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Abstract

Data scarcity is a significant problem for ad-
vancing clinical Natural Language Processing
(NLP) in low-resource languages like Bulgar-
ian. To address this issue, we present BGSyn-
thMedic, a publicly available synthetic paral-
lel corpus of English—Bulgarian discharge sum-
maries with automatic annotations for five en-
tity types and their Unified Medical Language
System (UMLS) concept links. We use the
SynthMedic dataset, a corpus of 450 synthetic
discharge summaries generated using medical
guidelines and GPT-4, and automatically trans-
late it into Bulgarian with BgGPT. We use
zero-shot multilingual and monolingual Named
Entity Recognition (NER) models from the
GLiINER family to automatically label diseases,
symptoms, procedures, medication, and obser-
vations in the original and translated summaries.
The extracted entities are automatically linked
to the UMLS. The machine translation quality
is evaluated using reference-free metrics, yield-
ing a BERTScore of 0.90 and a LaBSE of 0.89.
The presented pipeline demonstrates how to
create a parallel corpus of synthetic discharge
summaries and a set of silver-standard annota-
tions in a low-resource language. We release the
BGSynthMedic dataset, including parallel med-
ical term dictionaries and abbreviations, as a
community resource to facilitate future research
in Bulgarian clinical NLP.

Keywords: BioNLP, Silver corpus, LLM, Syn-
thetic corpus, Machine Translation, LLM, NER,
Entity Linking, UMLS

1 Introduction

Millions of clinical documents are created in

the healthcare system in unstructured text format.

These documents contain personal and sensitive
information, and there are many limitations to the
automatic processing of such documents. Due to
these limitations, advancement of biomedical and

clinical Natural Language Processing (NLP), espe-
cially for low-resource languages, is slower than
in other domains (Névéol et al., 2018). Clinical
Named Entity Recognition (NER) is crucial for ex-
tracting structured information from clinical doc-
uments, thereby significantly improving process
automation in healthcare and positively impacting
patient care. The complexity of clinical language
and terminology, combined with multilingual docu-
mentation and abbreviations, poses significant chal-
lenges. There is increasing demand for the devel-
opment of annotated clinical text corpora, and very
limited availability of such annotated datasets.

Large Language Models (LLMs) have trans-
formed multilingual NER by moving the focus
from classification tasks to generation and effec-
tive cross-lingual transfer learning. However, trans-
former models still outperform general and domain-
adapted LLMs on the clinical NER task (Lu et al.,
2025; Monajatipoor et al., 2024) because LLMs
struggle to detect multi-word entities and precisely
determine span boundaries for complex medical
terminology. In the general-domain NER setting,
LLMs achieve competitive F1-scores compared to
BERT-family transformers, but in clinical texts, the
opposite trend is observed.

The current state-of-the-art multilingual mod-
els for clinical NER that cover the major Euro-
pean languages are mDeBERTaV3 (He et al., 2021),
XLM-RoBERTa (Conneau et al., 2019), Medical
mT5 (Garcia-Ferrero et al., 2024), GLiNER-multi-
v2.1 (Zaratiana et al., 2023), and GLiNER-biomed-
large-v1.0 (Stepanov and Shtopko, 2024). These
models demonstrate F1-score across various bench-
mark datasets for clinical NER in English, reach-
ing a range of 0.85-0.89, while for other languages
like Italian, Spanish, and French, the performance
drops to 0.62-0.75 (Garcia-Ferrero et al., 2024).
The ecosystem of BioASQ / CLEF / BioCreative
challenges plays a key role in benchmarking for
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multilingual clinical NER. The evaluation results
in the challenges DisTEMIST (disease) (Miranda-
Escalada et al., 2022), SympTEMIST (symptoms,
signs, findings) (Lima-Lépez et al., 2023), Mul-
tiCardioNER (diseases and drugs) (Lima-Lépez
etal., 2024), and MedProcNER (procedures) (Lima-
Loépez et al., 2023) show that monolingual BERT-
family models demonstrate high accuracy for these
tasks. In SympTEMIST, the best result, 0.7477, for
the NER task was achieved by an ensemble of fine-
tuned pretrained models for BSC-Bio-Es, Roberta-
Biomedical-Es, XLMR-Galen, BETO, and mBERT-
Galen. For MedProcNER, the best F1 Score,
0.7985, was achieved by a transformer-based model
with masked CRF and data augmentation. In Dis-
TEMIST, the highest F1 score, 0.777, was achieved
by the fine-tuned PlanTL-GOB-ES/roberta-base-
biomedical-clinical-es model. In MultiCardioNER,
the best F1 Score of 0.8199 was also achieved using
an ensemble of RoBERTa-based models.

Several silver-annotated corpora were developed
in the biomedical domain (Sousa et al., 2019).
LLMs are used not only for the NER task, but also
for machine translation of clinical texts (Anyaeg-
buna et al., 2026).

This motivated us to propose an approach to ma-
chine translation, NER, and Entity Linking for clin-
ical text corpora in low-resource languages.

In this paper, we use the SynthMedic corpus
(Grazhdanski et al., 2025) as the source corpus of
synthetically generated clinical texts. The targeted
language for machine translation of the corpus is
Bulgarian. For annotation, five categories are used:
disease, symptom, procedure, medication, and ob-
servation. In the proposed methodology (see Fig.
1), we first employ a few-shot prompting technique
with a large language model to translate synthetic
discharge summaries from English into Bulgarian,
generating high-quality bilingual medical texts. A
human expert checks a small subset of translations
to validate their quality. The translated documents
are subsequently annotated using multiple zero-shot
pretrained monolingual and multilingual NER mod-
els to identify relevant medical entities. Addition-
ally, the original English source documents undergo
the same annotation process. For further validation,
we compare entity annotations across the English
and the Bulgarian corpora and ground the extracted
entities in a controlled medical vocabulary via en-
tity linking, enabling rigorous assessment of the
consistency and accuracy of assigned entity cate-

34

gories across languages. We provide the parallel
corpus as a community resource. !

2 Data

For this study, we use the SynthMedic corpus
(Grazhdanski et al., 2025), which contains 900 syn-
thetic English discharge summaries across five med-
ical specialties and nine socially significant diseases.
Each disease has 100 LLM-generated discharge
summaries - 50 by GPT-4 and 50 by Llama 3.1 8b.
Instruct. The dataset contains a wide variety of dis-
eases, symptoms and signs, treatments, and tests,
including about 4K diseases, 15K symptoms, 14K
treatments, and 13K tests.

We briefly summarize the evaluation of the
dataset performed by Grazhdanski et al. (Grazhdan-
ski et al., 2025). The dataset was evaluated using
LLM approaches, including a faithfulness metric
that checks consistency with the underlying medical
references, as well as knowledge-graph—based vali-
dation and automatic correction. The faithfulness
of the whole corpus was reported as 93.65%; how-
ever, the GPT-4-generated summaries were scored
about 10% higher than those generated by Llama.
In addition, human experts reviewed a subset of
the dataset and evaluated it using a rubric, yield-
ing a System Usability Score of 94.35%. Human
experts judged the synthetic summaries to be credi-
ble and factually accurate when the generation was
grounded in Merck Manual? references.

SynthMedic is a publicly available dataset cover-
ing multiple diseases, released under a permissive
license, making it well-suited for creating a parallel
corpus in a lower-resource language such as Bul-
garian. Furthermore, since it was recently released,
existing LLMs may not yet have been trained on it.
For this study, we use GPT-4-generated discharge
summaries because they have been reported to be
of higher quality.

3 Methods

3.1 Translation Pipeline

The SynthMedic corpus was translated into Bulgar-
ian using LLMs. To refine the prompt and select the
best model, we conducted initial experiments using
a small excerpt (about 5%) of the SynthMedic cor-
pus, including several discharge summaries for each
disease. This allowed us to investigate the models’

"https://github.com/svassileva/bgsynthmedic
"https://www.merckmanuals.com/professional
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Figure 1: The parallel corpus generation and validation process.

performance in translating specific medical termi-
nology for each clinical specialty. Each document
was translated using the same initial prompt using
GPT-4.1 (temperature=0.7), GPT-4.1-mini, GPT-
4.1-nano’ (using the API), and Gemma3* (using
ollama, temperature=0.1, num_predict=7000). The
prompt also required generating a parallel dictio-
nary of all medical terms from the source docu-
ment and the generated translation. The prompt
also requested an abbreviation dictionary that in-
cludes abbreviations in the source document, their
expansion, the proposed target abbreviation (if any
exists in the target language), and its expansion in
the target language. A human evaluated all trans-
lations from the initial experiments and the gen-
erated parallel dictionaries. The results identified
major issues with the translation of medical terms
and abbreviations, as well as with the style of the
generated discharge summaries. Further experi-
ments with prompt and parameter modifications
did not yield significant improvements in the qual-
ity of medical term translation, even with few-shot
prompts. To address this issue, we switched to a
specific model trained on the Bulgarian general do-

*https://chat.openai.com
*https://ollama.com/library/gemma3

main: BgGPT (bggpt-gemma-3-27b-fp8)°. After
selecting the model and adjusting the prompt based
on manual testing, we arrived at the final version
used to generate all translations. The final few-
shot prompt (see Appendix D) includes examples of
translations for the most common and problematic
medical terms and abbreviations to guide consis-
tent translations of terminology. It also instructs
the model to adjust the style of the discharge sum-
mary translation to be more formal and to address
the patient’s general practitioner rather than the pa-
tient, which underscores a difference in medical
documentation in Bulgaria compared with English-
speaking countries. Each discharge summary is
translated using a single model call using the BG-
GPT API. The final version of the translations was
generated with the specified prompt and parameters
max_tokens=16384 and temperature=0.7.

3.2 Sentence Alignment and Corpus Statistics

Table 1 presents statistics for the original English
dataset and its automatic translation. Sentence split-
ting was performed using heuristics, including ig-
noring a small list of abbreviations like "Dr.", or "2.”
(Bulgarian abbreviation for year in a date). Sentence

Shttps://huggingface.co/INSAIT- Institute/
BgGPT-Gemma-3-27B-IT
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alignment was performed using the Gale-Church
algorithm (Gale and Church, 1993) implemented
in the nltk library.® The algorithm uses only sen-
tence lengths in characters and a simple probabilis-
tic model to find an optimal alignment between
sentences in a parallel corpus. The alignment was
performed at the sentence level, thus creating a par-
allel sentence corpus.

Metric EN BG
Documents 450 450
Total sentences 22,252 22,252
Total words 253,675 265,980
Avg words per sentence 11.40 11.95
Avg sentences per document 50.57 50.57
Avg words per document 576.53 604.50

Table 1: Statistics for the original and translated datasets.

3.3 Corpus Annotation

We used zero-shot methods to automatically an-
notate the parallel corpus with entities and their
UMLS codes in English and Bulgarian discharge
summaries.

3.3.1 Named Entity Recognition

We experimented with several zero-shot NER mod-
els from the GLiNER family: Biomedical GLiNER
(Yazdani et al., 2025), GLiNER—X—Large7, GLIiNER
Large v2.1 (Zaratiana et al., 2023), and GLiNER
multilingual MoE. The models’ details are shown
in Table 2. For all experiments, we used the fol-
lowing entity types: "disease or medical condition",
"abnormality”, "symptom or sign", "medical pro-
cedure or clinical test", "treatment"”, "medication",
"clinical observation or diagnostic finding". As
a post-processing step, these labels were mapped
to the five main entity categories: "disease", "pro-
cedure”, "symptom", "observation", and "medica-
tion". The precise definition of labels allowed us
to disambiguate some medical terms that, depend-
ing on the context, can be classified into different
categories (see Appendix C). The GLiNER model
allows selecting a custom threshold, which deter-
mines whether the span represents an entity. Based
on initial experiments, we selected the entity thresh-
old to be 0.2 to identify as many entities as possible.
We applied the same models to the English source
texts and the Bulgarian translations using the same

https://www.nltk.org/api/nltk.translate.
gale_church.html

"https://huggingface.co/knowledgator/
gliner-x-large
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thresholds to produce a silver-standard annotation
corpus. We release the annotations generated by
all four models separately. Since GLiNER models
use span-based classification for identifying enti-
ties, the annotations support nested or overlapping
entities of different types.

Model Multi- Domain BG sup-
lingual port

Biomedical No Biomedical No

GLiNER

GLiINER-X- Yes General No

Large

GLIiNER Large No General No

v2.1

GLINER multi- Yes General Yes

lingual MoE

Table 2: Overview of different NER models used in the
experiments.

For evaluation, we used a zero-shot NER model
- GLiNER multilingual MoE®. The model supports
multiple languages, including Bulgarian, and is
based on GLINER, which has shown strong perfor-
mance as a zero-shot NER model across different
domains. We used the categories as labels — disease,
symptom, medication, procedure, and observation.
The threshold for entity detection was set to 0.5.

3.3.2 Entity Linking

UMLS is one of the widely used controlled vocab-
ularies in clinical medicine (Bodenreider, 2004).
It comprises more than 1 million biomedical con-
cepts and 5 million concept names. It covers over
100 controlled medical vocabularies, biomedical
ontologies, and standard classifications. We per-
formed automatic entity linking to UMLS for the
extracted entities in both languages.

We used a cross-lingual SapBERT (cam-
bridgeltlISapBERT-UMLS-2020AB-all-lang) (Liu
et al., 2021) model as a baseline model for entity
linking, employing cosine similarity search. Sap-
BERT is the standard model for cross-lingual entity
linking with the Unified Medical Language System
(UMLS)? and has shown strong zero-shot perfor-
mance and good generalization across many lan-
guages (Liu et al., 2021). To link English entities,
we generated their SapBERT embeddings and per-
formed a cosine similarity search in a knowledge
base of UMLS terms, filtered by entity category.

$https://huggingface.co/Mayank6255/
GLiNER-MoE-MultiLingual

*https://www.nlm.nih.gov/research/umls/
index.html



For each entity category, we defined a mapping
to UMLS semantic types to reduce the candidate-
entity search space (see Appendix A). Based on the
filtered concepts, we compiled all their synonyms
from the UMLS knowledge base (version 2025AB).
We selected the top entity from the knowledge base
based on cosine similarity using a FAISS index '’
and assigned the entity code to its mention in the
text if the similarity exceeded 0.85. To link entities
in Bulgarian, we used automatic translation with
the BgGPT LLM!! before linking them to UMLS,
since UMLS is not available in Bulgarian. The en-
tity translation prompt is shown in Appendix B. It
translates entity spans in batches for efficiency with-
out any additional context. The model version was
bggpt-gemma-3-27b-fp8, and the temperature was
set to 0 to reduce the risk of hallucinations and to
facilitate reproducibility. The SapBERT cosine sim-
ilarity search provides a baseline for entity linking
and is also used in translation evaluation.

The UMLS API'? was used as an additional
method for automatically validating the extracted
terms from NER and their associated categories.
We searched for each extracted entity from the NER
model using the UMLS API. If the entity was an
"exact match", the extracted term was guaranteed to
be a medical term from a standard medical vocabu-
lary or ontology. We applied additional validation
by comparing the associated entity category with
the semantic type of the mapped UMLS term. The
UMLS semantic types are narrower than the five
broader categories in the scope of our research, so
we used a predefined mapping between the two
sets of categories (see Appendix C). We also per-
formed an entity search in UMLS using additional
parameters such as words, normalizedString, nor-
malizedWords, rightTruncation, and leftTruncation
for partial matching with lower confidence to cover
scenarios such as plural forms of terms, other lin-
guistic variants, and paraphrases. This also covers
specific expressions classified under broader UMLS
terms. For instance, "RT-PCR test" is mapped in
UMLS to "SARS-CoV-2 RT-PCR test"!?, which
can be missed if the search was limited to the ex-
act match search. We generated the silver-standard

"https://github.com/facebookresearch/faiss

"https://huggingface.co/INSAIT- Institute/
BgGPT-Gemma-3-27B-IT

https://documentation.uts.nlm.nih.gov/rest/
home.html

Bhttps://uts.nlm.nih.gov/uts/umls/concept/
C5400530
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entity-linking annotations using the UMLS API, as
it is a standard method for this task.

4 Evaluation

4.1 Corpus Evaluation

Creating a parallel reference corpus for evaluat-
ing machine translation requires significant effort
from bilingual human experts. In the absence of
a gold-standard corpus for evaluation, we used
reference-free metrics for quality estimation, such
as BERTScore (Zhang et al., 2019) and LaBSE
(Feng et al., 2022). They measure the semantic
similarity between the source and hypothesis trans-
lation in a shared embedding space. We used XLM-
RoBERTa (xIlm-roberta-base) to encode the English
and Bulgarian sentences in a shared semantic space
and compute token-level cosine similarities to cre-
ate a cross-lingual alignment. Finally, BERTScore
precision, recall, and F1 metrics were calculated
to assess how well the text’s meaning was pre-
served in the Bulgarian translation. We used the
BERT-score library'# implementation to calculate
the BERTScore metric.

BERTScore Definition. Let the reference sen-
tence be © = (x1,x9,...,x,) and the candidate
sentence be & = (%1, 22, . . ., Im). Contextual em-
beddings are obtained for each token x; € R?, and
for each token X; € RY, from a pretrained language
model. Token similarity is calculated using cosine
similarity cos(x;,%;). The BERTScore-Precision,
Recall, and F1 Score are calculated using Equations
1, 2, 3 (Zhang et al., 2019).

1 N
Pggrr = ] 2~ max cos(x;, X;) (D
T;ET
1
RgrT = — max COS(Xi,fij) )
|IL“ riex T,ex

2 Peert RBERT

P Pggrt + RBERT )

LaBSE (Language-agnostic BERT Sentence Em-
bedding) (Feng et al., 2022) is a publicly available
model trained to cluster semantically equivalent
sentences across different languages in a shared em-
bedding space. The cosine similarity between the
source and the hypothesis sentence pairs is treated
as a sentence-level quality score. High cosine sim-
ilarity between sentences in different languages

“nttps://pypi.org/project/bert-score/
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should indicate that the translation preserves the
original meaning. LaBSE similarity has been used
as a strong baseline in recent works for automatic
MT evaluation (Mujadia et al., 2023). We use the
sentence-transformers/LaBSE model for calculat-
ing the metric.

KG-BERTScore (Wu et al., 2022) is an extension
of the BERTScore metric that combines standard
BERTScore with bilingual named-entity matching
using a knowledge graph. It has shown a higher cor-
relation with human judgments. KG-BERTScore
aims to ensure that the same important entities
are preserved in the translation. We applied KG-
BERTScore by automatically extracting five named
entity types from the discharge summaries (disease,
symptom, medication, procedure, and observation)
and aligning the translated entities in two ways: ei-
ther by linking them to the UMLS (Bodenreider,
2004) or by using semantic alignment. We used the
methods described in Section 3.3 to detect and link
entities.

KG-Score Definition. Let the source sentence
be s = (s1, S92, ..., sy,) and the machine-translated
sentence be t (t1,t2,...,tm). We extract
named entities from both sentences using a zero-
shot NER model, and denote the sets of entities
by entities(s) and entities(t), respectively. For
each entity in entities(s), we try to find a corre-
sponding entity in entities(¢) by matching their
UMLS codes or SapBERT entity embeddings, re-
sulting in a set of successfully matched entities
matches(entities(s), entities(t)). The KG-Score
Fxq is defined as the ratio between the number of
matched entities and the number of source entities,
as shown in Equation 4. For KG-Score-UMLS, we
used the linked entities in each language to identify
corresponding entities across languages that map
to the same UMLS concept. This allowed us to cal-
culate entity-level precision, recall, and F1 score,
and to combine them with the original BERTScore.
For KG-Score-Semantic, we used semantic align-
ment via cosine similarity search with SapBERT
embeddings to match the closest entity in the trans-
lation, regardless of entity type. We set a threshold
of 0.85 to match entities and greedily align entity
pairs between English and Bulgarian.

matches (entities(s), entities(t))

“4)

Free —
Ka entities(s)

KG-BERTScore Definition. KG-BERTScore
linearly combines the KG-Score Fxg with the
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BERTScore Fpgrr. Given a combination weight
a € [0,1], the KG-BERTScore is defined as
Fxa-BERT = aFkg + (1 — a)FBERT. We set the
a value to 0.5, as in the original paper (Wu et al.,
2022).

Using the two different KG-Score strate-
gies, we report KG-BERTScore-UMLS and KG-
BERTScore-Semantic.

4.2 Annotation Evaluation

We evaluated the quality of the NER annotations
by comparing them with a small subset of docu-
ments manually labeled by a human expert across
the five target categories. One annotator labeled
each document, producing labels for 27 documents
per language (3 documents per diagnosis per lan-
guage). Table 3 shows the number of entities based
on entity type in the human-labeled documents. We
publish the annotation guidelines together with the
dataset and labeled documents. The annotators used
the NER Annotator for SpaCy tool'>. We evaluate
the strict precision, recall, and F1-score of all the
GLiNER models on the manually labeled dataset.
We also compared the number of extracted entities
per entity type by the Biomedical GLINER model
from the source and translated texts. In addition,
we measured the number and percentage of entities
successfully linked using the UMLS API.

Entity type Number
DISEASE 298
MEDICATION 186
OBSERVATION 179
PROCEDURE 651
SYMPTOM 222

Table 3: Number of labeled entities per type in the
human-labeled documents.

5 Results

5.1 Corpus Evaluation

Table 4 shows the translation evaluation metrics.
BERTScore and LaBSe show quite high correla-
tions between the source and the hypothesis: 0.90
and 0.89, respectively. The KG-UMLS F1 is 0.60,
which relies on correct entity linking to UMLS.
However, entity translation and linking may also
introduce errors, so we calculated an adjusted score,
KG-Semantic, that uses a semantic alignment strat-
egy. The KG-Semantic F1 score is 0.87, indicating

https://arunmozhi.in/ner-annotator/
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Figure 2: Statistics by type of the number of extracted entities across the original and translated datasets using

different models.

good entity-level alignment between the source and
translated texts. The combined KG-BERTScore-
UMLS for the translation was 0.75, while the KG-
BERTScore-Semantic was 0.88.

Metric Value
BERTScore Precision 0.90
BERTScore Recall 0.90
BERTScore F1 0.90
LaBSe 0.89
KG-UMLS Precision 0.64
KG-UMLS Recall 0.58
KG-UMLS F1 0.60
KG-Semantic Precision 0.89
KG-Semantic Recall 0.87
KG-Semantic F1 0.87
KG-BERTScore-UMLS F1 0.75
KG-BERTScore-Semantic F1 ~ 0.88

Table 4: Evaluation metrics for the automatic machine
translation.

5.2 Annotation Evaluation

The NER evaluation results are presented in Table 5.
The Biomedical GLiNER model achieves the high-
est F1 score. Both the biomedical and MoE models
show higher precision, about 0.73-0.75; however,
they struggle with recall, which is especially low
for the MoE model at 0.23.

The number of extracted entities per language
and entity type is shown in Figure 2. The number
of entities extracted in the translated text is signif-

Model Precision Recall F1
Biomedical GLiINER 0.75 049 0.59
GLiNER-X-Large 0.60 0.51 0.55
GLIiNER Large v2.1 0.64 0.25 0.36
GLiINER Multi-MoE 0.74 0.24 0.36

Table 5: NER model evaluation results on a small subset
of manually labeled English documents.

icantly lower; about 61% of the entities from the
English text are identified in the translation. This
result is expected, given that this was a zero-shot
approach working in a lower-resource language.

Table 6 shows the number and percentage of
linked entities in the UMLS when using the UMLS
API for Biomedical GLiNER entities.

Entity Type UMLS Linked Total Percent
Disease 4,941 5,426 91.1%
Medication 3,243 3,396 95.5%
Observation 142 185 76.7%
Procedure 4973 5,531 89.9%
Symptom 4,202 4,443 94.6%
Grand Total 17,501 18,981 92.2%

Table 6: Entity linking statistics using Biomedical
GLiNER and UMLS API.
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6 Discussion

LLMs have presented remarkable progress in text
generation in the last few years. However, the
current models still struggle to generate domain-
specific content in low-resource languages. The
main reason behind this is data scarcity, and the
complexity of domain-specific terminology further
complicates the issue. For example, an LLM gen-
erating medical, legal, or scientific Bulgarian must
simultaneously navigate an underrepresented lan-
guage in its training corpus, specialized terminol-
ogy, and a scientific style that demands precise, con-
sistent vocabulary. While high-resource languages
like English benefit from vast corpora of techni-
cal literature, patents, and academic articles that
anchor the terminology of a given field in context,
low-resource languages offer the model informal
corpora such as web text, social media posts, and
general-purpose translations, which barely touch
the surface of professional usage and terminology.

This huge gap in training resources available in
different languages results in the fabrication of a vo-
cabulary from language- and domain-specific terms.
LLMs create a fabricated vocabulary that might be
called lexo-phantoms: words that are phonolog-
ically plausible, grammatically slottable, but ter-
minologically illegitimate. There are three main
types of errors: Transliteration drift, Morpholog-
ical grafting, and Phantom calques. Translitera-
tion drift is when the model defaults to using pho-
netic renderings of terms from English or other
more widely spoken languages, ignoring estab-
lished equivalent terms in the low-resource lan-
guage. Phantom calques are separate word-for-word
translations of complex terms. Morphological graft-
ing/blending occurs when morphologically rich lan-
guages build technical neologisms through precise
systems of suffixes/prefixes/stems. Without enough
data to learn these rules, the LLMs graft deriva-
tional patterns from dominant languages onto local
bases, creating forms that native speakers immedi-
ately flag as distorted.

For example, in our experiments when attempt-
ing to translate "Patient Discharge Summary", some
LLMs invented non-existent words and terms in
Bulgarian, like "uzxéspasuo cmanosuuie” (eject
statement), "Ounsicro ceobuerue 3a usznuceare”
("diplomatic message for discharge"), "Zunasno
cwvobuenue 3a uznucseane Ha nayuenm' ("Folded
notice for discharge of a patient"), "Opueunanno
eckpuze onucanue Ha nauuenma” ("Original escrit-

40

ure description of the patient"), "Kaunuuen usnuc
na nauuenma” ("Clinical discharge of the patient").
The English translations indicated in parentheses
are examples, taking the closest-sounding word to
the Bulgarian equivalent of the fabricated vocabu-
lary. The lexo-phantoms in the examples above are
"ounsocno” (diplyazhno), "Junaauo” (diplyano),
"eckpuse" (eskrize), "usnuc" (izpis), which are not
loanwords in any linguistically legitimate sense. An-
other example of literal translation of medical terms
is "Encouraged regular professional podiatric care
due to increased risk of sensory loss or circulatory
impairment" translated as "Hacspuen e pedosen
npoghecuoraner neduKiop nopaou NOSUULEH PUCK
OM CeH30pHa 3a2y0a UAU HAPYUEHO KPBEOOOPpaue-
nue" (regular professional pedicures are encouraged
due to increased risk of sensory loss or impaired cir-
culation), which completely changes the meaning
of the sentence.

7 Conclusion

The paper presented BGSynthMedic - a public par-
allel corpus of 450 synthetic discharge summaries
in English and Bulgarian, which, to our knowledge,
is the first such resource for Bulgarian. We provided
the generated corpus in Bulgarian, along with auto-
matic annotations of diseases, medications, symp-
toms, procedures, and observations for the English
and Bulgarian summaries. We described the meth-
ods for generating translations and silver-standard
annotations and evaluated the quality of the result-
ing corpus. The corpus is shared with the commu-
nity for future work in MT, NER, or entity linking in
the clinical domain in Bulgarian. The pipeline com-
bines LLM-based machine translation (MT) with
reference-free evaluation metrics like BERTScore,
LaBSE, and KG-BERTScore. The quality of the
translation is evaluated to be relatively high, based
on a BERTScore of 0.90 and a LaBSE of 0.89. The
proposed method helps address the gap between
high- and low-resource languages in specialized
domains such as clinical settings. In the future,
the approach can be applied to other low-resource
languages or specialized domains with complex ter-
minology. Also, extending the manual annotations
and benchmarking models on the silver labels could
help improve the corpus’ utility.

Limitations

The translation method applies to languages sup-
ported by general-domain LLMs or to those for



which a language-specific LLM exists, such as Bg-
GPT for Bulgarian. The automatic corpus eval-
uation relies on zero-shot NER and linking meth-
ods; thus, lower scores may stem from NER/linking
rather than the translation itself. Also, the evalua-
tion of NER and entity linking was performed on a
small subset of the dataset and can be improved to
increase the evaluation coverage.

Data Availability

The BGSynthMedic parallel corpus, including syn-
thetic discharge summaries, automatic NER anno-
tations, UMLS entity links, and parallel term and
abbreviation dictionaries, is publicly available on
GitHub!®, HuggingFace,!” and Zenodo.'® The code
for generating the parallel corpus is also available
on GitHub."”
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Appendix A Category Mapping to UMLS

The mapping of target categories to UMLS seman-
tic types is shown in Table 7.

Entity label TUI  Semantic type name

disease T020 Acquired Abnormality

disease T047 Disease or Syndrome

disease T048 Mental or Behavioral Dys-
function

disease T191 Neoplastic Process

medication  T109 Organic Chemical

medication  T121 Pharmacologic Substance

medication  T195 Antibiotic

observation T033 Finding

observation T034 Laboratory or Test Result

observation T184 Sign or Symptom

procedure TO058 Health Care Activity

procedure T059 Laboratory Procedure

procedure T060 Diagnostic Procedure

procedure T061 Therapeutic or Preventive
Procedure

symptom T033 Finding

symptom T184 Sign or Symptom

Table 7: UMLS semantic types associated with each
entity label.

Appendix B Entity Translation Prompt

Prompt BgGPT to translate entities into Bulgarian
for entity linking.

Prompt for translation in Bulgarian for clin-
ical entities

You are a medical translator. You will receive a JSON
object with a key entities containing a list of Bulgar-
ian medical entity strings. Translate each string to
English. Return a JSON object with a single key,
translations, whose value is a list of English transla-
tions in the same order and with the same count as
the input list. Output only valid JSON, without any
additional commentary.



Appendix C UMLS Semantic Types
mapped to entity labels

Figure 3 summarizes the UMLS semantic type
groups and their entity-mapping frequencies. A
full list is available in the GitHub repository.

Grouped UMLS semantic-type distribution (updated summary)
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Therapeutic /
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Figure 3: Heatmap of UMLS semantic-type groups
across NER categories. Darker cells indicate higher
counts.

Appendix D Translation Prompt

Prompt BgGPT to translate a Synthetic Discharge
Summary into Bulgarian.
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Prompt for translation in Bulgarian of clinical text

You are a highly skilled Natural Language Processing (NLP) expert specializing in medical translation. Your task is
to accurately translate English discharge summaries into Bulgarian, ensuring the translated document maintains the
original’s factual accuracy, uses appropriate medical terminology, correctly interprets and translates abbreviations, and
adopts an impersonal style suitable for communication between a hospital and a general practitioner (not directly to the
patient). In the "Patient instructions" section, follow an indirect, non-personal style. For example, instead of "Observe",
"Apply", "Continue", use "To be observed", "To be applied", "To be continued".

To ensure the highest quality translation, follow this structured approach:

— 1. Terminology Review:

* Identify key medical terms in the English summary.

* Provide the corresponding Bulgarian medical term for each.

* Justify your choice of Bulgarian term, considering context and common usage in Bulgarian medical practice.
**Example:**

| English Term | Bulgarian Term | Justification |

f———

| Myocardial Infarction | MuokapaeH ungapkr | Standard Bulgarian medical term for heart attack. |

| Hypertension | Xunepronust | Commonly used and understood term for high blood pressure. |

| Patient Discharge Summaryl Enukpu3a | Standard Bulgarian medical term for clinical document. |

| Patient Discharge Summaryl Emkpu3a | Standard Bulgarian medical term for clinical document. |

| Physical Examination | O6extuBHO chcTostHue / cTaryc | Standard Bulgarian medical term for patient status |

| Follow-Up and Recommendations | [Ipenopsku u 3akmovenue | Standard Bulgarian medical term for patient instructions
and recommendations |

| Treatment and Management | JledyeGHo-AMarHoCcTHYEH MUIaH 1 X0[ Ha JeuenueTo | Standard Bulgarian medical term for
patient treatment during the hospital stay |

| Hospital Course | JleueGHO-quarHocTuyeH miaH u xox Ha Jiedenueto | Standard Bulgarian medical term for patient
treatment during the hospital stay |

| Discharge Instructions | IIpenopsku u 3akmouenue | Standard Bulgarian medical term for patient instructions and
recommendations |

| Chief Complaint | OcHoBHU orutakBanus | Standard Bulgarian medical term for patient complaint |

2. Abbreviation Check:

* List all abbreviations used in the English discharge summary.

* Provide the full English expansion of each abbreviation.

* Provide the corresponding Bulgarian abbreviation (if one exists) and its full Bulgarian expansion. If a direct
abbreviation doesn’t exist, provide a clear and concise Bulgarian translation of the full term.

**Example:**

| English Abbreviation | English Expansion | Bulgarian Abbreviation | Bulgarian Expansion |

[————

| MI | Myocardial Infarction | MU | MuokapaeH ungapxr |

| BP | Blood Pressure | AprepuanHo kpbsBHO HausiraHe | KpbBHO Hansrane (standard abbreviation AH) |

3. Bulgarian Translation:

[Your final, revised Bulgarian translation, incorporating the terminology and abbreviation reviews. Ensure the translation
is grammatically correct, fluent, and maintains the original meaning.]

4. Quality Assurance Checklist:

* [ ] Accuracy: Does the Bulgarian translation accurately reflect all information in the English summary?

* [ ] Terminology: Is the medical terminology accurate and appropriate for a Bulgarian medical professional?

* [ ] Abbreviations: Are all abbreviations correctly translated or explained?

* [ ] Grammar: Is the Bulgarian translation grammatically correct and fluent?

* [ ] Clarity: Is the translation clear and easy to understand for a Bulgarian-speaking healthcare professional?

— Now, translate the following discharge summary from English to Bulgarian, adhering to the structure and guidelines
outlined above: [Paste the English discharge summary here]."
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