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  Abstract 

This study explores the Human-Centered AI (HCAI) translation paradigm, which 

emphasizes the central role of human translators while integrating Artificial Intel-

ligence (AI) tools as supportive elements. Using the English-to-Chinese translation 

of a popular science book as a case study, the research demonstrates how human-

AI collaboration can improve translation quality. The team utilized various AI 

tools, including the Kimi assistant for background research, Google Neural Ma-

chine Translation (NMT) for initial translation, and a Large Language Model 

(LLM) such as GPT for semantic clarification and cultural adaptation. Crucially, 

all AI-generated outputs were supervised and refined by human translators. To eval-

uate the effectiveness of the HCAI approach, a comparative analysis was conducted 

between two versions: one produced under the HCAI model (experimental group) 

and one generated solely by machine translation (control group). Translation qual-

ity was assessed through manual evaluation—focusing on fidelity, fluency, and ac-

curacy—and automatic evaluation using ROUGE metrics. Results from both meth-

ods indicate that the HCAI model produced translations that were significantly 

more accurate, coherent, and culturally appropriate. These findings highlight the 

value of human oversight in ensuring translation quality and suggest that the HCAI 

paradigm offers an effective and scalable model for translating complex, domain-

specific texts such as popular science. 

Keywords 

Human-Centered AI; Machine Translation; Translation Quality; Human-AI Collab-

oration 

 

1. Introduction 

In recent years, Artificial Intelligence (AI) tools have advanced rapidly and become widely used in the translation 

industry, with a shift toward human-centered AI (HCAI) that aims to augment rather than replace human capabilities 

by aligning with human needs, values, and skills. (Interaction Design Foundation - IxDF, 2024). 

This paper draws on a real book translation project in which the author applied the HCAI translation model. AI 

tools were used throughout the process under the full oversight of human translators, enabling the successful transla-

tion of a popular science book. The study investigates how the HCAI model affects translation quality through both 

qualitative and quantitative analyses, aiming to offer practical guidance on integrating AI into individual and collab-

orative translation work. It also explores how to harness AI’s growing influence to positively enhance human capa-

bilities. 
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2. Literature Review 

In recent years, AI has become deeply integrated into the field of translation, significantly transforming the workflow 

of translators and the quality of translated texts, particularly in book translation projects. The domain of popular 

science translation has seen notable progress (Cui, 2015), with AI tools such as neural machine translation (NMT) 

engines—Google Translate, DeepL Translate, and Youdao—improving translation accuracy and fluency through 

context-aware processing of complex sentence structures. These advancements are further strengthened by large lan-

guage models like ChatGPT, which have demonstrated the capacity to simulate certain aspects of human translation, 

offering high coherence and originality in generated texts (Wang, 2024; Quintans, 2023). 

Beyond translation engines, AI-driven search and retrieval tools are also gaining traction. For instance, Ding Ziran 

(2024) notes the emergence of Metaso.cn, a Transformer-based Chinese language model offering intelligent infor-

mation retrieval that aids translators in identifying relevant terminology and contextual references. Collectively, these 

developments underscore a broader shift toward AI-assisted translation processes that enhance efficiency and preci-

sion. However, this evolution also calls for a reassessment of the human role in the translation process. 

The HCAI translation model emerges in response to these shifts, advocating for the augmentation—not replace-

ment—of human translators. Unlike earlier paradigms of human-assisted or machine-assisted translation, the HCAI 

model emphasizes human agency, creativity, and oversight throughout the translation process. Scholars such as Mas-

sey (2023), Shneiderman (2020), and O’Brien Sharon (2024) argue that the value of human translators lies in their 

capacity for cultural interpretation, ethical judgment, and contextual nuance. The model positions AI as a supportive 

tool that operates within a human-centered workflow, thereby fostering collaboration rather than subordination. 

This conceptualization also has important implications for evaluating translation outcomes. Translation quality has 

long been a central concern in both theory and practice. From classical principles like Yan Fu’s “faithfulness, expres-

siveness, and elegance” to more systematic models like House’s Translation Quality Assessment (TQA), the field 

has evolved to incorporate both human and machine-assisted evaluation metrics. (He, 2008) Contemporary frame-

works such as the Multidimensional Quality Metrics (MQM) system reflect this shift, integrating customizable cri-

teria for assessing translation quality across various dimensions (Tian, 2020). 

In the context of AI-assisted translation, especially for publishing-quality texts such as popular science books, 

ensuring high translation quality is critical. Zhang Xiaojun (2021) emphasizes that credible quality assessment can 

identify and correct errors in machine-generated translations, safeguarding the final product. As Wang Junsong (2024) 

affirms, TQA remains a foundational concern in translation studies, particularly when evaluating new collaborative 

models such as HCAI. 

In summary, the integration of AI into translation has created opportunities for increased efficiency and accuracy. 

Yet, it also necessitates a reconfiguration of the translator’s role. (Sun, 2020) The HCAI model offers a promising 

framework that centers human expertise while leveraging AI’s computational strengths. To ensure its effectiveness, 

robust translation quality assessment remains essential—both as a tool for evaluation and as a means of legitimizing 

the human-AI collaborative paradigm. 

3. Application of the HCAI Model 

This research is based on a popular science book translation project from English to Chinese. The project required 

conveying complex scientific ideas in clear, accessible language for a general audience. Given the translators’ limited 

background in physics, the team undertook systematic subject learning to ensure accuracy. To meet high-quality 

standards within a tight schedule, the HCAI translation model was adopted, combining human expertise with AI tools 

to enhance efficiency and maintain readability. The team delivered the full translation—over 100,000 words—on 

time through coordinated efforts and iterative review. 

3.1 Description of the Translation Process 

AI tools were integrated throughout the translation process, with human translators ensuring oversight and quality 

control. In the pre-translation phase, OCR converted PDFs to editable formats, while AI-assisted tools like Kimi and 

Metaso.cn supported subject research. YiCat facilitated workflow setup, engine selection, and source text manage-

ment. During production, Google NMT generated initial drafts within YiCat, followed by human post-editing, peer 

review, and expert feedback. AI tools aided terminology clarification, while ChatGPT helped interpret ambiguous 
content and refine language for clarity and cultural appropriateness. In the post-translation phase, the team performed 
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final formatting, layout adjustments, and client revisions. Terminology extraction using LingoSail TermBox helped 

build a curated database for future use. Overall, AI significantly enhanced efficiency, consistency, and quality, with 

human expertise guiding the process at every stage. 

3.2 The HCAI Model Constructed through the Process 

The implementation of this translation project led to the practical formation of the HCAI translation model, which 

places human translators at the core of the workflow while leveraging AI tools as supportive assistants. 

Throughout the process, AI was not treated as an autonomous decision-maker but as a set of instruments deployed 

under human guidance. Translators actively controlled how, when, and to what extent AI tools were applied, ensuring 

that translation accuracy, fluency, and audience relevance were consistently maintained. The model constructed is as 

shown in Figure 1. 

 

Figure 1. The HCAI Model Adopted by the Team. 

The model was developed by strategically integrating AI across the translation workflow under a HCAI approach. 

In the initial phase, deep learning-powered OCR converted PDFs into editable formats, streamlining text preparation 

while human translators proofread for accuracy and formatting (Feng, 2023). Tools like Kimi assisted with technical 

research, but translators directed the inquiry and clarified ambiguous content. 

During production, YiCat’s NMT generated drafts, which were refined by human translators. Large Language 

Models such as ChatGPT and Qwen supported expression, tone, and clarity, guided by translator-defined prompts 

(Sun, 2023). AI enhanced consistency, while humans ensured contextual accuracy. 

For terminology, LingoSail TermBox identified domain-specific terms, which were manually reviewed to build a 

curated termbase. YiCat also supported project management with collaboration tools and translation memory. 

Overall, this structured integration of AI—with translators maintaining control at all stages—demonstrated the 

effectiveness of the HCAI model in combining technological efficiency with human expertise and judgment (Tallón, 

2023). 

4. Translation Quality Assessment 

Translation is a complex, interdisciplinary practice that requires more than language conversion—it demands fidelity, 

fluency, cultural sensitivity, and contextual accuracy. Translation Quality Assessment (TQA) is essential to ensuring 

high standards and process consistency. In Chinese translation studies, TQA plays a vital role in advancing theory 

and pedagogy (Qu, 2019). In this project, TQA is used to evaluate the effectiveness of the HCAI model in enhancing 

popular science translation. 

4.1 Evaluation of the HCAI Model 

The experiment compares the quality of translations produced under two different translation modes. Firstly, the 

HCAI mode is described above. Secondly, translations are produced entirely by a machine translation engine. The 

original text employed for this study is the popular science book presented earlier in the article. The objective of this 

study is to ascertain the impact of the HCAI translation mode on the quality of the translations produced. The specific 
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translation production processes for the two modes shown in Figure 2. 

 

Figure 2. Framework for Evaluating the HCAI Translation Model. 

To assess translation quality under the HCAI model, this study uses both manual and automatic evaluation, fol-

lowing China Quality Association standards. Each method offers distinct strengths—manual evaluation provides 

depth, while automatic methods offer speed and consistency. 

Manual evaluation includes ranking and scoring. Ranking orders translations by quality without detailed analysis, 

requiring multiple evaluators. Scoring, often based on the Multidimensional Quality Metrics (MQM) framework, 

categorizes errors and allows task-specific customization, offering transparency and precision. 

Automatic evaluation includes reference-based metrics such as BLEU, TER, and ROUGE. ROUGE is favored for 

its efficiency and improved semantic accuracy, now capable of recognizing synonyms and adapting to specific tasks 

(Markert & Martschat, 2017; Lin, 2004; Wang, 2024). 

Given their complementary advantages, both methods are applied: MQM is used to identify strengths and weak-

nesses in HCAI-assisted translations, while ROUGE quantifies their quality against purely machine-generated out-

puts. This dual approach ensures a comprehensive, accurate, and reliable evaluation. 

4.2 Specification of the Evaluation Process 

4.2.1 MQM Evaluation Procedure 

The evaluation begins with a general comparison between HCAI-generated translations and traditional machine trans-

lations. From this comparison, representative texts are selected for detailed analysis using MQM. Five dimensions 

from MQM’s top-level structure are employed: 

Fluency: Assesses readability and grammatical correctness in the target language. 

Accuracy: Evaluates the fidelity of the translation in conveying source content, logic, and data. 

Style: Examines whether the translation aligns with the tone and stylistic conventions of popular science texts. 

Terminology: Focuses on the correct and consistent use of professional terms (Sanz & López, 2023; Hacken & 

Resi, 2024). 

Verity: Considers cultural and contextual adaptation to ensure reader comprehension across linguistic backgrounds. 

Each identified error is classified into one of three severity levels: 

Minor errors: Slight issues with minimal impact on comprehension or usability. 

Major errors: Significant issues that affect understanding or misrepresent key information. 

Critical errors: Severe deviations that completely obscure the source meaning. 

These errors are scored with weights of 1, 2, and 4 respectively, and the total penalty score is calculated. The error 

rate per word and final translation score are then derived. This quantifiable scoring system allows for a structured 

and objective comparison of translation quality across models. 

4.2.2 The Usage of Rouge 

This study uses ROUGE-N, a standard NLP metric, to compare HCAI-assisted translations with those produced 

solely by MT. By measuring n-gram overlap with reference texts, ROUGE-N evaluates translation quality in terms 

of recall and precision. ROUGE-1 assesses basic vocabulary alignment through unigrams, while ROUGE-2 uses 
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bigrams to capture word order and phrase structure, helping detect fluency and readability issues. 

Table 1. The MQM Scorecard 

MQM Scorecard: Top-level Error Typology With 3 Severity Levels 

 Error Severity Levels Minor Major Critical 
Issue Type Pen-

alty Total 
 

 Severity Penalty Multipliers 1 2 4   

Issues 

type Nos 
Issues Types Error Counts 

Issue Type 

Weights 

Issues Type 

Penalty Totals 

1 Fluency    1.0  

2 Accuracy    1.0  

3 Style    1.0  

4 Terminology    1.0  

5 Verity    1.0  

     
Absolute Pen-

alty Total 
 

 Reference Word Count      

 TQ Score      

Translation Quality (TQ) score = 1 - (number of errors × penalty value × weight value) / total number of words. 
Due to the high demands of popular science and publication-level translation, the threshold of the MQM evaluation model is set at 0.95. 

 

4.2.2.1 Recall 

The recall metric measures the proportion of n-grams in the reference text that are correctly matched by the model 

output. It is calculated by dividing the number of overlapping n-grams between the candidate and reference texts by 

the total number of n-grams in the reference. This reflects how much of the relevant content from the reference is 

successfully captured in the generated translation. 

Equation (1) is the calculation formula of recall: 

Recall =                   (1) 

4.2.2.2 Precision 

Precision measures the proportion of n-grams in the generated text that correctly match those in the reference text. 

While recall focuses on how much relevant information from the reference is retrieved, precision assesses the accu-

racy of the generated content by evaluating how much of it is actually relevant. It helps address the limitation of recall 

by considering the overall quality and relevance of the model’s output. 

Equation (2) is the calculation formula of precision: 

Precision =                   (2) 

4.2.2.3 F1 Score 

The F1 score is the harmonic mean of Recall and Precision, used to evaluate the overall effectiveness of the classifi-

cation model. It is also the key indicator that can truly evaluate the performance of the model. 

Equation (3) is the calculation formula of F1 score: 

 F1 = 2( )                                    (3) 

 

reference and modelin  found grams-n ofnumber 

referencein  grams-n ofnumber 

reference and modelin  found grams-n ofnumber 

modelin  grams-n ofnumber 

recallprecision 

recallprecision +
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4.3 Results of the Evaluation 

4.3.1 Results of MQM Evaluation 

After accurate assessment and consideration, 30 paragraphs totaling 2,512 words were randomly selected from dif-

ferent chapters of the whole book. The translations produced under the HCAI mode and the MT mode were scored 

respectively from five different aspects, and the points were filled in the scoring table. The error rate was calculated 

according to the formula. The results are shown in Table 2 and Table 3: 

Table 2. Assessment Results of Translations Produced by HCAI Mode 

MQM Scorecard: Top-level Error Typology With 3 Severity Levels 

 Error Severity Levels Minor Major Critical 
Issue Type Pen-

alty Total 
 

 
Severity Penalty Multipli-

ers 
1 2 4   

Issues type 

Nos 
Issues Types Error Counts 

Issue Type 

Weights 

Issues Type Pen-

alty Totals 

1 Fluency 4 2 0 1.0 8 

2 Accuracy 2 0 0 1.0 2 

3 Style 5 1 0 1.0 7 

4 Terminology 1 1 0 1.0 3 

5 Verity 3 2 0 1.0 7 

     
Absolute Pen-

alty Total 
27 

 Reference Word Count     2512 

 TQ Score     0.983 

Table 3. Assessment Results of Translations Produced by Machine Only 

MQM Scorecard: Top-level Error Typology With 3 Severity Levels 

 Error Severity Levels Minor Major Critical 
Issue Type Pen-

alty Total 
 

 Severity Penalty Multipliers 1 2 4   

Issues type 

Nos 
Issues Types Error Counts 

Issue Type 

Weights 

Issues Type Pen-

alty Totals 

1 Fluency 8 7 4 1.0 38 

2 Accuracy 14 4 5 1.0 42 

3 Style 15 5 3 1.0 37 

4 Terminology 9 3 6 1.0 39 

5 Verity 11 6 3 1.0 35 

     
Absolute Penalty 

Total 
191 

 Reference Word Count     2512 

 TQ Score     0.924 

 

Evaluation results show that translations produced with the HCAI model outperform those from MT across key 

dimensions. HCAI outputs maintain strong accuracy, with most errors being minor and related to fluency or style. In 
contrast, MT translations suffer from major issues, particularly in accuracy and terminology. 
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HCAI translations had few major errors and no critical ones, while MT outputs showed higher rates of both. The 

overall quality score for HCAI was 0.983—above the 0.95 threshold for publishable popular science texts—whereas 

MT scored 0.924, below the acceptable standard. Qualitative analysis of sample sentences further highlights these 

differences. 

Fluency: Machine-translated texts frequently suffer from grammatical errors, incoherent phrasing, and semantic 

ambiguity, which hinder comprehension and may lead to reader misinterpretation. 

Example 1 

Source: Inside a steadily moving isolated bubble, where you have no view of, contact with, or perspective 

on the outside world, your motion is undetectable because it has no perspective-independent meaning in 

our universe. 

MT Translation: 在一个稳定移动的孤立泡泡里，你无法看到、接触或洞察外面的世界，你的运动

是无法被察觉的，因为它在我们的宇宙中没有独立于视角的意义。 

HCAI Translation: 在一个稳定移动的孤立空间内，你无法看到、接触和观察外部世界，你的运动

无法被检测到，因为你的运动没有自己的视角，也就是说，在你自己的宇宙中它没有独立的意义。 

Analysis: The HCAI translation enhances clarity by explicitly linking “it” to “your motion” and restructuring the 

sentence to reflect the intended logical relationship. Phrases such as “也就是说” provide clarification. In contrast, 

the MT output adopts a more literal rendering, resulting in ambiguous syntax and reduced fluency. 

Accuracy: Precision is crucial for popular science texts, where conceptual errors can lead to significant misunder-

standings. While the HCAI model demonstrates occasional minor inaccuracies, it substantially outperforms the MT 

model in preserving the intended meaning of the source. 

Example 2 

Source: Einstein, finding this idea compelling, spent much of his later life trying to develop it as part of 

his failed attempt to discover a successor to quantum physics. 

MT Translation: 这个想法对爱因斯坦有很强的吸引力，他晚年的大部分时间都在试图进一步研究

这个想法，以此来证明量子物理学继承者的想法，尽管他失败了。 

HCAI Translation: 爱因斯坦对这个观点兴趣浓厚，他晚年的大部分时间都在尝试深入研究这一点，

同时也在试图寻找继承量子物理学衣钵的人，却最终也没找到。 

Analysis: The MT version misinterprets the original, incorrectly suggesting Einstein aimed to validate a theory 

rather than seek a successor to quantum physics. The HCAI version, in contrast, correctly conveys the original mean-

ing, avoiding significant conceptual distortion. 

Style: Popular science texts require a tone that balances rigor with accessibility—informative yet engaging, formal 

yet approachable. Translations must preserve this tone while adapting to the target language. 

Example 3 

Source: That’s why, after telling you what we know, I’ll give you a little sense of how we came to know 

it. 

MT Translation: 因此，在告诉您我们所知道的内容之后，我会稍微告诉您我们是如何知道这些

内容的。 

HCAI Translation: 因此，知无不言，言无不尽之后，我想解释一下我们对于原子的认知是怎么

来的。 

Analysis: The HCAI model adopts the idiomatic expression “知无不言，言无不尽,” aligning better with the 

stylistic expectations of Chinese popular science writing. Its choice of “想解释一下” also maintains the tone and 

intent of the original, whereas the MT version feels mechanical and less idiomatic, resembling instructional language. 

Terminology: Consistent and accurate terminology is essential in scientific texts. In this project, the HCAI model 

consistently renders key terms, preserving technical accuracy. In contrast, the MT model exhibits inconsistent trans-

lations for identical terms, which compromises the coherence and clarity of the scientific narrative. Examples of 

terminology handling are presented in the table below, further demonstrating the HCAI model’s superiority in main-
taining domain-specific consistency. Some examples are shown in table 4: 
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Verity refers to the extent to which a translation is culturally and linguistically appropriate for the target audience 

while preserving the original meaning. In this dimension, the MT output tends to retain certain English-specific ex-

pressions and colloquialisms, which may confuse Chinese readers and fail to bridge cultural gaps. In contrast, the 

HCAI model demonstrates stronger cultural adaptability by reformulating such expressions in a way that aligns with 

Chinese linguistic norms, ensuring clarity and authenticity without distorting the original intent. 

Table 4. List of Technical Terms Processed by the Two Translation Modes 

Terminology Target text (MT) Target text (HCAI) 

isolated bubble 独立泡泡\独立空间 孤立空间 

The relatively principle 相对论/相对论原理/相对性原理 相对性原理 

empty space 空洞/空缺处/虚空 虚空 

luminiferous aether 以太/乙太/光乙太 发光以太 

Amotional 相对运动/无法运动的/绝对静止的 不动的\绝对静止的 

nightmare property 梦魇特性 让人不可思议的特征 

 

Example 4 

Source: The notions of high and low notes, or high and low pitches, are standard musical terminology 

that have entered idiomatic English, as in the sentence “She hoped to end her career on a high note.” 

MT Translation: 高音和低音或高低音调的概念是标准的音乐术语，已进入惯用英语，例如”她希

望以高调结束她的职业生涯”。 

HCAI Translation: 高音和低音的概念是标准的音乐术语，但在日常表达中，人们也会用声音高低

来打比方，比如”他说的话很刺耳”这样的表达。 

Analysis: The MT version translates idiomatic English literally, including the phrase “以高调结束她的职业生

涯,” which may appear awkward or unfamiliar in Chinese. In contrast, the HCAI translation replaces “惯用英语” 

with the more accessible “日常表达” and substitutes the idiom with a culturally relevant metaphor, “他说的话很刺

耳.” Although not a direct equivalent, this adaptation better reflects the idiomatic function of the original sentence 

and resonates more naturally with the target audience. This demonstrates the HCAI model’s superior ability to man-

age cross-cultural equivalence and enhance reader comprehension. 

4.4 The ROUGE Assessment Index 

A total of 30 paragraphs containing 5631 words were randomly selected from the original text and evaluated using 

the ROUGE metrics. The results are shown in table 5: 

Table 5. The Results of ROUGE Scores 

 Recall Precision F1 

ROUGE-1 0.53 0.32 0.3991 

ROUGE-2 0.33 0.21 0.2547 

 

The ROUGE evaluation shows that while ROUGE-1 recall (0.53) is relatively high—indicating MT captures some 

relevant content—its low precision suggests poor lexical and contextual accuracy. ROUGE-2 scores are low for both 

recall and precision, reflecting weak alignment in word order and structure. Overall, the low F1 scores highlight MT’s 

limitations in achieving semantic accuracy, fluency, and coherence compared to the HCAI benchmark. 

5. Conclusion 

This study assessed the HCAI translation model using MQM for manual evaluation and ROUGE for automated 
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analysis, comparing it with standard machine translation (MT). Results show that HCAI significantly improves trans-

lation quality, emphasizing the importance of human oversight in AI-assisted workflows. The HCAI model enhances 

human creativity, control, and confidence by positioning AI as a supportive tool across all stages—from pre-pro-

cessing to post-editing—while keeping critical decisions in human hands. This collaborative approach not only yields 

more accurate, fluent, and culturally appropriate translations but also fosters mutual development between human 

expertise and AI systems. As a promising framework for future practice, HCAI balances the strengths of both human 

and machine, though further case studies are needed. This paper contributes to its validation in popular science trans-

lation and calls for continued exploration and adoption of this emerging model. 
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