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Abstract
With the rapid advancement of technology, machine translation has been increasingly applied in the field of medical translation. As the foundational text of Traditional Chinese Medicine (TCM), the Huangdi Neijing plays a critical role in shaping TCM theory and clinical practice. This study focuses on the translation of four-character terms in the Huangdi Neijing and compares the translation quality between human and machine translation. A mixed-methods approach, incorporating both qualitative and quantitative analysis, was employed. A total of 463 samples were selected, and four mainstream translation engines—Youdao, DeepL, ChatGPT-4o, and DeepSeek—were utilized via the YiCAT platform to generate machine translations.By analyzing BLEU and TER scores to evaluate the outputs against human translations, it was found that ChatGPT-4o achieved the best overall performance. Specifically, ChatGPT-4o recorded the highest BLEU score of 0.6, indicating the greatest similarity to human translation, and the lowest TER score of 0.99, suggesting the fewest errors. Despite these advancements, machine translation still faces notable limitations in the translation of TCM texts. Human translation continues to outperform machine translation, particularly in terms of semantic accuracy and the preservation of cultural nuances in medical discourse.
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1. Introduction
The global spread of Traditional Chinese Medicine (TCM) has grown quickly in recent years. This is because of China’s “Health Silk Road” plan under its Belt and Road project and because more people worldwide want alternative healthcare options. Because TCM is now part of many countries’ healthcare systems, sharing its core ideas clearly across cultures has become a key goal and a challenge for experts.
[bookmark: _Toc195189998][bookmark: _Toc195109177][bookmark: _Toc869533455]Translating medical terms have special challenges that show the bigger problems in connecting Chinese medical ideas with Western science. The Huangdi Neijing, one of the founders of traditional Chinese medicine, is of great research significance. The rich TCM theoretical and practical knowledge in it is really worth digging into. In Chinese medicine, terms with four characters are often used. Three-character terms are shorter but don’t explain the full idea. Five-character terms are too long and not as clear as four-character terms. Four-character terms also mix level and rising tones in speech, showing the special rhythm and musical sound of Chinese. Chinese medicine has developed over thousands of years. The four-character terms in TCM have evolved and developed over millennia, embodying a flexible and comprehensive representation of the effects of Chinese medicine on the human body, and also reflecting the profound depth of Chinese language and culture.This study focuses on four-character terms rather than other forms (e.g., three-character or five-character terms) in Huangdi Neijing.
As large data models keep learning from human knowledge, AI skills are improving in many areas, like medical term translation. Machine translation systems have improved a lot in general medical translation (Wang & Xie, 2023), but they still struggle with TCM terms linked to culture. Recent studies found three main problems: terms translated differently in different systems, losing symbolic meanings, and poor handling of context (Tian, 2024; Zhu et al., 2023). These problems get bigger in old texts like Huangdi Neijing, which uses old Chinese language rules and references to other texts that need experts to explain their history and language. Though researchers study TCM translation more now, there’s not enough real-world comparisons between human and machine methods for four-character terms – a big gap since they’re common in old texts. This study compares human and machine translations of Huangdi Neijing, looking at how they handle the dense language and deep cultural ideas built into four-character terms.
The study aims to answer the following two questions: 
1) What are the linguistic and cultural characteristics of the four-character terms in Huangdi Neijing?
2) What are the main differences between the human and machine translations of these terms?
[bookmark: _Toc1820212839][bookmark: _Toc195109181][bookmark: _Toc195190002]2. Literature Review
Current scholarship has primarily examined three interrelated areas: MT studies, and specifically the translation of medicine and Huangdi Neijing. Artificial Intelligence has improved machine translation a lot, making translations more accurate and natural (Wang & Xie, 2023). Combining large language models and natural language processing (NLP) has helped handle small details in context and create useful translations. Machine translation tries to match the original text as closely as possible. But even with these improvements, machine translation still has problems, especially with complicated sentences, unclear meanings, and multiple descriptions. This often leads to mistakes like using wrong terms or translating information incorrectly, mostly because the system sticks too closely to the original text (Yang, 2025).
[bookmark: _Toc195190003][bookmark: _Toc195109182][bookmark: _Toc1412633558]And machine translation still deals with ongoing problems. A big issue is inconsistent terms, where technical words aren’t standardized across different uses (Tian, 2024). This can confuse readers, especially in fields like medicine or engineering. Another problem is literal translations, which often don’t work well because machines lack cultural or situational knowledge (Zhu et al., 2023). For example, idioms or metaphors might lose their real meaning. Also, translated texts often have wrong facts or repeat unnecessary details (Cheng, 2021).
With today’s advanced AI models, studies point to problems that still need fixing. These include not fully understanding how the models work, no shared standards for testing them, and needing to explore more how understanding connects to how well they perform (Che et al., 2023). These problems show that we need to improve machine translation tools further, especially in areas like medicine where translations need to be very precise and accurate.
Medical term translation is a very specific field needing exact wording, cultural awareness, and context understanding. Medical terms are often technical and depend heavily on their situation. Translators need deep knowledge of both languages and the medical field itself. Getting these terms right is vital, because mistakes can cause serious problems in healthcare. For example, words with multiple meanings are a big challenge. A single medical term might have different meanings based on the context. Picking the correct one needs not just language skills but also medical expertise (Randhawa, 2013). Also, metaphors and subtle medical phrases are common in texts. Translating them well requires understanding both the original and target cultures deeply.Now some scholars have made research on the translation of medical terms, especially machine translation, to ensure the consistency of machine translation of medical terms(Richard & Lena, 2023).
[bookmark: _Toc195190004][bookmark: _Toc195109183][bookmark: _Toc1700491721]Machine translation is now used more for medical texts and has many benefits. A major strength is its ability to use vast knowledge bases and create translations that fit the audience’s needs (Noll et al., 2023; Merx et al., 2024). These systems can quickly handle huge amounts of medical information, helping healthcare workers get fast results. But even with these benefits, machine translation still struggles to correctly understand complex medical terms, especially words with multiple meanings, metaphors, and cultural phrases.
To fix these problems, studies suggest mixing human skills with machine translation.Useful methods are editing translations and using medical-focused databases to improve term accuracy and cultural fit. Machine translation works well for basic medical terms, but tricky or detailed terms still need human help (Zhang & Yang, 2024). Human translators add cultural and situational knowledge machines don’t have yet, making sure translations are correct and culturally suitable.
The Huangdi Neijing is a key text in Traditional Chinese Medicine (TCM). More researchers are now studying its translation. Earlier, they focused on matching words. Now they look at how to share culture and context. Today, the Huangdi Neijing’s value comes from combining science, theory, culture, and medical practice. This makes it hard to translate (Wang, 2024). Some experts have studied its English translations, looking at ways to share its deep cultural and philosophical ideas worldwide (Zhao & Shi, 2025).
But few studies look at models for translating old Chinese texts. Research on translating ancient TCM works is even rarer. TCM’s specialized ideas make it hard, leading to poor translations, awkward wording, and unclear meanings (Song, 2024). These problems are bigger for Huangdi Neijing, which has many technical terms, cultural ideas, and old writing styles that don’t translate easily.
Translating Huangdi Neijing faces big challenges. First, many TCM terms don’t match words in other languages. Translators must invent new terms or use long explanations. Also, TCM ideas are tied to Chinese culture and philosophy. Translating these ideas needs deep knowledge of both Chinese and other cultures. Another thing, the text has a poetic style and rhythm that are hard to keep in translation. But classical Chinese grammar is complex, making this hard for both humans and machines.
Machine translation struggles with Huangdi Neijing for a few reasons. First, unclear meanings and phrases with hidden meanings—like words with multiple meanings or metaphors—are hard for machines because they don’t understand the context well. Also, there’s not enough good Chinese-English data for training TCM translation tools. This makes it hard for machines to create smooth and correct translations of old TCM texts. Another problem is classical Chinese’s complex grammar rules. Machines often can’t handle these rules, causing mistakes in translations.
But most studies focus on TCM translation theories, the existing studies on translating Huangdi Neijing are rare. To fix this issue, this study compares human and machine translations of four-character terms. Using both number-based and detailed analysis, it wants to find what machines do well and where they struggle with TCM terms. The study also creates ways to improve machine translations through editing. Finally, it aims to help people better understand TCM translation in theory and practice.
[bookmark: _Toc1451980571][bookmark: _Toc195109184][bookmark: _Toc195190005]3. Methods
[bookmark: _Toc27411139][bookmark: _Toc8315][bookmark: _Toc28725][bookmark: _Toc24429][bookmark: _Toc22520][bookmark: _Toc281161844][bookmark: _Toc14897][bookmark: _Toc22435][bookmark: _Toc1580775936][bookmark: _Toc195109185][bookmark: _Toc195190006]This study uses two research methods together—detailed analysis and number-based analysis—to compare human and machine translations of medical terms. Using both methods gives better results. Detailed analysis helps explore deeper reasons behind translation choices, while number-based analysis uses large data and stats to check patterns. Combining these methods makes the study more reliable and accurate. Combining these methods allows a detailed study. This works well for fields that mix areas like TCM translation, where both correct language and cultural meaning need to be carefully checked. The study tests how well machine translation works for four-character terms from Huangdi Neijing, looking at whether they are translated correctly and keep their cultural meaning. By using number-based scores and detailed analysis together, the research shows what machine translation does well and where it struggles with special TCM terms.
Sampling 
[bookmark: _Toc1580959315][bookmark: _Toc195190007][bookmark: _Toc195109186]This study selected samples from the Chinese-English Dictionary of Common Terms in Huangdi Neijing (2022). There are several reasons behind it. Firstly, aligning classical Chinese with English translations is a time-consuming and labor-intensive task for the current author. Secondly, the dictionary adopts international translation standards and incorporates numerous classic translation of Huangdi Neijing, making it highly representative both domestically and internationally.Thirdly, other English translations of the original text of the Huangdi Neijing reflect earlier linguistic conventions.
The dictionary includes 463 four-character terms. We picked these 463 four-character terms as samples because the book has many terms of different lengths—from one character to seven or eight characters. Studying all of them would take too much time and work. Also, as noted earlier, four-character terms are chosen because they carry the most meaning clearly compared to shorter or longer terms. They also have a rhythm and musical sound in Chinese, with balanced tone patterns.
Translation Tools
The study used YiCAT, an online translation tool that combines different machine translation tools and is easy to use. YiCAT can handle large batches of terms and keeps their original formatting, which made translating faster. The tool includes popular translation engines like Youdao, DeepL, ChatGPT-4o, and DeepSeek. These were picked because they are widely trusted. Youdao is popular for Chinese-English translations, especially for everyday and technical texts. DeepL is known for accurate and smooth translations in many languages, so professionals often use it. ChatGPT-4o, a top AI model, understands context well and creates fitting translations. Lastly, DeepSeek, a newer tool, was added to see how recent AI advances work for translations.
[bookmark: _Toc195190008][bookmark: _Toc195109187][bookmark: _Toc368042874]Although YiCAT platform is capable of handling different file types, it struggles with specialized settings for old texts like Huangdi Neijing, where translating with proper context is hard. Even with these issues, YiCAT’s ability to combine different translation tools made them useful for this study. By using six tools, the research tests both well-known and newer technologies to see how well they handle special TCM terms.
Data Collection Procedures
The data collection process began with the extraction of four-character terms from the Chinese-English Dictionary of Common Terms in Huangdi Neijing (2022). This dictionary selects the terms from the classic translations of Huangdi Neijing and the international standards. Then, through our subsequent manual operation, we extract the four-character terms separately and convert them into txt files.When the terms were extracted, they were input into the YiCAT translation platform, which integrates multiple MT engines.This thesis used Youdao, DeepL, and ChatGPT-4o, Deepseek and to generate English translations. The English equivalents provided in the dictionary served as the human reference standard for evaluating the MT outputs.
[bookmark: _Toc195109188][bookmark: _Toc195190009][bookmark: _Toc943679958]Data Analyses Procedures 
The analysis of the translation outputs was conducted using a combination of quantitative and qualitative methods. For numbers, the study used BLEU scores to check machine translation accuracy. This method works by checking how many word groups (like pairs or triplets) match between machine translations and human-made translations. Higher BLEU scores (from 0 to 1) mean the machine output matches the human reference better, showing higher accuracy. BLEU is good for testing word and grammar accuracy because it focuses on how closely words and phrases match the original.
And the study used TER (Translation Edit Rate) to check how smooth the translations were. TER works by counting how many changes—like adding, removing, replacing, or moving words—are needed to make the machine translation match the human version. A lower TER score means the translation flows better. TER helps test sentence flow and grammar because it shows how much work is needed to fix the machine output to match the human reference in readability and correct grammar.
BLEU and TER check translation quality in different ways. BLEU tests accuracy by seeing how well words and phrases match the human translation. TER tests fluency by seeing how close the grammar and readability are to the human version.
Qualitatively, the study focused on identifying and categorizing errors in the machine translations. These errors were grouped into three main categories: terminology inconsistency, cultural misinterpretation, and grammatical fluency. Terminology inconsistency refers to mismatches in specialized TCM terms, such as the mistranslation of “阴阳” as “Yin-Yang” without considering its context-specific medical implications. Cultural misinterpretation involves the loss of philosophical or cultural connotations, such as rendering “天人相应” literally as “heaven-human correspondence” without explaining its holistic medical significance. Grammatical fluency errors pertain to structural issues in the translations, such as misplaced modifiers or awkward phrasing.
The study used a Python script to automatically calculate BLEU and TER scores, which saved time and reduced errors. For the detailed error checks, two TCM experts checked the translations by hand, sorting mistakes into categories. If they disagreed on a mistake, they talked it out to agree on the final results. Using both methods gave a full picture of how well machine translation handles the tricky language and culture in Huangdi Neijing.
[bookmark: _Toc195109189][bookmark: _Toc195190010][bookmark: _Toc1262321011]4. Results and Discussion
[bookmark: _Toc195190011]4.1 Results
The study checked machine translation quality using BLEU and TER scores. BLEU checks how many word groups match between machine and human translations. Scores go from 0 to 1. Higher BLEU scores mean better word matches. TER counts changes like adding, removing, or swapping words needed to fix machine translations. Lower TER scores mean smoother sentences with better grammar. Together, BLEU checks word accuracy, and TER checks how smooth sentences read. Table 1 shows score differences between translation tools and AI models.
Table 1 BLEU scores and TER scores 
	Translation systems
	BLEU scores
	TER scores

	Youdao
	0.46
	1.26

	DeepL
	0.57
	1.18

	ChatGPT-4o
	0.60
	0.99

	Deepseek V3
	0.60
	1.01



[bookmark: _Toc838283164][bookmark: _Toc195109190][bookmark: _Toc195190012]The BLEU and TER scores for the four translation tools show clear differences. Youdao scores 0.46 in BLEU and 1.26 in TER. This shows Youdao’s translations don’t match the human references well and need many edits. This happens because Youdao uses literal translations and doesn’t handle TCM terms well.DeepL does a bit better, with a BLEU score of 0.57 and TER of 1.18. Though it translates words more accurately, the high TER score shows grammar and sentence structure problems, especially with old Chinese structures and cultural details.DeepSeek and ChatGPT-4o perform better. DeepSeek scores 0.6 (BLEU) and 1.01 (TER). ChatGPT-4o scores 0.6 (BLEU) and 0.99 (TER). Both handle TCM terms better and produce smoother translations. ChatGPT-4o needs slightly fewer edits, likely because its advanced AI understands context and culture better.
[bookmark: _Toc195190013][bookmark: _Toc195109191][bookmark: _Toc1532413028]4.2 Discussion
[bookmark: _Toc195190014][bookmark: _Toc494383125][bookmark: _Toc195109192]4.2.1 The Linguistic and Cultural Characteristics of the Four-Character Terms in Huangdi Neijing
The four-character terms in Huangdi Neijing exhibit unique linguistic and cultural traits. Linguistically, they are highly condensed, often relying on metaphors and classical syntax. Culturally, these terms are rooted in TCM philosophy. Machine translationsstruggle to capture these nuances due to a lack of contextual and cultural awareness, often producing literal but incomplete interpretations. At the linguistic level, machine translation struggles to accurately render the deeper meanings or variant Chinese character in TCM four-character terms, often only translating their surface-level meaning. At the cultural level, machine translation may misinterpret or fail to grasp the intended references to human organs, physiological functions, or TCM cultural concepts embedded in these terms due to insufficient training in TCM knowledge. As a result, the translated outputs are often unsatisfactory.
4.2.2 The Main Differences Between the Human and Machine Translations of the Four-character Terms in Huangdi Neijing
Looking at BLEU and TER scores together helps explain translation quality. If BLEU is high and TER is low, the translation uses correct words and reads smoothly. If BLEU is high but TER is also high, the words match but the sentences sound awkward and need manual fixing. If BLEU is low and TER is low, the translation flows well but uses wrong terms. If both BLEU and TER are low, the translation is both wrong and hard to read, often because it’s overly literal or broken into pieces.
[bookmark: _Toc195109193][bookmark: _Toc482951632]The scores show ChatGPT-4o comes out as the best model. It scores 0.6 in BLEU (word accuracy) and 0.99 in TER (smoothness), meaning it keeps terms consistent and handles cultural details better than others. This makes it good for translating TCM texts. Youdao, however, does the worst—low BLEU (0.46) and high TER (1.26)—meaning its translations use wrong words and sound awkward.This happens because Youdao relies too much on word-for-word translations and isn’t trained enough on medical terms.
When translating four-character terms from Huangdi Neijing, humans and machines work very differently. For language: humans change phrases to fit meanings and handle old Chinese grammar better.For example, humans translate “调和” as “Harmonization”, but machines stick to word-for-word versions like “Balance”. Machines also often choose less accurate words because they don’t know enough about medicine.For culture: humans change terms to match TCM ideas. For example, “天人相应” becomes “Unity of Heaven and Human” in human translations. Machines give direct translations like “Correspondence between Heaven and Human” and miss the deeper ideas.
4.2.2.1 Differences at Linguistic Level
TCM four-character terms tend to employ variant Chinese characters or polysemous expressions, which may pose comprehension challenges for machine translation systems. The following examples detail the differences of the semantic meanings between human and machine translation.
Example 1
Source Text:五色命藏
Human Translation: Five complexions serve to identify the viscera
GPT-4o Translation:The five colors correspond to the organ
DeepSeek Translation: The five colors correspond to the organ
Youdao Translation: Five color live hidden
DeepL Translation: The five colors of live
“The Five Diagnostic Complexions” (五色命藏 wǔ sè mìng zàng) is a key idea in Traditional Chinese Medicine (TCM) diagnosis, first written in Huangdi Neijing. This method looks at five skin colors (blue, red, yellow, white, and black) on the face or body to check the health and problems of the five main organs (liver, heart, spleen, lungs, kidneys). When translating, “五色” should be “complexions” instead of “colors” to show it’s about observing patients, not just colors. “命藏” is best translated as “viscera identification” (not “life storage”), and using “viscera” instead of “organs” helps keep the TCM system accurate.
Example 2
Source Text:二十五人
Human Translation: 25 types of people (referring to 25 constitutions in TCM)
GPT-4o Translation: 25 people
DeepSeek Translation: 25 people
Youdao Translation: 25 people
DeepL Translation: 25
“Twenty-Five Constitutional Types (二十五人)” represents a foundational model in TCM constitutional theory. This framework systematically classifies human physiological, psychological, and pathological patterns through a hierarchical system integrating the Five Elements (五行) with the Five Tones (五音). The term should be understood as referring to “25 types of people” rather than literally “25 people”. Therefore, the appropriate translation is “types of constitution” or “constitutional types”, never the literal “25 people”.
Example 3​​
​​Source Text:心部于表
​​Human Translation: Heart governs the surface
​​GPT-4o Translation: The heart is located on the exterior
​​DeepSeek Translation: The heart governs the exterior
​​DeepL Translation: Heart at the surface (of the brain)
​​Youdao Translation: The heart is on the table
[bookmark: _Toc195109194][bookmark: _Toc1627377011]The study found big differences in how human and machine translations handle the TCM term “心部于表” (xīn bù yú biǎo). Human translators correctly rendered it as “Heart governs the surface”, using “governs” to show the heart’s role in controlling body functions and “surface” to mean visible symptoms like skin or pulse changes. Machines struggled badly. DeepSeek’s “The heart governs the exterior” came close but used “exterior”, which is too vague for medical use. ChatGPT-4o’s “The heart is located on the exterior” mistakenly treated it as a physical position, not a functional role. DeepL made it worse by adding “(of the brain)”, which has nothing to do with TCM. Youdao’s “The heart is on the table” was completely wrong, missing both the medical meaning and common sense. These mistakes show that translating TCM terms needs deep understanding of medical ideas, not just word-for-word conversion. Human translations stay the best because they balance accurate terms and real medical meaning.
4.2.2.2 Differences at Cultural Level
At the cultural level, TCM four-character terms frequently employ functional metaphors of human organs to denote specific anatomical structures, or establish pathological definitions based on the theories of Yin-Yang, Five Elements, and Five Tones-Six Pitches.These culturally embedded conceptual frameworks often elude the comprehension of machine translation systems
Example 4
Source Text:下实上虚
Human Translation: Lower excess and upper deficiency
GPT-4o Translation: Fullness below and empty above
DeepSeek Translation: Excess below and deficiency above
Youdao Translation: Deficiency at the bottom and excess at the top
DeepL Translation: Lower part of the body is solid, upper part empty
The TCM term “下实上虚” means an imbalance of qi and blood between the upper and lower body. “下实” (lower excess) means too much active or built-up qi in the lower body (waist, belly, legs). “上虚” (upper deficiency) means not enough healthy qi in the upper body (head, face, heart, lungs). This imbalance shows a problem with the rising and falling flow of qi, called in Huangdi Neijing “clear qi sinking down while dirty qi rises up”.
The terms exactly explain that the lower body has more qi than needed (so “excess” instead of “full”), while the upper body lacks qi (“deficiency” instead of “empty”). This is about balance in the body’s systems, not total presence or absence. Words like “upper” and “lower” refer to body areas (upper/lower body), not positions like “top/bottom”. This careful wording keeps the medical meaning accurate by focusing on how qi is spread in the body, not exact amounts.
Example 5
Source Text:传道之府
Human Translation: transmission organ
GPT-4o Translation: the organ of transmission
DeepSeek Translation: the organ of transmission
DeepL Translation: the house of preaches
Youdao Translation: house of missionaries
In Traditional Chinese Medicine (TCM), the term “传道之府” is translated as “transmission organ” to explain its role in TCM’s ideas. “Transmission” means it actively collects and moves waste from the small intestine. “Organ” labels it as one of TCM’s six fu-organs. This matches how Huangdi Neijing describes it working through movement and change, not fixed body parts like in Western medicine. The translation keeps TCM’s focus on how parts of the body work together, not their shape. Using “transmission organ” instead of direct translations like “house of conveyance” makes it useful for real medical practice and keeps TCM’s ideas clear.
Example 6
Source Text:众之为人
Human Translation: people of the general yu tone
GPT-4o Translation: the making of a person
DeepSeek Translation: the Nature of the Masses
DeepL Translation: once a man is a man
Youdao Translation: All are human
[bookmark: _Toc195109195][bookmark: _Toc195190015][bookmark: _Toc973695685]The term “众之为人” describes a body type in Traditional Chinese Medicine (TCM). It is part of the Water group in the “25 Body Types” list from the Ling Shu (a key TCM text). This term refers to the most common type in the Yu-tone group, linked to a calm, water-like personality.
The translation “people of the general Yu tone” correctly explains its medical meaning as a body type system tied to the five-tone theory. This avoids direct translations like “once man is a man”, which miss the medical ideas. This term shows TCM’s detailed personality system, where body types were sorted based on music tones, elements (like water), and yin-yang ideas. The right translation keeps the original ideas and real medical use in TCM body type checks.
5. Conclusion
This study evaluated machine translation (MT) performance on four-character terms from Huangdi Neijing across word accuracy, term consistency, and cultural fit. While advanced AI models (e.g., GPT-4o, DeepSeek) demonstrated partial competence in capturing linguistic and cultural nuances, they lagged behind human translations in precision and depth. Tools like Youdao and DeepL scored significantly lower in BLEU and higher in TER than AI models, reflecting their weaker fluency and accuracy—a gap attributed to differences in training data (e.g., medical term databases) and architectural sophistication. Pre-translation curation of domain-specific term lists could enhance MT output for classical medical texts.
The challenges stem from the inherent complexity of TCM terminology: four-character terms often encode profound medical concepts that transcend literal meanings, incorporating archaic Chinese semantics and theoretical constructs absent in modern language. MT systems frequently produce erroneous or overly literal translations due to their inability to contextualize these terms clinically, whereas human translators excel at reconciling granular and conceptual layers. Key limitations include MT’s lack of specialized TCM corpora, insensitivity to classical Chinese grammar, and context-dependence of terms. Future work should prioritize building TCM knowledge graphs and embedding theoretical frameworks into MT training to bridge this gap.
[bookmark: _Toc1684354278][bookmark: _Toc195109198][bookmark: _Toc195190018]
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