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Abstract

Healthcare communication in native languages
is a critical unmet need for Amharic-speaking
populations in Ethiopia and diaspora com-
munities. This study develops a preliminary
framework for translating English radiology
reports into Amharic using multilingual ma-
chine translation systems (Google Translate,
NLLB-200, M2M100) and instruction-tuned
large language models (GPT-4.1-mini, Gemini-
2.0-Flash, and others), combined with human-
in-the-loop evaluation. A subset of 100 IU X-
Ray reports is translated, with 67 reports manu-
ally annotated for systematic assessment. Pre-
liminary evaluation shows that Google Trans-
late achieves the highest overall performance
(BLEU 46.17, chrF 48.74, ROUGE-L 42.39),
while LLMs such as Gemini-2.0-Flash (chrF
27.55) and GPT-4.1-mini (BLEU 13.14) pro-
duce fluent Amharic text but require substantial
post-editing to ensure correct clinical terminol-
ogy. Human annotator analysis emphasizes the
importance of expert oversight in achieving ter-
minological accuracy and report completeness.
This work establishes an initial benchmark, in-
troduces a scalable workflow, and provides a
foundation for developing reliable Amharic ra-
diology report translation systems, with po-
tential applicability to other low-resource lan-
guages.

1 Introduction

Healthcare communication in native languages
remains a fundamental yet unmet need for mil-
lions of Ethiopians and Ethiopian migrants glob-
ally. Amharic is spoken by over 57 million people
as a first or second language, with additional speak-
ers across Ethiopia and in diaspora communities
in the United States, Europe, the Middle East, and
beyond(Maatoug et al., 2025). Despite this substan-
tial speaker population, Amharic remains virtually
absent from medical AI systems and healthcare
technology development, creating significant bar-

riers to health equity and clinical communication
(Pakray et al., 2025).

Radiology report generation represents a criti-
cal healthcare application where language barriers
create tangible harm. Automated systems for gener-
ating accurate, clinically appropriate radiology re-
ports have advanced significantly in high-resource
languages, as shown using the IU X-Ray dataset of
over 7k chest X-rays with English reports (Chen
et al., 2021). However, Ethiopian patients, whether
in local residents or the diaspora community set-
tings, who cannot read radiological reports in their
native Amharic language, face substantial barri-
ers to understanding their medical imaging results,
participating in clinical decision-making, and ac-
cessing quality healthcare (Zheng et al., 2025).

The IU X-Ray(Demner-Fushman et al., 2016)
dataset provides the foundation necessary for devel-
oping cross-lingual models through transfer learn-
ing and machine translation, enabling researchers
to leverage existing data rather than undertaking
prohibitively resource-intensive new data collec-
tion in Amharic (Zhou, 2024). By building on this
dataset, it is possible to develop automated systems
that generate accurate Amharic-language radiology
reports, potentially improving healthcare accessibil-
ity and patient engagement for Amharic-speaking
populations.

Key Contributions To the best of our knowl-
edge, there is currently no publicly reported system
for generating radiology reports in Amharic, high-
lighting a critical gap in AI-driven healthcare for
low-resource African languages. This work makes
the following key contributions:
(i) Automated Amharic radiology dataset: We de-
velop the first systematically curated bilingual radi-
ology resource in Amharic.
(ii) Comparative analysis of translation meth-
ods: We evaluate multiple machine translation ap-
proaches, including Google Translate, NLLB-200,



M2M100, and large language model variants, for
producing clinically accurate Amharic reports.
(iii) Radiology report translation annotation tool:
We develop a web-based tool that generates initial
translations, supports human curation by clinical
experts, and standardizes terminology, enabling
consistent, high-quality bilingual dataset creation.
(iv) Scalable and replicable workflow: We estab-
lish a workflow for dataset creation and translation
that can be adapted to other low-resource African
languages, supporting reproducible development
of bilingual healthcare resources.

2 Related Work

Radiology Report Generation Radiology report
generation (RRG) automatically generates free-text
clinical descriptions from medical images to reduce
radiologist workload and improve efficiency (Sloan
et al., 2024). Early encoder-decoder methods with
CNNs and RNNs had limited context windows
(Nurbanu Aksoy and Nishant Ravikumar and Ale-
jandro F. Frangi, 2023), but the field has evolved to-
ward transformer-based architectures with attention
mechanisms, contrastive learning, and reinforce-
ment learning (Dhamanskar and Thacker, 2024).
Modern systems integrate multimodal information
including patient demographics and clinical history
(Wang et al., 2024), with recent advances extending
to 3D imaging and longitudinal data incorporation.
Despite progress, RRG faces significant challenges
including maintaining clinical accuracy to avoid
hallucinations (Hamamci et al., 2024), handling
imbalanced normal/abnormal findings (Khare et al.,
2021), ensuring fairness across patient populations
(Pang et al., 2023), and developing appropriate eval-
uation metrics (Sloan et al., 2024). Large language
models offer promising solutions by leveraging pre-
trained linguistic knowledge fine-tuned for medical
tasks (Jiang et al., 2025).

Radiology Report Translation for Low-
Resource Languages Radiology reports contain
domain-specific terminology and structured
descriptions of imaging findings, making their
translation into low-resource languages challeng-
ing due to limited parallel data and the need to
preserve clinical accuracy. Prior work shows that
general-purpose translation systems often struggle
with radiology-specific expressions, motivating
the use of multilingual models designed for
low-resource settings. Massively multilingual
neural machine translation systems address data

scarcity through cross-lingual transfer. The
M2M-100 model demonstrates that direct many-
to-many translation can improve performance for
low-resource languages, though domain-specific
medical accuracy remains limited (Fan et al.,
2021). The No Language Left Behind (NLLB)
model further advances this direction through a
sparsely gated mixture-of-experts architecture,
achieving an average BLEU improvement of
44 percent over prior systems across more than
40,000 translation directions (Costa-Jussà et al.,
2024; Team et al., 2022). These characteristics
make NLLB particularly relevant for translating
radiology reports into languages such as Amharic.
Commercial systems such as Google Translate
are also commonly used in practice and provide
strong baselines for evaluating applied medical
translation despite not being domain-specific.

LLMs for Radiology Report Translation Large
language models (LLMs) have recently been ap-
plied to translate radiology reports across multi-
ple languages, achieving high scores on BLEU,
TER, and character-level metrics while produc-
ing outputs that radiologists find clear and consis-
tent, though clinical terminology accuracy can vary
(Meddeb et al., 2024; Lee et al., 2025). Compar-
ative studies show that model choice and prompt
design significantly affect translation quality, par-
ticularly for low-resource languages (Gupta et al.,
2025). Beyond direct translation, LLMs can sim-
plify reports for patient comprehension, supporting
multilingual healthcare workflows (Khanna et al.,
2024). Systematic reviews highlight their con-
textual understanding and generalization capabili-
ties, while noting the need for rigorous evaluation
and domain-specific validation in clinical settings
(Shool et al., 2025).

Language Barriers in Ethiopian Healthcare
Language barriers in Ethiopian healthcare affect
both patient-provider communication and clinical
documentation. Although Amharic is widely spo-
ken, much documentation is in English, creating
challenges for both healthcare workers and patients
(Olani et al., 2023). In rural settings, healthcare pro-
fessionals often simplify explanations for Amharic-
speaking patients, which can result in miscommu-
nication and the omission of important clinical de-
tails. These barriers reduce patient comprehension,
confidence in diagnoses, and healthcare utilization
(Barrio-Ruiz et al., 2024), particularly in radiol-
ogy, where complex findings require specialized



explanation. Such communication gaps contribute
to preventable errors, higher treatment costs, and
longer hospital stays, ultimately undermining pa-
tient outcomes and overall health system perfor-
mance (Sawadogo et al., 2023; Roudsari et al.,
2023).

Healthcare Access for Ethiopian Migrants
Ethiopian migrant communities face healthcare
challenges due to limited proficiency in host-
country languages, which hinders access and com-
prehension of medical information (Zheng et al.,
2025). Language barriers are compounded by cul-
tural differences, unfamiliarity with healthcare sys-
tems, and discrimination (Bäumel et al., 2024).
Radiology is particularly affected, as imaging re-
ports are typically available only in host-country
languages, limiting migrants’ understanding of es-
sential diagnostic results in settings(Zheng et al.,
2025).

3 Methodology

This study presents an approach for generating
Amharic radiology reports from English source
texts. This approach combines multiple machine
translation (MT) systems with LLMs based transla-
tion and human evaluation, aiming to produce clini-
cally accurate, linguistically fluent, and readable re-
ports under low-resource language settings. At this
stage, the methodology focuses on initial proof-of-
concept experiments using a limited dataset, with
plans to scale up to the full IU X-Ray dataset.

Data Source and Selection We used the publicly
available IU X-Ray dataset as the primary data
source for English radiology reports (Chen et al.,
2021). The IU X-Ray dataset is an open-source
medical imaging corpus that contains chest X-ray
images paired with expert-written radiology reports.
It is widely used in medical vision and language
research and provides clinically structured reports
that are suitable for downstream text generation
and translation tasks.

For the initial phase of this study, a subset of
100 radiology reports was randomly sampled from
the IU X-Ray dataset. From this subset, 67 reports
were randomly sampled for detailed human evalua-
tion by medical professionals due to the cost and
clinician availability. The selected reports include
both normal and abnormal findings and reflect com-
mon chest radiology report structures. This sub-
set is intended to support exploratory analysis and

baseline establishment rather than broad clinical
generalization. Future work will extend evaluation
to larger portions of the dataset to capture broader
linguistic and clinical variation.

Machine Translation for Amharic Radiology
Reports We selected models spanning differ-
ent architectures and sizes to capture diverse ap-
proaches to Amharic radiology translation, en-
abling a meaningful comparison of translation qual-
ity, clinical adequacy, and usability rather than fo-
cusing on model complexity. We translated 100
English radiology reports into Amharic using three
machine translation systems: M2M100_418M1,
NLLB-200-distilled-600M2, and Google Translate.
M2M100_418M enables direct translation between
multiple languages without pivoting through En-
glish, helping preserve meaning in low-resource
languages such as Amharic (Fan et al., 2021).
NLLB-200-distilled-600M serves as the supervised
neural machine translation baseline, leveraging a
sparsely gated mixture-of-experts architecture and
cross-lingual representations to improve transla-
tion quality and preserve domain-specific terminol-
ogy (Costa-Jussà et al., 2024; Team et al., 2022).
Google Translate is included as a widely used com-
mercial system to provide industry-standard perfor-
mance and a comparative baseline. Figure 1 shows
the annotation tool used by experts to validate and
correct LLM translations.

4 Experimental Setups and Results

4.1 Setups
We used instruction-tuned large language mod-
els (LLMs), including GPT-4o-mini3 , GPT-4.1-
mini4, LLaMA-3.3-70B5, Mistral-Large6, Gemma-
3-27B7, DeepSeek-R18, DeepSeek-R1-05289, and
Gemini-2.0-Flash10. These models were chosen
for their ability to handle low-resource languages

1https://huggingface.co/facebook/m2m100_418M
2https://huggingface.co/facebook/

nllb-200-distilled-600M
3GPT-4o-mini link
4https://huggingface.co/openai/gpt-4.1-mini
5https://huggingface.co/meta-llama/Llama-3.

3-70B-Instruct
6https://mistral.ai/news/mistral-3
7https://huggingface.co/google/gemma-3-27b-it
8https://huggingface.co/deepseek-ai/

DeepSeek-R1
9https://console.cloud.google.com/

vertex-ai/publishers/deepseek-ai/model-garden/
deepseek-r1-0528-maas

10https://oumi.ai/docs/en/latest/user_guides/
infer/inference_engines.html

https://huggingface.co/facebook/m2m100_418M
https://huggingface.co/facebook/nllb-200-distilled-600M
https://huggingface.co/facebook/nllb-200-distilled-600M
https://openai.com/index/gpt-4o-mini-advancing-cost-efficient-intelligence/
https://huggingface.co/openai/gpt-4.1-mini
https://huggingface.co/meta-llama/Llama-3.3-70B-Instruct
https://huggingface.co/meta-llama/Llama-3.3-70B-Instruct
https://mistral.ai/news/mistral-3
https://huggingface.co/google/gemma-3-27b-it
https://huggingface.co/deepseek-ai/DeepSeek-R1
https://huggingface.co/deepseek-ai/DeepSeek-R1
https://console.cloud.google.com/vertex-ai/publishers/deepseek-ai/model-garden/deepseek-r1-0528-maas
https://console.cloud.google.com/vertex-ai/publishers/deepseek-ai/model-garden/deepseek-r1-0528-maas
https://console.cloud.google.com/vertex-ai/publishers/deepseek-ai/model-garden/deepseek-r1-0528-maas
https://oumi.ai/docs/en/latest/user_guides/infer/inference_engines.html
https://oumi.ai/docs/en/latest/user_guides/infer/inference_engines.html


Figure 1: Radiology report translation annotation tool.
Experts check the LLM translation; if satisfactory, they
select the LLM output, otherwise they provide their own
translation.

and domain-specific medical terminology. Each
LLM generated Amharic translations directly from
the English reports.

For instruction-tuned large language models,
translations were generated using a single prompt
instructing the model to translate the full radiology
report from English into Amharic while preserving
clinical meaning and report structure. Default de-
coding parameters provided by each platform were
used, with no additional sampling constraints or
temperature tuning. No terminology constraints
or external medical lexicons were applied, and no
post-processing steps were performed beyond basic
text normalization. Commercial and multilingual
NMT systems were used through their standard
inference interfaces.

4.2 Results

Automatic Evaluation Reference translations
were constructed through expert validation and cor-
rection of system-generated outputs. While ma-
chine translation systems, including Google Trans-
late, were used to produce initial drafts, all refer-
ence texts were finalized by medical professionals,
who either verified the translation or rewrote it to

ensure clinical accuracy, terminological correct-
ness, and linguistic fluency in Amharic. Reference
translations therefore do not consist of unedited sys-
tem outputs, and models contributing initial drafts
were not used as independent reference generators.

Google Translate achieved the strongest over-
all performance, with BLEU of 46.17, chrF of
48.74, and ROUGE-L of 42.39, consistently pro-
ducing translations closely aligned with the refer-
ence texts. Among large language models (LLMs),
GPT-4.1-mini and Gemini-2.0-Flash outperformed
other models. Gemini-2.0-Flash achieved the high-
est chrF score among LLMs (27.55), indicating im-
proved character-level fidelity, while GPT-4.1-mini
demonstrated more balanced performance across
BLEU and ROUGE-L. These results suggest that
instruction-tuned LLMs can generate fluent and co-
herent Amharic text, although precise alignment
with clinical terminology remains limited.

Multilingual neural machine translation models
showed mixed performance. NLLB-200 achieved
moderate ROUGE-L scores, indicating better
preservation of report structure, whereas M2M100
exhibited weaker lexical and character-level align-
ment. Several LLMs, including DeepSeek-R1,
DeepSeek-R1-0528, LLaMA-3.3-70B, and Gemma-
3-27B, performed poorly across automatic met-
rics despite often producing fluent surface-level
Amharic text.

Human Evaluation In addition to automatic met-
rics, we conducted a human evaluation with two
licensed medical doctors. The experts reviewed
translations produced by both machine translation
systems and LLMs, assessing whether each output
accurately preserved the clinical meaning of the
source report and was linguistically fluent and ap-
propriate in Amharic. Translations judged satisfac-
tory were accepted as it is; otherwise, the experts
provided corrected versions. This process ensured
that the translations used for analysis were clini-
cally accurate, fluent, and suitable for the target
language context.

Human evaluation focused on overall clinical
adequacy and preference, reflecting realistic post-
editing and usability judgments by medical pro-
fessionals. Annotators indicated whether a trans-
lation was acceptable for clinical interpretation or
whether another system’s output was preferred. We
note that this binary and preference-based setup
does not capture fine-grained error categories such
as missing findings, mistranslations, or halluci-



Model BLEU chrF ROUGE-L
DeepSeek-R1 0.52 7.35 0.42
DeepSeek-R1-0528 0.49 7.07 0.43
GPT-4.1-mini 13.14 21.14 20.43
Gemini-2.0-Flash 14.19 27.55 10.68
Gemma-3-27B 2.33 12.36 7.87
Google Translate 46.17 48.74 42.39
LLaMA-3.3-70B 4.05 10.24 11.02
M2M100 1.29 7.31 20.50
NLLB-200 5.89 19.61 28.51

Table 1: Automatic evaluation results for English–
Amharic radiology report translation on the 67 human-
annotated reports. Higher values indicate better perfor-
mance for all metrics.

nated content. Developing a more detailed, clin-
ically informed error taxonomy is left for future
work.

Human Annotator Model Preference Analysis
In addition to automatic metrics, we analyzed hu-
man annotator preferences recorded through the
custom web-based annotation tool (Figure 1) de-
veloped in this work. For each of the 67 human-
evaluated reports, annotators select the system out-
put that requires the least correction or the manually
revised translations when none of the system out-
puts are acceptable. Google Translate was the most
frequently selected system, serving as the preferred
base translation for 30 out of 67 reports. Anno-
tators favored these outputs due to their relatively
accurate lexical choices and consistent handling
of radiology terminology, which reduced the need
for extensive correction. Among LLMs, Gemini-
2.0-Flash was selected in 5 cases, making it the
most frequently chosen LLM. Annotators noted
its fluency and readability, although post-editing
was still required to ensure terminological accuracy.
The NLLB-200 system was selected directly in one
case. In 31 cases, annotators selected “Other,” in-
dicating that none of the provided system outputs
were sufficiently accurate. In these cases, annota-
tors used the tool to manually rewrite or heavily
edit translations, often combining elements from
multiple systems. These selections typically corre-
sponded to reports containing complex findings or
less frequent clinical terminology. Overall, annota-
tor preferences reveal that human usability and clin-
ical adequacy are not fully captured by automatic
metrics. While some systems achieved moderate
scores, annotators prioritized terminological cor-
rectness, completeness, and adherence to standard
radiology report structure.

5 Discussion

The results demonstrate that general-purpose trans-
lation systems, particularly Google Translate, pro-
vide strong performance for Amharic radiology
translation based on both automatic metrics and
human evaluation. Google Translate frequently
achieved the highest BLEU, chrF, and ROUGE-L
scores and was preferred by annotators for most
reports, reflecting its ability to capture common
radiology terminology and report structure with
minimal post-editing.

Instruction-tuned LLMs, including GPT-4.1-
mini and Gemini-2.0-Flash, produced fluent and
coherent Amharic text, highlighting their potential
for low-resource language translation. Gemini-2.0-
Flash achieved the highest chrF among LLMs, in-
dicating strong character-level fidelity. However,
it often retained specialized medical terms in En-
glish rather than translating them, signaling a lim-
itation in domain-specific terminology coverage.
Despite this, Gemini-2.0-Flash consistently gen-
erated high-quality radiology translations, demon-
strating its promise as a preliminary tool in this
domain. These findings suggest that further do-
main adaptation could improve clinical adequacy,
particularly in ensuring accurate and complete rep-
resentation of medical terminology.

Multilingual neural machine translation mod-
els, such as NLLB-200, preserved report structure
moderately well, demonstrating that cross-lingual
transfer and sparsely gated architectures can sup-
port structural fidelity in low-resource languages.
In contrast, M2M100 showed weaker lexical and
character-level alignment, highlighting the limita-
tions of general many-to-many translation without
domain adaptation.

Human annotator analysis reinforced the im-
portance of expert oversight. Many reports re-
quired substantial post-editing, indicating that nei-
ther LLMs nor multilingual NMT models alone
currently guarantee terminological correctness or
report completeness. This emphasizes the critical
role of hybrid approaches that combine automated
translation with human-in-the-loop validation, par-
ticularly in specialized clinical domains such as
radiology.

The workflow developed in this study, includ-
ing the web-based annotation tool, enabled system-
atic translation refinement, terminology standard-
ization, and creation of a bilingual reference dataset.
This framework establishes a foundation for scal-



able Amharic radiology translation and could be
adapted to other low-resource languages. By pro-
viding a structured approach to translation evalu-
ation and refinement, this work contributes both
a practical workflow and a high-quality reference
dataset for future research. Future work will ex-
plore domain adaptation for LLMs, integration of
multimodal imaging features, and development
of evaluation metrics that more accurately cap-
ture clinical adequacy beyond traditional automatic
scores.

6 Conclusion

This study presented preliminary development and
evaluation of English–Amharic radiology report
translation systems using multilingual machine
translation, large language models, and human-in-
the-loop annotation. A total of 100 radiology re-
ports from the IU X-Ray dataset were translated,
with 67 reports manually annotated for systematic
evaluation.

Results indicated that Google Translate provided
comparatively strong overall performance, while
LLMs such as Gemini-2.0-Flash and GPT-4.1-mini
demonstrated promise in producing fluent Amharic
translations, though consistent clinical terminol-
ogy alignment remained challenging. Multilingual
NMT models such as NLLB-200 preserved report
structure but require further adaptation for medical
domains.

A key contribution of this ongoing work is the
web-based annotation tool, which supports human
correction, terminology standardization, and the
creation of a bilingual reference dataset. Prelimi-
nary findings highlight the continued importance
of human oversight, as many reports still require
expert rewriting to ensure clinical reliability.

The study establishes an initial benchmark and
a workflow for Amharic radiology translation. Fu-
ture efforts will expand human annotation coverage,
incorporate clinician-in-the-loop evaluation, refine
LLM prompt and terminology constraints, and ex-
plore multimodal approaches integrating imaging
features with text.

Ethical Considerations

This ongoing research involved translation of clini-
cal text, carrying inherent risks if outputs were used
inappropriately. All translations were performed on
de-identified public IU X-Ray reports, and outputs
were not used for clinical decision-making.

Human annotators were bilingual individuals
with healthcare familiarity, specifically general doc-
tors, but not all were certified radiologists. Outputs
were carefully reviewed to ensure terminological
accuracy within the scope of this study.

The work also aimed to improve accessibility
and equity by providing Amharic translations, sup-
porting health information access for native speak-
ers within Ethiopia and diaspora communities. Au-
tomated translations were considered supplemen-
tary, requiring expert oversight for clinical applica-
tions.

The workflow, including the web-based annota-
tion tool, was designed to be transparent and repli-
cable, supporting responsible development of bilin-
gual medical resources for low-resource languages
while ensuring patient privacy and data security.
Future work will continue to focus on clinical vali-
dation, human-in-the-loop evaluation, and ethical
deployment of translation systems in healthcare
settings.

Limitation

This study had several limitations. First, the eval-
uation was based on 67 human-annotated reports,
which limited statistical generalization. While suf-
ficient for exploratory analysis, larger annotated
datasets are needed for more robust conclusions.

Second, the evaluation relied primarily on auto-
matic metrics, which may not fully reflect clinical
adequacy or patient safety. Although annotator
preferences and post-editing partially addressed
this gap, formal validation by licensed radiologists
was not conducted.

Third, the annotation process was performed
by bilingual annotators with healthcare familiar-
ity, specifically general doctors, but not uniformly
by certified radiologists. This may have affected
the precision of certain specialized terms.

Fourth, the annotation tool requires reviewing
multiple outputs, imposing cognitive load that may
limit scalability to larger datasets. Additionally, dis-
playing model identities in the annotation interface
could have introduced bias in human evaluation.
Annotators were instructed to focus on translation
quality and clinical adequacy, but future studies
should implement a blind evaluation setup to mini-
mize potential bias and enhance the robustness of
human preference analysis.

Finally, the study focused on text-only transla-
tion and did not incorporate visual features from



X-ray images, which are central to fully integrated
radiology report generation systems.
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