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ABSTRACT. Neural Machine Translation (NMT) has revolutionized language processing,
yet translating medical texts into low-resource languages like Tamil remains a signif-
icant challenge due to linguistic complexities, resource scarcity, and the critical need
for terminological precision in healthcare contexts. Existing systems often struggle with
fluency, contextual accuracy, and the intricate morphology of Tamil, leaving a gap in
reliable solutions for medical translations. To address these challenges, we propose
a novel transformer-based NMT model with multi-head attention, tailored specifically
for English-to-Tamil medical translations. Leveraging the meticulously curated MIDAS-
NMT-English-Tamil Medical Parallel Corpus and domain-specific linguistic resources,
the model integrates context-sensitive adaptations to handle Tamil”s syntactic flexibil-
ity and terminological nuances. Through rigorous preprocessing, including tokenization,
abbreviation standardization, and dataset annotation, our methodology ensures consis-
tency and domain relevance. The system’s efficacy is validated using automatic metrics
such as BLEU, METEOR, and BERTScore, as well as human evaluations involving
Tamil linguists and medical professionals, benchmarking against existing systems like
Google Translate. Our model achieves a significant improvement in translation accu-
racy and fluency, with evaluations indicating a 92.3% semantic similarity score and a
36% enhancement over conventional tools. This research not only advances the field of
domain-specific NMT for low-resource languages but also sets a benchmark for ensuring
ethical and accurate translations in critical healthcare domains, ultimately improving ac-
cesstbility and understanding for Tamil-speaking patients and medical practitioners.
Keywords: Neural Machine Translation, Transformer-Based Framework, Low-Resource
Languages, Medical Text Translation, Context-Sensitive Adaptations.

1. Introduction. Neural Machine Translation (NMT) has become an indispensable tool in bridging
linguistic barriers, yet its application in low-resource languages, particularly Tamil, faces substantial
hurdles [1]. The translation of medical texts poses unique challenges, requiring not only linguistic accu-
racy but also domain-specific expertise to ensure terminological precision and contextual appropriateness
[2]. English-to-Tamil translation is further complicated by the syntactic flexibility and morphological
complexity of Tamil, which often leads to inconsistencies in automated outputs [3]. Addressing these lim-
itations, this research introduces a specialized transformer-based framework, advancing the translation
of critical medical information with improved contextual understanding and semantic fidelity.
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Modern NMT systems often lack the robustness required to handle the nuances of Tamil, a Dravidian
language with a rich morphological structure and free word order [4]. The scarcity of high-quality paral-
lel corpora further exacerbates these challenges, limiting the effectiveness of existing tools in generating
coherent and domain-relevant translations. This study leverages curated resources and tailored method-
ologies to overcome these barriers, aiming to deliver reliable translations that adhere to the precision
required in healthcare contexts [5]. The emphasis lies on enhancing fluency, maintaining domain-specific
consistency, and preserving the semantic integrity of complex medical terminologies [6].

The importance of accurate translation in medical settings cannot be overstated, as errors may lead to
severe consequences for both practitioners and patients [7]. Tamil-speaking regions, with limited access to
specialized tools for medical translations, face a significant accessibility gap in healthcare communication.
This research, therefore, not only addresses the technical aspects of NMT for Tamil but also underscores
the ethical imperatives of delivering precise and accessible medical information [8]. By integrating multi-
head attention mechanisms and context-sensitive adaptations, this work sets a foundation for impactful
advancements in low-resource language translation [9].

This paper explores a transformer-based framework tailored for English-to-Tamil medical translations,
offering a substantial improvement in handling linguistic complexities, domain-specific terminologies,
and contextual dependencies [10]. It further evaluates the framework against established benchmarks
and alternative systems to demonstrate its efficacy, providing a path forward for ethical and reliable
NMT in critical applications.

1.1. Background. The evolution of machine translation has seen significant advances with the advent
of neural networks, particularly transformer models, which have redefined accuracy and fluency in trans-
lations. However, most existing systems are optimized for high-resource languages, leaving low-resource
languages underserved. Tamil, with its unique syntactic and morphological features, presents an addi-
tional layer of complexity that standard models fail to address effectively. This gap is particularly evident
in domain-specific translations, where precision and contextual relevance are paramount.

Medical translations pose unique challenges, as they demand strict adherence to terminology and
contextual coherence to prevent misinterpretations. For Tamil, these challenges are amplified by the
lack of robust linguistic resources and domain-specific parallel corpora. Recent efforts in NMT have
made strides in general-purpose translation, but the application to specialized fields such as healthcare
remains underexplored. This research addresses these gaps by leveraging domain-specific datasets and
implementing transformer-based innovations to improve translation outcomes.

1.2. Scope and Motivation. This research focuses exclusively on the development of an English-to-
Tamil NMT framework optimized for medical text translation. It aims to enhance fluency, semantic in-
tegrity, and terminological consistency while addressing the unique linguistic challenges posed by Tamil.
The findings are intended for applications in healthcare communication and resource accessibility. The
critical nature of healthcare communication necessitates translations that are both accurate and contex-
tually relevant. Tamil-speaking regions often lack access to reliable medical translations, creating barriers
to effective healthcare delivery. This study is motivated by the need to bridge this gap by advancing
domain-specific NMT tailored to Tamil”s linguistic intricacies.

1.3. Objectives and Key Contributions. The primary objective of this research is to develop a
context-sensitive, transformer-based NMT framework for translating English medical texts into Tamil.
This includes leveraging domain-specific datasets, implementing multi-head attention mechanisms, and
ensuring alignment with healthcare terminological standards.

Key Contributions.

Development of a context-sensitive transformer-based framework for English-to-Tamil medical trans-
lation.

Utilization of curated linguistic resources and domain-specific parallel corpora.

Integration of preprocessing techniques for consistency and semantic integrity.

Comprehensive evaluation using automatic metrics and human validation.

o Benchmarking against existing systems to demonstrate improvements in accuracy and fluency.

1.4. Organization of the paper. The remainder of this paper is structured as follows. The related
works section reviews existing NMT approaches and their limitations in low-resource settings. The
methodology outlines the proposed framework, including preprocessing, model architecture, and training
procedures. The experimentation section details the evaluation metrics, dataset specifications, and testing
protocols. The results section presents a comparative analysis of translation performance, highlighting
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key improvements. Finally, the conclusion summarizes the findings, implications, and potential avenues
for future research.

2. Related Works. Karwacka (2015) proposed that translation plays a pivotal role in spreading medical
knowledge and ensuring healthcare accessibility for diverse populations. The advantage of her perspective
lies in highlighting the unique challenges of medical translation, such as terminology, readability, and
audience-specific communication. However, a notable disadvantage is the complexity involved in achieving
consistent quality due to issues like polysemy and synonymy. Her work emphasizes the need for skilled
translators and thorough review processes [11].

H. Muhaxov et al. (2016) proposed a multiple-language translation system to support long-distance
medical services, particularly aiding rural populations in western China. The system”s advantage is its
ability to facilitate communication between patients and doctors through automated translation and PDF
generation. However, a disadvantage is the potential limitations in machine translation accuracy, which
could affect understanding. Their work emphasizes the importance of accessible healthcare communica-
tion [12].

S. Kwon et al. (2021) proposed an automatic augmentation method for stroke medical ontology using
unstructured textual knowledge and standard medical terminology for improved disease prediction. The
advantage of their approach lies in its ability to link instance-level data with top-level schemas, enhancing
the understanding of complex disease relationships. However, a disadvantage is the challenge of processing
unstructured data from diverse sources effectively. Their work contributes to advancing Al-driven stroke
prediction models [13].

M. Nair et al. (2023) proposed the use of Multimodal Neural Machine Translation (MNMT) to
translate information from various modalities, such as text, images, and audio, while preserving the
source meaning. The advantage is its enhanced translation accuracy and fluency through techniques
like attention mechanisms and fusion methods. However, a disadvantage is the complexity of processing
multimodal data and ensuring system reliability. Their work highlights MNMT”s transformative potential
across industries like healthcare and e-commerce [14].

L. Chen et al. (2022) proposed a translation-enhanced contrastive learning scheme and introduced
TeaBERT, a cross-lingual pre-trained language model for aligning Chinese and English medical synonyms
at a semantic level. The advantage of this approach is its superior performance in medical entity linking
tasks, achieving state-of-the-art accuracy without task-specific fine-tuning. However, a disadvantage is its
reliance on UMLS, which limits applicability to languages lacking robust medical terminology systems.
Their work addresses critical gaps in multilingual medical terminology alignment [15].

H. Liu (2022) proposed a translation principle for Chinese medical terms, emphasizing “communicative
translation as the mainstay and semantic translation as the supplement,” guided by speech neural network
mining and communicative translation theory. The advantage is its balanced approach to preserving
meaning while ensuring accessibility for target audiences. However, a disadvantage is the complexity of
applying this dual-method framework consistently across diverse medical contexts. The study bridges
theoretical insights with practical translation strategies [16].

A. Bodile and M. Kshirsagar (2015) proposed a text mining system for radiology reports using a statis-
tical machine translation (SMT) approach, integrating text and image features for efficient information
retrieval. The advantage is improved accessibility to unstructured medical data, aiding professionals
in retrieving relevant reports quickly. However, a disadvantage is the reliance on the quality of stored
data and the effectiveness of the SVM classifier. Their work addresses challenges in processing free-text
radiology data [17].

P. He et al. (2022) proposed the use of Referentially Transparent Inputs (RTIs) as a methodology for
validating machine translation software to address issues of translation inaccuracies. The advantage of
RTTIs is their ability to systematically detect errors like under-translation, over-translation, and mistrans-
lations, ensuring better translation reliability. However, a disadvantage is the manual effort required
for effective implementation and evaluation. Their tool, Purity, demonstrated significant potential in
improving translation quality across platforms [18].

Archana G. P. et al. (2015) conducted a comparative analysis of translation challenges between Hindi
and Malayalam during the Indian Language Corpora Initiative (ILCI) project. The advantage of their
work is its identification of key linguistic divergences, aiding in the development of better translation
systems. However, a disadvantage is the complexity of addressing significant structural differences at
phonological, lexical, and syntactic levels. Their study highlights the intricacies of translating between
linguistically distinct Indian languages [19].
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X. Li (2024) proposed an innovative online English machine translation algorithm leveraging a substan-
tial language model with log-linear modeling and clustering techniques. The advantage is its exceptional
performance, achieving a mean BLEU score of 0.94, and excelling in handling complex contexts and long
sentences. However, a disadvantage is the potential computational intensity of integrating large language
models. This work marks a significant advancement in multilingual natural language processing [20].

An overview of the methods, focus areas, and limitations identified in these studies is summarized in

Table 2.

TABLE 1. Insights from Literature Review on Medical Translation Systems
and Methodologies

S.No | Author(s) and | Methodology Limitations
Year
1 Karwacka  (2015) | Focus on medical translation, | Complexity in achieving consis-
[11] emphasizing terminology, read- | tent quality due to polysemy and
ability, and audience-specific | synonymy
communication
2 A. Bodile & M. | Text mining system for radiology | Reliance on the quality of stored
Kshirsagar (2015) | reports using statistical machine | data and the effectiveness of the
[17] translation (SMT) and integra- | SVM classifier
tion of text and image features
3 H. Muhaxov et al. | Multiple-language  translation | Potential limitations in machine
(2016) [12] system for long-distance medical | translation accuracy
services, automated translation,
and PDF generation
4 P. He et al. (2022) | Referentially Transparent Inputs | Manual effort required for effec-
[18] (RTIs) methodology for validat- | tive implementation and evalua-
ing machine translation software | tion
5 M. Nair et al. | Multimodal Neural Machine | Complexity in processing multi-
(2023) [14] Translation (MNMT) for trans- | modal data and ensuring system
lating text, images, and audio reliability
6 X. Li (2024) [20] Online English machine trans- | Potential computational inten-
lation algorithm with log-linear | sity of integrating large language
modeling and clustering tech- | models
niques

2.1. Research Gap. Despite significant advancements in Neural Machine Translation (NMT), there re-
mains a critical gap in addressing the translation needs of low-resource languages, particularly in special-
ized domains like healthcare. Existing systems, such as Google Translate, tend to perform inadequately
when translating medical texts into languages like Tamil, primarily due to the complex morphological
structures, syntactic flexibility, and terminological nuances inherent to such languages. The scarcity
of high-quality bilingual medical corpora further compounds these challenges, leading to suboptimal flu-
ency, accuracy, and contextual relevance in machine-generated translations. Moreover, the existing NMT
models are not designed to capture domain-specific terminology and context in the medical field, making
them unsuitable for applications where precision and clarity are crucial, such as in healthcare settings.
Our proposed transformer-based Neural Machine Translation (NMT) model addresses the challenges
faced in translating medical texts into Tamil by incorporating context-sensitive adaptations that ac-
count for the language’s syntactic and morphological complexities. By leveraging the curated MIDAS-
NMT-English-Tamil Medical Parallel Corpus and domain-specific linguistic resources, our model enhances
translation accuracy and fluency. We employ advanced preprocessing techniques, including tokenization,
abbreviation standardization, and dataset annotation, to ensure consistency and relevance to the medi-
cal domain. Additionally, the multi-head attention mechanism of the transformer model enables better
handling of Tamil’s syntactic flexibility and terminological nuances, while our evaluation framework—
combining automatic metrics like BLEU and METEOR with human assessments from Tamil linguists and
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medical professionals—ensures high-quality translations. This comprehensive approach leads to signifi-
cant improvements in both semantic accuracy and contextual relevance, bridging the gap left by existing
systems in medical translation for low-resource languages like Tamil.

3. Methodology. The proposed methodology focuses on developing a transformer-based Neural Ma-
chine Translation (NMT) framework tailored for English-to-Tamil medical translations. The approach
begins with rigorous preprocessing of the dataset, leveraging the MIDAS-NMT-English-Tamil Medical
Parallel Corpus. Key preprocessing steps include tokenization, abbreviation standardization, and an-
notation of domain-specific terminologies to ensure linguistic and contextual consistency. The model
employs a multi-head attention mechanism to capture complex syntactic dependencies and semantic
nuances inherent in Tamil. Context-sensitive adaptations are integrated into the encoder-decoder archi-
tecture to handle Tamil’s morphological richness and syntactic flexibility. The model is trained with
domain-specific linguistic resources using optimization techniques like label smoothing and learning rate
scheduling to enhance convergence. Comprehensive evaluations using BLEU, METEOR, BERTScore,
and human assessments by Tamil linguists and medical professionals validate the system’s efficacy in
maintaining fluency, accuracy, and domain relevance. Figure 1 illustrates the architecture diagram of
the proposed model.
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FIGURE 1. Architecture diagram of the Advancing neural machine transla-
tion for low-resource languages with a context-sensitive transformer-based
framework for English-to-Tamil medical texts

3.1. Dataset Collection. The MIDAS-NMT-English-Tamil dataset was chosen for its focus on med-
ical translations between English and Tamil, making it a highly relevant resource for this research on
improving neural machine translation (NMT) for low-resource languages. This dataset is well-suited for
handling domain-specific terminology and medical contexts, which are crucial for healthcare translations.
Its specialized nature ensures that the translation system captures medical nuances and complex linguistic
structures in Tamil, an underrepresented low-resource language in the NMT landscape. The selection of
this dataset is justified due to its alignment with the research goal of enhancing machine translation for
Tamil in the medical domain. Tamil is a low-resource language, and existing systems often lack precision
in medical translations. The MIDAS-NMT dataset, containing thousands of sentence pairs, addresses this
scarcity and provides a well-curated resource for training a context-sensitive transformer-based model.
It also ensures that the system learns accurate medical terminology and syntax, which are critical for
improving the quality and reliability of medical translations for Tamil-speaking patients and healthcare
professionals.
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3.1.1. Dataset Description. The MIDAS-NMT-English-Tamil dataset is a parallel corpus containing
aligned English and Tamil sentence pairs in the medical domain. The dataset is specifically curated to
handle medical terminology and healthcare contexts, making it ideal for training and evaluating domain-
specific translation models. It consists of 15,000 sentence pairs, offering a valuable resource for improving
NMT in the Tamil language, especially for medical applications. Table 2 presents the attribute details of
the dataset.

TABLE 2. Dataset Description

Attribute

Detalils

Language Pair

English-Tamil

Domain Medical (Healthcare, Disease, Treatment)
Size 15,000 sentence pairs

Source GitHub (MIDAS-NMT)

Format Parallel Corpus (aligned sentence pairs)

TABLE 3. Preprocessing Steps using the MIDAS-NMT-English-Tamil
(Medical Translations) dataset

Step Description Sample Output
Text Segmentation & | Split text into sentences and words. | “Dr. John Smith prescribed medication
Tokenization for hypertension.” — [“Dr.”; “John”,

“Smith”, ...]

Subword Tokenization
(BPE)

Break words into smaller subword
units to handle rare words.

“hypertension” — [“hyper”, “#ten-
sion”]

Abbreviation Expan-
sion

Expand medical abbreviations to
full forms.

“Dr” — “Doctor”, “Rx” — “prescrip-
tion”, “HTN” — “hypertension”

Medical Term Stan-
dardization

Standardize terms to ensure consis-
tency (e.g., “high blood pressure” —
“hypertension”).

“high blood pressure” — “hyperten-
sion”

Lowercasing & Nor-
malization

Convert all text to lowercase and
normalize special characters.

“Dr. Smith” — “dr. smith”, “the pa-
tient” — “the patient”

Removing Unwanted
Characters

Remove non-alphanumeric charac-
ters or special symbols.

«

“ref: Doc123”
Doc123”)

—  (remove “ref:

Terminology and

Phrase Alignment

Use bilingual medical dictionary to
align terms and phrases.

“heart attack” — “(LD6dT6OTE00I 219"
(Tamil translation for “heart attack”)

Named Entity Recog-
nition (NER)

Recognize named entities like med-
ical professionals, drugs, and dis-
eases.

“Paracetamol” — Paracetamol (No
translation for drug names)

Syntactic Parsing

Break down complex sentences to
identify noun and verb phrases.

“The patient was diagnosed with high
blood pressure.” — Noun Phrase, Verb
Phrase

3.2. Data Preprocessing. Table 3 represents the preprocessing steps designed to clean and prepare the
text data for the transformer-based model, ensuring that both linguistic and domain-specific challenges
(like medical terminology and Tamil’s complex morphology) are effectively addressed. By ensuring that
the input data is consistent, clean, and ready for translation, the preprocessing steps directly impact the
quality and accuracy of the final translation output.
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3.2.1. Implementation of Subword Tokenization and Terminology Alignment. To effectively handle Tamil’s
agglutinative morphology, Byte Pair Encoding (BPE) was employed for subword tokenization. BPE seg-
ments frequently occurring character sequences into subword units, allowing morphologically complex
Tamil words to be represented as combinations of stems and affixes. This approach reduces data sparsity
caused by inflection, case markers, tense suffixes, and compound formations commonly found in Tamil
medical texts. A shared subword vocabulary of 32,000 tokens was learned from the combined English—
Tamil training corpus to ensure consistent segmentation and improved alignment during translation.

For medical terminology and phrase alignment, a domain-specific bilingual English—Tamil medical dic-
tionary was incorporated during preprocessing. The dictionary contains curated mappings of diseases,
symptoms, anatomical entities, procedures, and drug names. Identified medical terms and multi-word
expressions are aligned using phrase-level dictionary lookup prior to training. This ensures consistent
translation of critical medical terminology and reduces ambiguity due to polysemy or synonymous ex-
pressions. The combination of BPE-based subword modeling and dictionary-based alignment improves
robustness when translating Tamil’s morphologically rich medical language.

3.3. Neural Machine Translation (NMT) Model Development. The architecture of the proposed
model builds on the Transformer-based framework, which is well-suited for machine translation tasks
due to its ability to capture long-range dependencies and contextual information. Given the unique
morphological and syntactic complexities of Tamil, the model is adapted with specialized components to
address these challenges while maintaining translation accuracy, especially for medical texts.

3.3.1. Transformer-Based Model with Multi-Head Attention. The core of the model is the Transformer
architecture, which utilizes an encoder-decoder structure. This structure facilitates the transformation
of input sequences (English) into output sequences (Tamil) by using attention mechanisms instead of
recurrent layers, which allows for more parallelization and reduces training time. The Transformer uses
self-attention to compute representations of the input sequence in parallel, followed by a multi-head
attention mechanism. Mathematically, the Transformer model can be described as:

Attention(Q, K, V) = soft max (CE/IC%T) Vv (1)

Where:

o @ (query), K (key), and V (value) are matrices derived from the input data.
e dy is the dimensionality of the key vectors.

The multi-head attention mechanism extends this idea by allowing the model to attend to different
parts of the input sequence in parallel:

MultiHead(Q, K,V) = Concat(heads, . .. , head),)W© (2)
Where each head; is computed as:
head; = Attention(QWE, KWK vw)) (3)

This multi-head attention allows the model to focus on various aspects of the input sequence (such
as different syntactic or semantic components) simultaneously, which is crucial for handling the flexible
syntactic structure of Tamil.

3.3.2. Handling Morphological and Syntactic Complexities. Tamil, as an agglutinative language, exhibits
complex morphology where multiple affixes can attach to a root word to modify its meaning. These
variations pose challenges for direct translation, as the word forms change based on grammatical rules,
tense, aspect, and case.

To tackle these issues, subword tokenization methods, such as Byte Pair Encoding (BPE) or Senten-
cePiece, are used in the preprocessing step. These methods split words into smaller units (subwords),
allowing the model to handle rare or unseen word forms by composing them from known subword tokens.
The advantage of BPE is that it reduces the vocabulary size and ensures that inflected or compound
words are effectively captured.

The tokenized inputs are then processed through the transformer’s encoder, where the self-attention
mechanism ensures that each word (or subword) attends to all other words in the sequence, accounting
for the rich syntactic relationships in Tamil. This attention mechanism allows the model to learn not only
the direct translation of individual words but also the contextual meaning that depends on the word’s
position and relationship with surrounding words.
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3.3.3. Integrating Contextual Embeddings. A critical enhancement in this architecture is the incorporation
of contextual embeddings. For medical translations, words may have domain-specific meanings that vary
depending on the context. For instance, the word “treatment” in a medical context refers to healthcare
procedures, while it might have different interpretations in a general context. To enhance the model’s
ability to capture domain-specific meanings, pre-trained language models such as BERT or BioBERT
can be used to provide contextual embeddings. These embeddings are trained to capture the nuanced
meanings of words in context, especially in specialized domains like medicine. The embeddings are
incorporated into the Transformer model at both the encoder and decoder stages, allowing the model to
generate more accurate translations for technical terms. Figure 2 illustrates the architecture diagram of
Integrating Contextual Embeddings-BERT.
Formally, for a word w in the sequence, its contextual embedding e,, is computed by:

ew = BERT (w) 4)

These embeddings are fed into the Transformer model, and the self-attention mechanism uses these
enhanced representations to focus on the correct translation context, preserving the domain-specific
accuracy.
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FIGURE 2. Architecture diagram of Integrating Contextual Embeddings-
BERT

3.4. Domain Adaptation. Domain adaptation is crucial when translating technical texts, as medical
terminology and syntax are quite different from general language use. The proposed model undergoes
fine-tuning on medical-specific corpora to ensure that technical terms and phrases are correctly translated,
even if they are infrequent or not seen in general language corpora.
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3.4.1. Fine-Tuning on Medical-Specific Corpora. The first step in domain adaptation is to pre-train the
Transformer model on a large general-purpose parallel corpus (e.g., OpenSubtitles or Europarl) to learn
basic language translation patterns. Once this base model is trained, it is fine-tuned on a medical-specific
corpus, such as MIDAS-NMT-English-Tamil, to specialize in the medical domain.

The fine-tuning process involves updating the weights of the model based on the medical corpus.
Specifically, the loss function used for training is:

L(0) = - Zlogp(ytlym_hw) (5)

t=1
Where:

o 0O represents the parameters of the model.
o 1z is the source sentence (in English), and y; is the target sentence (in Tamil).
e T is the length of the target sentence.

Fine-tuning adjusts the model’s parameters to prioritize domain-specific medical translations, ensuring
that the model correctly handles specialized terms like diseases, treatments, and medical procedures.

3.4.2. Dynamic Weighting for Terminology Accuracy. In medical texts, it is crucial that technical terms
are translated accurately, even if this impacts overall fluency. Dynamic weighting is introduced to give
more importance to technical terms (such as medical jargon) during training. This can be mathematically
modeled by assigning higher weights to terms that appear in the medical lexicon. Let w; represent the
weight for the i-th token in the translation sequence:

L(0) = - Zwt log P(yt|y1:t—1, ) (6)

Where:

e w; is the weight assigned to the token y;, which is higher for technical terms and lower for more
general words.
o P(yt|y1.t—1, ) is the probability of translating the ¢-th token in the target sentence.

This weighted loss function ensures that the model focuses more on accurately translating medical
terminology while still maintaining overall fluency in the translated text.

3.5. Contextual Enhancements. Contextual enhancements play a significant role in improving the
quality of translations, particularly for complex medical texts. The introduction of external linguis-
tic resources and domain-specific rules ensures that the model accounts for syntactic ambiguities and
terminological precision.

3.5.1. Bilingual Dictionaries and Synsets. Bilingual dictionaries provide mappings between words and
their translations, while synsets (sets of synonyms) help the model choose the most contextually ap-
propriate translation. These resources are integrated into the model to provide additional context for
ambiguous words. For example, the word “cancer” might have different translations based on whether it
refers to the medical condition or a specific treatment.

The use of a bilingual dictionary D is represented as:

yr = D(z¢) (7)

Where x; is the t-th word in the source sentence (English) and y; is its corresponding translation
(Tamil). If multiple valid translations exist for a term, the synset-based mechanism selects the most
appropriate one based on the surrounding context.

3.5.2. Phrase Alignment and Syntactic Rules. Medical texts often contain multi-word expressions that
must be translated as a whole. Phrase alignment models, which map phrases in the source language to
their corresponding translations in the target language, can improve accuracy. For instance, “chronic
pain” might be a common phrase in English, but its meaning can vary depending on the specific medical
context. Additionally, domain-specific syntactic rules are used to handle ambiguities in Tamil sentence
structures. Tamil syntax allows for flexible word order, and the model must resolve these ambiguities to
produce fluent and accurate translations. For instance, the word order for a subject-object-verb (SOV)
structure in Tamil may differ from the subject-verb-object (SVO) structure in English. Domain-specific
rules ensure that these variations are handled appropriately, ensuring accuracy in translating medical
sentences.
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3.6. Algorithm. The algorithm starts by preprocessing the input English medical text and perform-
ing part-of-speech tagging. Sentences are split into phrases and chunked for better translation. Known
medical terms are translated using a bilingual dictionary, while unknown terms are processed by a trans-
former model for context-based translation. Multi-head attention is used to capture word relationships,
and Tamil-specific morphological rules are applied for grammatical accuracy. Finally, post-processing
ensures fluency, producing an accurate Tamil translation of the medical text. Below is the algorithm for
the proposed model.

Algorithm 1 Algorithm for the Proposed English-to-Tamil Medical Translation Model

1: Step 1: Input Text
e Read and preprocess the English medical text.
2: Step 2: POS Tagging
e Perform part-of-speech tagging for grammatical analysis.
3: Step 3: Sentence Splitting
e Split sentences into meaningful phrases.
4: Step 4: Chunking
e Break down each phrase into smaller chunks.
5: Step 5: Dictionary Lookup
e Translate known terms using a bilingual dictionary.
6: Step 6: Contextual Translation
e Translate unknown terms using a transformer model.
7: Step 7: Attention Mechanism
e Use multi-head attention to capture contextual relationships.
8: Step 8: Morphological Correction
e Apply language-specific morphological rules for Tamil.
9: Step 9: Post-Processing
e Ensure fluency and grammatical correctness.
10: Step 10: Final Output
e Produce the translated Tamil medical text.

The algorithm concludes with the generation of the final Tamil medical translation. After all pre-
processing, translation, and contextual adjustments are made, the translated text undergoes post-processing
to ensure fluency and grammatical accuracy. The output is a contextually correct, domain-specific, and
grammatmatically sound Tamil translation of the input English medical text, ready for use by Tamil-
speaking medical professionals or patients. Figure 3 illustrates the flow chart for the proposed model.

4. Experimentation. The primary objective of the experimentation phase was to evaluate the effec-
tiveness of the proposed English-to-Tamil medical translation model in comparison to existing translation
systems. The experiments focused on assessing translation accuracy, fluency, and domain-specific termi-
nological precision for medical texts. The evaluation was carried out using a comprehensive set of metrics,
including BLEU, METEOR, and BERTScore, which provided a quantitative measure of translation qual-
ity. Additionally, human evaluation was conducted with Tamil linguists and medical professionals, who
assessed the translated text for semantic correctness, contextual relevance, and clarity in a healthcare
setting. These experiments aimed to validate whether the integration of domain-specific resources, con-
textual embeddings, and multi-head attention could significantly improve the translation quality for
low-resource languages, particularly in the medical domain.

4.1. Experimental setup. The experimentation setup involved using the MIDAS-NMT English-Tamil
Medical Parallel Corpus to train and evaluate the proposed translation model. Hardware-wise, an
NVIDIA A100 GPU was utilized to accelerate training and inference, ensuring efficient processing of
large datasets. The software stack included Python, TensorFlow, and PyTorch for model implementa-
tion, while natural language processing tasks such as tokenization, part-of-speech tagging, and chunking
were carried out using the SpaCy library. The experiments were executed in an Ubuntu-based envi-
ronment with CUDA for GPU acceleration, facilitating faster model fine-tuning and optimization. The
performance of the model was assessed using automatic evaluation metrics such as BLEU, METEOR,
and BERTScore, alongside human evaluation by Tamil linguists and medical professionals.
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4.2. Benchmarking Datasets. For evaluating the proposed English-to-Tamil medical translation model,
several benchmark datasets were utilized to assess translation quality across multiple domains, including
general and medical-specific text. These datasets allow for a fair comparison with existing translation
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systems, ensuring that the model performs well in both domain-specific translation and general language
translation tasks.

(a) MIDAS-NMT English-Tamil Medical Parallel Corpus

The MIDAS-NMT corpus is a bilingual dataset focused on English-Tamil medical texts, including
clinical notes and medical procedures. It contains 15,000 high-quality, manually curated English-Tamil
medical sentence pairs, which were consistently used for all training and evaluation experiments in this
study, making it ideal for evaluating medical translation quality. This corpus helps benchmark the model’s
ability to handle medical terminology and complex domain-specific language in Tamil.

(b) IWSLT Dataset

The IWSLT dataset is a widely used benchmark for machine translation, containing multilingual
parallel corpora, including English-Tamil. With up to 200,000 sentence pairs, it is primarily focused on
general translation tasks. It serves as a basis for comparing the model’s performance on general language
translation, outside the medical domain.

(c) Tanzil English-Tamil Parallel Corpus

The Tanzil corpus includes over 1 million sentence pairs, focused on religious texts, but also includes
general language data. It offers a broad translation base for evaluating fluency and syntactic accuracy.
This corpus provides valuable insights into the model’s general translation capabilities.

(d) OpenSubtitles English-Tamil Corpus

OpenSubtitles is a large collection of bilingual sentence pairs sourced from movie subtitles, with around
4 million English-Tamil sentence pairs. While conversational, it allows for evaluating the model’s fluency
and sentence-level translation accuracy, especially when compared with more specialized corpora.

(e) Medical Text Translation (MedMT) Dataset

The MedMT dataset consists of 50,000 English-Tamil sentence pairs focused on medical texts, including
patient information and clinical procedures. It is tailored to test the model’s ability to translate medical
jargon and handle domain-specific terms, providing direct relevance to the proposed research.

4.3. Results. The evaluation focuses on the performance of the proposed English-to-Tamil medical trans-
lation model, comparing it with existing systems. The model’s accuracy, fluency, and handling of med-
ical terminology were assessed using automatic metrics such as BLEU, METEOR, and BERTScore, as
well as human evaluations. Testing was conducted on the MIDAS-NMT English-Tamil Medical Parallel
Corpus to ensure effective translation of domain-specific content. The results demonstrate significant im-
provements in translation quality, particularly in addressing Tamil’s syntactic complexities and medical
terminological precision.
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F1GURE 4. Comparison of BLEU, METEOR, and BERTScore for English-
to-Tamil Medical Translation Models

Figure 4 compares the performance of three machine translation models—Proposed Model, Google
Translate, and Standard NMT—using three evaluation metrics: BLEU, METEOR, and BERTScore. The
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metrics are presented side by side for each model, allowing for a direct comparison of translation quality,
fluency, and semantic accuracy in translating medical texts from English to Tamil. The results highlight
how well each model handles domain-specific medical terminology and sentence structure, providing
insights into the strengths of the proposed model in the healthcare context.

Human Evaluation Scores for Medical Translation Models

Fluency
ACouracy
Ralevance

Transicomaer based NMT (Proposed Model) Google Translate Shandand NMT

Model

FIGURE 5. Human Evaluation Scores for Medical Translation Models

Figure 5 compares the human evaluation scores of three translation models—Proposed Model, Google
Translate, and Standard NMT—across three criteria: fluency, accuracy, and relevance. Each model is
represented by a set of bars, with different colors indicating the evaluation criteria. The chart visually
highlights the strengths and weaknesses of each model based on human assessments for medical translation
tasks.

Figure 6 illustrates the error distribution of the proposed transformer-based English-Tamil medical
translation model. The errors are categorized into morphological errors, syntactic issues, and terminology
mismatches. This analysis highlights the dominant error sources remaining in the proposed system and
helps identify targeted areas for further performance improvement.

Figure 7 presents the performance of three translation models for medical terminology. It compares the
accuracy of the Proposed Model, Google Translate, and Standard Neural Machine Translation (NMT) on
terms from specific medical fields like diseases, treatments, and anatomy. The accuracy values indicate
how well each model handles the complexity and specificity of medical language in translation.

Figure 8 illustrates the relationship between sentence length (measured in words) and BLEU scores for
machine translation quality. As sentence length increases, the BLEU score also tends to rise, indicating
that longer sentences may benefit from better translation accuracy. This analysis helps in understanding
how translation models perform with varying sentence complexities.

Figure 9 illustrates the training loss and accuracy of a model across 10 epochs. As training progresses,
the loss decreases while accuracy increases, indicating that the model is learning and improving its
performance. This pattern reflects typical model optimization during the training process, where the
model becomes better at minimizing error and enhancing predictive accuracy.
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Error Analysis for Medical Translation

FIGURE 6. Error Analysis of Translation Models for Medical Terms to the
Proposed Model
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model

Table 4 presents the evaluation results for English-to-Tamil translations from the MIDAS-NMT-
English-Tamil Medical Parallel Corpus. It includes medical sentences translated using a transformer-
based NMT model, assessing translation accuracy, fluency, and cultural fidelity. FEach translation is
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TABLE 4. Evaluation of English-to-Tamil Medical Translations Using
MIDAS-NMT-English-Tamil Medical Parallel Corpus

English Text Tamil Translation T‘Xiréilf;é;n Fluency (;‘lil(izlfii?/l
Hypertension is a condition | Wy TS I(WSHSHLD High Fluent High
where the blood pressure in | 6T60TLIG BFLOLIS6Tl6L @T&H5
the arteries is persistently | (D& SHLD QEHTLIHS
high. AH&HINMTS @ HSHGSLD
Bl6em 6V WM LD.
Cystic fibrosis is a genetic | SFl6NVIq & SEOULINCTT&H6erv High Fluent High
disorder that causes severe | 6T60TLI&I  QBEHS  LOMMILD
damage to the lungs and di- | 8376v0r LDETOTL V&S MG Gl
gestive system. CGrFzld gHUBSSID 6
yUsol LNenp Blemev.
Cancer treatments can in- | L|MMIGHITUI A5 FensHeT High Fluent High
clude surgery, chemother- | |MI6m6L PR GG,
apy, and radiation therapy. | G&GLMTH LI, LDMHMILD
HHFWES FREFHm6T
2 GTemL &8 (LPLQU]LD.
The patient needs to avoid | 2 UNfledT FFH&HMT | 6Tem6l Moderate Somewhat Fluent | Moderate
sugary foods to manage di- | FFM&H S 6085 WLITEIT6Y LD
abetes effectively. Gmmuwlmerf] FI&HHOTH
Q&TLLILY _600T6)| & 60) 61T
i s Ceuevor(hLD.
Vaccines are essential for | QUITSI6UTSH LOM&r High Fluent High
preventing infectious dis- | GBTUI&HEM6TS
eases. 5H&HGLD SO\ &I
T WIDMGSLD.
Arthritis is characterized | Q7SS 6MTIQ 6N High Fluent
by joint pain and swelling. | 6T60TLISI Fal_(h 6ued
DMHMILD ¥ 6:55m5
MWIDTSEGH M.

evaluated based on its correctness, linguistic smoothness, and cultural relevance in the Tamil-speaking
medical context. These metrics help ensure that translations are not only linguistically accurate but also
contextually appropriate for healthcare settings.

4.4. Limitations. Despite the strong performance of the proposed model, certain limitations remain.
The training process relies on a relatively limited domain-specific parallel corpus, which may restrict
generalization to rare or newly emerging medical terminology. Additionally, the use of transformer
architecture with contextual embeddings introduces higher computational and memory requirements,
potentially limiting deployment in resource-constrained clinical environments. Furthermore, the reliance
on curated bilingual medical dictionaries may pose scalability challenges across broader medical sub-
domains. Future work will focus on expanding corpora, optimizing model efficiency, and automating
terminology acquisition.

5. Conclusion. In conclusion, our research demonstrates the effectiveness of the proposed transformer-
based NMT model for English-to-Tamil medical translations, achieving remarkable improvements in
accuracy, fluency, and cultural fidelity. The model, which leverages the MIDAS-NMT-English-Tamil
Medical Parallel Corpus and context-sensitive adaptations, significantly enhances translation accuracy,
with evaluations indicating a substantial improvement over existing systems. The automatic and human-
based evaluations show that the model consistently delivers high-quality translations, with a notable 36%
enhancement in accuracy compared to conventional tools like Google Translate. This research sets a new
standard for domain-specific NMT in low-resource languages, offering a reliable solution for the accurate
and culturally appropriate translation of critical medical information.
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