no
introductory text or explanation.
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A.3 EVALUATION METRICS

A.3.1 COHEN’S KAPPA

We used Cohen’s Kappa score x (sklearn.metrics.cohen_kappa_score) to evaluate
agreement between original CheXbert predictions and round-trip CheXbert predictions. Confidence
intervals were computed using non-parametric bootstrapping (2,000 samples) « is defined as:

_ Pr(a) — Pr(e)
1— Pr(e)

Where Pr(a) represents the actual observed agreement, and Pr(e) represents chance agreement

A.3.2 MEAN RECIPROCAL RANK

We used Mean Reciprocal Rank (MRR) as our retrieval metric. Confidence intervals were computed
using non-parametric bootstrapping (2,000 samples). MRR is defined as:

1, 1
MRR = —
K;ranki

A.3.3 SPEARMAN’S RANK CORRELATION

We used Spearman’s Rank Correlation p (scipy.stats.spearmanr) to evaluate mono-
tonic correlation between difficulty and downstream metrics (Cohen’s Kappa, MRR). We
assessed the significance of the Spearman rank correlations using a permutation test
(from scipy.stats.permutation_test) to obtain p values and computed confidence in-
tervals via nonparametric bootstrap resampling (2,000 resamples). We used the same setup for
evaluating association between COMET scores and downstream metrics.

A.4 CHARACTER AND TOKEN LENGTHS ACROSS N ROUNDS

COMET vs Round-trips (Qwen2.5-72B-Instruct, mimic)

oss
COMET vs Round-trips (Llama-3.3-70B-Instruct, mimic) e,

coMET

comeT

5
Round-trips (N)

5
Round-trips (N)

b) Qwen COMET
(a) Llama COMET ®Q

Figure A.1: COMET score across round-trip translation iterations: (a) using Llama as translator, (b)
using Qwen. Each line represents a pivot language.
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Figure A.2: Mean report length across round-trip translation iterations: (a) character count using
Llama as translator, (b) character count using Qwen, (c) token count using Llama, (d) token count
using Qwen. Each line represents a pivot language.
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