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  Abstract 
This mixed‑methods action research study evaluated an AI‑enhanced synergistic 
“English + Translation” pedagogy within a 16‑week Marine Culture course at a 
Chinese university. The intervention used an AI Teaching Assistant on the 
Chaoxing platform to operationalise three synergy axes: human‑AI, peer, and 
teacher‑student. Participants were 125 fourth‑year English majors across four intact 
classes. Quantitative data included pre‑, mid‑, and post‑course translation tests, AI 
platform logs, and Technology Acceptance Model (TAM) questionnaires. Qualita-
tive data comprised reflective journals, observations, peer feedback, teacher reflec-
tions, and interviews. Quantitative analyses showed significant improvements in 
translation performance across the three time points with moderate to large effect 
sizes. Regression analysis identified AI task completion rate as the strongest pre-
dictor of post‑course translation scores. TAM dimensions increased significantly 
with large effect sizes. Thematic analysis generated four themes: AI lowering trans-
lation initiation thresholds, peer feedback promoting metacognitive awareness, ir-
replaceability of teacher feedback, and enhanced motivation through marine cul-
tural content. The results indicate that a synergistically designed AI intervention 
substantially improves translation competence and technology acceptance while 
preserving essential human collaboration. The findings extend Kintsch’s Construc-
tion‑Integration model and collaborative learning frameworks to AI‑mediated 
translation pedagogy, providing a replicable model for integrating AI as a critical 
partner rather than a replacement. 

Keywords 
AI-assisted translation pedagogy; synergistic learning; marine culture; mixed-meth-
ods action research 

 
1. Introduction 

Existing research has demonstrated that AI-assisted tools can improve linguistic accuracy and revision frequency in 
generic writing tasks (Huang, Hew, & Dewa, 2023). However, most studies have examined AI as an isolated inter-
vention, paying little attention to how it interacts with peer collaboration and teacher guidance. Furthermore, there is 
a scarcity of empirical research on AI integration in specialised translation courses, such as those focused on marine 
culture or heritage content, where domain-specific terminology and cultural authenticity pose unique challenges. 
These gaps highlight the need for a pedagogical model that synergistically combines human AI interaction, structured 
peer work, and teacher feedback within an authentic, content-rich translation curriculum. 
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To address these gaps, the present study implemented and evaluated an AI-enhanced synergistic “English + Trans-
lation” pedagogy within a 16-week Marine Culture and Translation course at a Chinese university. The intervention 
was built upon the AI Teaching Assistant embedded in the Chaoxing Smart Teaching Platform, which provides au-
tomated translation feedback, bilingual draft generation, gamified task engines, and real-time learning analytics. The 
pedagogical model operationalised three synergy axes: human AI synergy (students comparing and revising AI-
generated drafts), peer synergy (structured group translation challenges and anonymous peer feedback), and teacher 
student synergy (instructor using AI analytics to target instruction and provide personalised comments). The study 
adopted a mixed-methods action research design over two cycles, involving 125 fourth-year English majors across 
four intact classes. Quantitative data included pre, mid, and post-course translation tests, AI platform behavioural 
logs, and pre- and post-course Technology Acceptance Model questionnaires. Qualitative data comprised student 
reflective journals, classroom observations, peer feedback records, teacher reflections, and semi-structured interviews 
with 12 purposively sampled students. 

This study contributes to the literature in two important ways. Theoretically, it extends cognitive and social theories 
of learning to AI-mediated translation pedagogy, demonstrating how Kintsch’s Construction Integration model and 
collaborative learning frameworks can be operationalised through a platform-based AI Assistant. Practically, it pro-
vides a replicable synergistic model for integrating AI into specialised content courses, offering evidence-based guid-
ance for instructors who wish to harness AI’s potential while preserving the irreplaceable roles of peer collaboration 
and teacher feedback. 

2. Literature Review 

2.1 Artificial Intelligence in Translation Pedagogy 

The integration of artificial intelligence into translation education has evolved rapidly over the past decade. Early 
studies in this area focused on computer tools that help with translation, including translation memory platforms and 
term storage libraries. These tools helped human translators by making their work more consistent and faster overall 
(Bowker, 2002). In the last few years, large language models and neural machine translation systems have grown 
popular, and this has changed how translation education is set up and taught in a big way. Some researchers have 
said that instead of seeing artificial intelligence as something dangerous for translator training, teachers should use it 
as a partner for thinking. It can help translation students get better at critical analysis and assessing different texts, 
this kind of ability (Kenny & Doherty, 2014; Yamada, 2019). 

More empirical studies have looked into how AI writing and translation tools affect how people learn a second 
language. Huang, Hew, and Dewa (2023) did a systematic meta-analysis looking at 24 different research projects, 
and they found that AI-supported writing platforms usually make learners’ language more accurate and fluent. But 
how big these effects are changes, depending on what kind of task the learner gets and how good the learner already 
is at the language. Another group of researchers, Fleckenstein, Liebenow, and Meyer (2023), analyzed 20 controlled 
experimental studies in their own multi-level meta-analysis. Their work found that automated writing feedback has 
a medium-sized overall effect on how good learners get at writing, with a g value of 0.55. Even with these positive 
results, both of these meta-analysis studies point out that relying too much on AI tools might make learners worse at 
thinking critically on their own and solving problems by themselves. This concern lines up pretty well with what 
scholars have been talking about for a long time in the area of computer-assisted language learning (Warschauer & 
Ware, 2008). 

While educational technology has made recent progress, there are surprisingly few studies that look at how artifi-
cial intelligence can fit into translation programs that focus on narrow, specialized subject areas. General AI language 
models often have trouble handling the specific terms and culture-dependent phrases that always come up in field-
specific translation work, for example, content that talks about maritime heritage and aquaculture, which is very 
different from normal general writing tasks. When there is no research-based data for these specific cases, teachers 
do not have a clear guide to follow when they decide whether AI tools help students build translation skills for that 
specific field, or what methods they should use to add these tools effectively. Most of the existing related research 
also treats AI as a separate educational tool by itself, and does not consider how students, their classmates working 
with them, their teachers, and AI platforms interact with each other dynamically in actual classroom environments. 
This narrow, disconnected way of studying AI in education makes the study findings less useful for real-world situ-
ations, and restricts how helpful they actually are for day-to-day teaching work. Because of all of this, we urgently 
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need specific targeted research that looks at how AI can be integrated smoothly with group collaborative work and 
targeted teacher support, within the setting of specialized translation training. This study was planned to fill this 
important gap in existing research by looking at a collaborative teaching model that uses AI, which was used in an 
actual for-credit translation course about maritime culture. 

2.2 Theoretical Foundations: Construction Integration Model 

To explore how artificial intelligence can help both understand and create translated content, this research uses 
Kintsch’s (1988) Construction-Integration framework. This framework was first created to explain how people pro-
cess and understand written text. This theory says that understanding written content happens in two connected steps 
that happen one after another. In the first construction step, when people look at a text, they first recognize what 
individual words mean, then put together connected statements based on meaning, and end up with a first, rough idea 
of what the content is about. This part mostly uses bottom-up, data-driven cognitive processing. Next, the integration 
step builds a connected, context-based mental picture of the content by spreading active links through the growing 
network of connected meaning statements. This process lets readers clear up unclear wording and draw logical con-
clusions that are not directly written in the original text. Kintsch (1998) later added more details to this model, saying 
that good understanding of any text needs people to split their limited cognitive resources well between these two 
different processing steps. 

When we put this model into translation teaching frameworks, it supports the idea that AI-powered resources can 
lower the mental work that learners deal with when they are drafting their translations. These resources do this 
through features like instant vocabulary look-up, access to matched parallel texts, and rough translation drafts that 
are generated automatically. This basic claim has already been backed up by real data from recent studies looking at 
the cognitive side of translation work (Muñoz Martín, 2017). That said, there is still not very much focused research 
that looks specifically at learning environments where AI helps with translation work. Because this gap exists in 
current research, this study uses the Construction-Integration model as its main way to look at things cognitively, and 
examines what effects the built-in AI assistant on the Chaoxing learning platform have on how good learners are at 
translating. It does this through back-to-back two cycles of action-based research. 

2.3 Multimodality and Collaborative Learning 

The multimodality framework that Kress and van Leeuwen (2001) made says meaning doesn’t get sent through only 
one channel, it is built when different semiotic resources work together, from written and spoken words to visual 
pictures, audio cues, and physical hand and body movements. When translation classes use AI tools as part of learning, 
a new dynamic, multi-modal space shows up. It has automatic translation drafts, extra visual materials (like photos 
of sea animals or pictures of finished buildings), input from other students, and specific feedback given by the course 
teacher. In these settings, learners have to build the skill to match and put together meaning from all these different 
communication channels. This skill is something that modern frameworks for translation ability have more and more 
called a core, must-have requirement for working in the field (EMT Expert Group, 2022). 

Collaborative learning is about an interactive setting where at least two people work to match what they understand 
through planned, organized talks. For this research project, the built-in task management system and peer feedback 
features on the Chaoxing learning platform were purposely made to put distributed cognition ideas into real use. This 
lets translation students upload their draft work, swap specific, organized feedback with classmates, and work to-
gether to polish and make their final translations better. Past studies that looked at translation training have always 
found that organized peer collaborative activities help boost learners’ awareness of their own thinking during trans-
lation, and cut down on the performance anxiety that people often feel when doing translation tasks (Kiraly, 2000; 
O’Brien, 2014). Even with these findings, not a lot of existing research has looked into how artificial intelligence 
tools that act as middlemen change the overall quality of interactions between peers who are learning together. This 
study fills that important gap in what we know by looking at both peer-to-peer collaborative work and human-AI 
collaborative work as connected, core parts of a single teaching plan for translation education. 

2.4 Technology Acceptance in Educational Contexts 

Understanding learners’ perceptions of AI tools is critical for successful adoption. Davis’s (1989) Technology Ac-
ceptance Model (TAM) proposes that perceived usefulness and perceived ease of use are the primary determinants 
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of users’ attitude and behavioural intention to use a technology. TAM has been extensively validated in educational 
contexts, including language learning (Scherer, Siddiq, & Tondeur, 2019). Recent studies have extended TAM to AI 
powered writing tools, showing that perceived usefulness strongly predicts learners’ continued use of AI tools for 
assisting learning (e.g., Hu & Gong, 2025). 

Given that AI tools are novel to many translation students, their acceptance may evolve over time as they gain 
hands on experience. This study therefore measures TAM variables before and after the course to capture changes in 
students’ perceptions, and links these to actual usage logs from the Chaoxing platform. This integration of behav-
ioural and perceptual data addresses a common limitation in TAM research, which often relies solely on self-reported 
measures. 

2.5 Summary of Gaps 

Earlier academic studies have already confirmed that artificial intelligence has good potential for language learning. 
They’ve also shown that cognitive, social, and multimodal theories work well when we look at teaching practices 
that use technology. What’s more, they’ve proven that action research methods and the Technology Acceptance 
Model are effective when people study how new education projects get put into practice. Even with all this, there are 
still important questions that current research hasn’t answered yet. First, there are very few real-world studies that 
look at how AI tools get used in special training programs for translators, and this is especially true for classes that 
focus on materials connected to the maritime industry or cultural heritage. Second, not much existing research has 
looked at combined frameworks that put human-AI work together, plus sharing knowledge between students, and 
teacher guidance into one connected whole education system. Third, not many studies about AI translation tools use 
action research methods, even though this approach fits really well with repeating and improving curriculum design 
over multiple cycles. Fourth, almost all studies that use the Technology Acceptance Model in this area use a cross-
sectional research design. Because of that, they can’t track how learners’ and teachers’ attitudes and what they think 
changes over long periods of time very well. This current study was made specifically to fill these four gaps that we 
found in existing research. 

3. Research Questions 

This current study amined at addressing the following four research questions: 
1) How does the AI enhanced synergistic “English + Translation” pedagogy affect students’ translation perfor-

mance, as measured by pre-, mid-, and post- test scores in accuracy, terminology consistency, and cultural 
appropriateness? 

2) What patterns of behavioural and cognitive engagement emerge as students interact with the three synergy 
axes (human AI, peer peer, and teacher student) throughout the 16-week course, as evidenced by AI platform 
behavioural logs and qualitative data? 

3) How do students perceive the value of each synergy axis for their translation learning, and what are the 
perceived strengths and limitations of the AI Assistant, peer feedback, and teacher guidance? 

4) How does students’ technology acceptance (perceived usefulness, perceived ease of use, attitude, and be-
havioural intention) evolve from the beginning to the end of the course, based on the Technology Acceptance 
Model questionnaire? 

4. Methodology 

4.1 Research Design 

This study used a mixed-methods action research design (McNiff, 2013) to assess how an AI-improved synergistic 
“English + Translation” teaching method worked, and what effects it had, when it was used in a Marine Culture and 
Translation course. We chose action research because the main researcher was also the course instructor. This let us 
improve the teaching model step by step through repeating cycles of planning, acting, observing, and reflecting, just 
like how Kemmis, McTaggart, and Nixon (2014) set up this method. The whole design included two repeating cycles: 
Cycle 1 ran from week 1 to week 9, and Cycle 2 from week 10 to week 18, following the standard plan-act-observe-
reflect loop. Quantitative data we collected had pre-course, mid-course, and post-course translation tests, activity logs 
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from the AI platform, plus a Technology Acceptance Model (TAM) questionnaire that students filled out before and 
after the course. Qualitative data included students’ personal reflection journals, notes on peer feedback, records from 
classroom observations, the teacher’s own weekly reflection notes, and semi-structured interviews done after the 
course ended. Putting multiple data sources together let us do triangulation (Denzin, 2017), and helped us get a full 
picture of how this synergistic model affected students’ translation skills, how engaged they were in class, and how 
willing they were to accept this new technology. 

4.2 Participants  

The study was conducted at a comprehensive university in Guangdong Province, China, during the spring semester 
of the 2025-2026 academic year. Participants were 125 fourth‑year English majors enrolled in the elective course 
Marine Culture and Translation (course code 23241609). They were distributed across four intact classes (Class A: 
32, Class B: 31, Class C: 31, Class D: 31). All participants had completed compulsory prerequisite courses in Eng-
lish–Chinese translation and Maritime English, as specified in the university curriculum. The course was taught by 
the first author, a tenured associate professor with twelve years of experience in translation pedagogy. 

Participation voluntarily joined in the research components (questionnaires, interviews, and allowing access to 
learning logs). Written informed consent was obtained from all students at the beginning of the semester after they 
had been fully informed of the research purposes, the types of data to be collected (platform logs, tests, questionnaires, 
journals, and interviews), and the measures taken to protect their privacy. Students were assured that they could 
withdraw at any time without penalty to their course grade. All data were stored on a password‑protected university 
server accessible only to the research team, and all student identifiers were removed (pseudonyms or participant 
codes used in reporting). The Chaoxing platform’s data collection complied with the university’s data security policy. 
Ethical approval was granted by the institutional review board of Guangdong Ocean University (protocol number 
IRB‑GDOU‑2025‑047). 

4.2.1 The Marine Culture and Translation Course 
The course was a 16-week, 32-hour professional elective. According to the official syllabus, its learning objectives 
were: (a) to understand key concepts and texts of marine culture, (b) to develop translation competence (English–
Chinese and Chinese–English) with a focus on marine-related genres including expository, literary, and technical 
texts, and (c) to enhance cross-cultural awareness in marine heritage translation. The prescribed textbook was Marine 
English Translation Course (Zhou, 2018), supplemented with authentic materials such as excerpts from The Old Man 
and the Sea (Hemingway, 1952), 20,000 Leagues Under the Sea (Verne, 1870/1998), Moby-Dick (Melville, 
1851/2002), and instructor-developed texts. Each weekly two-hour session followed a blended format: pre-class 
online preparation using the AI platform, in-class interactive activities (translation workshops, peer review, teacher 
feedback), and post-class AI-supported practice. 

4.2.2 The AI Tool: Chaoxing AI Teaching Assistant 
The intervention was built upon the AI Teaching Assistant embedded in the Chaoxing Smart Teaching Platform (also 
known as Xuexi Tong), a widely used learning management system in Chinese higher education. Since spring 2024, 
the platform has integrated a large language model (DeepSeek-based) that enables several pedagogical functions 
(Chaoxing, 2025). These functions include intelligent question answering available 24/7, automated feedback on 
short-answer questions and translation drafts (scoring on lexical accuracy, grammar, and coherence), AI-assisted 
essay scoring with rubric-based evaluation, real-time learning analytics (e.g., heatmaps of common errors, 
time-on-task, and question accuracy per student or class), personalised learning paths based on knowledge graph 
analysis, and a task engine for creating gamified collaborative assignments. 

In the current study, the Chaoxing AI Assistant was used to operationalise three axes of the synergistic teaching 
model: human-AI synergy, peer synergy, and teacher-student synergy. Table 1 summarises the specific functions 
used for each axis. 

Additionally, the AI Assistant was used for pre-class preparation, automatically generating comprehension ques-
tions from uploaded marine-culture readings, and for post-class personalised practice, recommending micro-exercises 
based on individual students’ weak areas. 
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Table 1. Alignment of Chaoxing AI Assistant Functions with the Synergistic Pedagogy Axes 

Synergy axis AI Assistant function Application in the Course 

Human-AI syn-
ergy 

Automated translation feedback; 
bilingual draft generation 

Students submitted short translations; AI provided instant scoring and 
suggestions. They could request a draft translation for comparison. 

Peer synergy Task engine (group-based gami-
fied tasks) 

Instructor created “translation battles” where pairs of students com-
peted against AI or against another pair, with leaderboards and peer 

commenting. 

Teacher-student 
synergy 

Learning analytics dashboard; 
AI-generated error heatmaps 

Teacher reviewed weekly reports to identify error patterns (e.g., com-
mon mistranslation of marine terms) and adapt in-class instruction ac-

cordingly. 

4.3 The Synergistic Teaching Model 

The term synergistic refers to the intentional orchestration of three overlapping but distinct collaborative mechanisms 
(Dillenbourg, 1999; Salomon, 1993) that operated throughout the course. The first core framework focuses on col-
laborative interaction between humans and AI. In this setup, learners work with the AI tool not as a static place that 
gives ready answers, but as a partner that helps them think through problems more deeply. For every translation task, 
students firstly made a draft completely by themselves, then ask the AI system to make a different translated version. 
After that, they had to do a line-by-line comparison of the two different drafts, improve their original work using 
ideas they got from this comparison, and finish the whole process by writing one short sentence that reflects on what 
gaps or small detailed points they would have missed if they didn’t use AI. We ran this structured activity every week, 
and the whole thing was made to help students build up their skill to judge the quality and limits of translations that 
AI makes (Johnson & Johnson, 2009). 

The second basic mechanism was centered on peer-to-peer collaborative learning. Organized shared work between 
learners got put straight into the learning platform’s built-in task management part. Every two weeks, learners got 
together in pairs or teams of four to complete a specific “translation practice challenge”. One common example of 
this task was translating a 200-word text passage about local coastal traditional stories. After teams handed in their 
finished work, each group sent anonymous comments and ratings to another peer team, following a set scoring guide 
that checked performance across three key areas: how accurate the translation was, how consistent domain-specific 
terms got used, and how natural the translation sounded in the target language. After that, the course teacher led a 
whole-class interactive talk to point out common strong points that showed up in most submissions, and talked about 
shared areas that needed work. This way of designing the course was based on already proven evidence-backed 
theories about collaborative learning. The third mechanism was teacher-student synergy. The instructor used the 
AI-generated learning analytics – which indicated which marine-culture terms were most frequently mistranslated 
and which grammar rules caused greatest difficulty, to design just-in-time mini-lectures and targeted feedback. In 
addition, the instructor monitored individual students’ progress via the platform and provided personalised written 
comments on their translation portfolios at three time points (weeks 6, 12, and 16). 

5. Procedure  

The study was conducted over a 16-week semester, following the two-cycle action research spiral proposed by Kem-
mis, McTaggart, and Nixon (2014). Each cycle consisted of four phases: plan, act, observe, and reflect. All quanti-
tative data were anonymised before analysis. Qualitative data (reflective journals, interview transcripts, open-ended 
comments) were de-identified by replacing student names with codes (e.g., S001-S125). The procedure is described 
chronologically below. 

Cycle 1 (weeks 1-8). The instructor reviewed the course syllabus, prepared the Chaoxing AI Assistant with ma-
rine-culture translation tasks (e.g., excerpts from The Old Man and the Sea and descriptions of Chikan Old Street), 
and administered the pre-course translation test (D1) and the TAM pre-questionnaire (D5). Participants also gave 
their formal informed consent when the first data collection was happening. The active running stage went from week 
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2 to week 6, and the main focus was putting the full integrated collaborative teaching framework into use. All teaching 
activities followed a steady weekly structure: each Monday, students could get reading materials prepared by AI 
before the class, plus related comprehension questions, through the special learning platform; during the two-hour 
in-person class, the teacher first went over key points from the AI error heatmap that showed common mistakes made 
by most students, then led a practical translation seminar. This seminar had three parts: a side-by-side comparison 
activity between human and AI translation, a group or pair collaborative translation task, and peer grading work done 
through the platform’s built-in task management tool. After each class, students finished extra practice tasks that AI 
helped build, and turned in their weekly self-reflection notes (D3) before Sunday ended. The checking phase was in 
week 7, and it was mainly about collecting all data related to the whole process: this includes platform interaction 
records (D2), notes the teacher took during observation (D4), peer feedback papers (D6), and also running the mid-
term test of translation skill (D1). In week 8, the improvement step that we repeated asked the teaching group to do 
a full analysis of both numbers and text data we got from the first running cycle, find specific parts where we need 
to change teaching methods (for example, students still have trouble keeping using correct maritime industry terms 
and using passive voice the right way), and change the teaching plan for the second running cycle based on what we 
found. 

The second implementation cycle runs from week 9 to week 16 in the research timeline. In the preparation work 
for week 9, the course teacher changed and improved the given translation tasks. They added more clear, step-by-
step help for two main skill areas: how to organize specialized terms, and how to change passive voice sentence 
structures. To get more students interested and involved, a competition ranking system called the “AI translation 
challenge leaderboard” was also started at this time. From week 10 to week 14, the implementation part kept the same 
weekly activity plan that was used in the first cycle. But there was a clear change toward letting students work more 
on their own: they were told to make their own questions to ask AI tools, and talk over and fix draft translations with 
classmates before they go ask the teacher for help. The data gathering work in week 15 had three main things to do: 
give out the post-course translation skill test (D1), hand out the post-intervention Technology Acceptance Model 
survey (D5), and collect students’ finished end-of-term translation portfolios (D7) to be analyzed. In week 16, after 
all the formal course work was done, the teacher did semi-structured one-on-one interviews (D8) with 12 students 
that were picked on purpose, not randomly. The final reflection stage was also planned for week 16. During this stage, 
the teacher went through all the collected data sets in order, wrote out the full final research report, and sent a short 
summary of the main study findings to all the participating students, so that they could check the results and confirm 
they made sense. 

During the two complete implementation cycles, the person leading the course kept a structured reflection log (D4) 
right after each teaching session ended. They wrote down carefully all technology-related problems, unexpected 
things the students did, and useful teaching lessons that came up during class. The whole data collection process was 
fit smoothly into the course’s normal activities, to keep disruptions to planned learning as small as possible. For the 
students that took part, the extra time they needed to spend outside regular class work added up to about 15 minutes 
each week to finish their reflective writing. They also needed a single 20-minute interview slot, which was only for 
the 12 randomly chosen student participants. No extra rewards or academic bonuses were given to people who joined, 
because taking part in the research was completely optional, and deciding not to participate did not have any effect 
on students’ final course grades at all. 

6. Data Analysis 

6.1 Quantitative Data Analysis 

Quantitative analyses were performed using SPSS version 27.0 (IBM Corp., 2020). The significance level was set at 
α = 0.05. For translation performance (D1), a one-way repeated-measures analysis of variance (ANOVA) was con-
ducted to compare pre-, mid-, and post-test scores. Table 2 presents the descriptive statistics and ANOVA results, 
which show a significant improvement across the three time points. Inter-rater reliability among the three scorers was 
assessed using Fleiss’ kappa (Fleiss, 1971) on a random sample of 30 scripts per test, yielding a κ of 0.82 (substantial 
agreement). 

For the AI behavioural logs (D2), descriptive statistics including means, standard deviations, and ranges were 
computed for each log variable. Pearson correlation coefficients were calculated to examine relationships between 
AI usage variables (such as AI interaction count and task completion) and post-test translation scores; the correlation 
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matrix is displayed in Table 3. A stepwise multiple linear regression was then performed with post-test score as the 
dependent variable. The independent variables entered were pre-test score, AI interaction count, task completion rate, 
and average self-test accuracy. Multicollinearity was checked using the variance inflation factor (VIF), with a thresh-
old of VIF < 5 considered acceptable. The regression results, including unstandardised coefficients (B), standard 
errors, standardised coefficients (β), t-values, p-values, and VIF. 

Table 2. Descriptive Statistics and Repeated-Measures ANOVA for Translation Performance (D1) 

Test M SD 95% CI F η² Post-hoc compari-
sons 

Pre-test 58.3 12.4 [55.8, 60.8] – – – 

Mid-test 71.6 10.2 [69.3, 73.9] – – Mid > Pre *** 

Post-test 79.8 8.5 [77.8, 81.8] 48.62** 0.38 Post > Mid **, Post > 
Pre *** 

Note. **p < 0.01, ***p < 0.001.  

Table 3. Pearson Correlations Between AI Usage Variables and Post Test Translation Scores (D2) 

Variable 1 2 3 4 5 

1. Post-test score –     

2. Login frequency .52** –    

3. Task completion rate .61** .68** –   

4. AI interaction count .58** .55** .71** –  

5. Avg. self-test accuracy .44* .38* .52** .49* – 

Note. R² = 0.73, F (4,120) = 81.4, p < .001. 

6.2 Qualitative Data Analysis 

All qualitative data (D3 reflective journals, D4 observation notes and teacher reflections, D6 peer feedback written 
comments, and D8 interview transcripts) were analysed using thematic analysis following the six-phase procedure 
proposed by Braun and Clarke (2006). The phases were: familiarisation with the data, generating initial codes, search-
ing for themes, reviewing themes, defining and naming themes, and producing the final report. The analysis was 
conducted in the original Chinese language; only excerpts selected for publication were translated into English by 
the first author and then checked by a second bilingual researcher to ensure accuracy. 

Two researchers independently coded 20% of the qualitative dataset (randomly selected). The coding consistency 
was calculated using percentage agreement, which reached 0.89. The thematic analysis yielded four overarching 
themes, each defined with representative quotes, as shown in Table 4. NVivo 14 software was used to manage and 
code the data. The analysis proceeded inductively, allowing themes to emerge from the data rather than being imposed 
by pre-existing theories, although the final interpretation was informed by the concepts of synergy and technology 
acceptance. 
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Table 4. Coding Scheme Reliability (Percentage Agreement) 

Data type Number of segments coded Agreement Disagreement % agreement 

Reflective journals 
(D3) 425 382 43 89.9% 

Teacher reflections 
(D4) 68 61 7 89.7% 

Peer feedback com-
ments (D6) 212 188 24 88.7% 

Interview transcripts 
(D8) 156 139 17 89.1% 

Total 861 770 91 89.4% 

6.3 Mixed-Methods Integration 

Integration of quantitative and qualitative strands followed a concurrent convergent design (Creswell & Plano Clark, 
2018). The quantitative results and qualitative themes were brought together in the Discussion section through a joint 
display (Guetterman, Fetters, & Creswell, 2015). Specifically, for each major research question, the numerical find-
ings (e.g., correlation coefficients, regression weights, t-test results) were placed alongside representative qualitative 
quotes and thematic summaries.  

7. Results 

7.1 Quantitative Results 

7.1.1 Translation Performance 
A one-way repeated-measures ANOVA revealed a statistically significant effect of time on translation performance, 
𝐹𝐹(1.68,208.32) = 48.62,𝑝𝑝 < 0.001, 𝜂𝜂2 = 0.38 (Greenhouse–Geisser corrected). Post-hoc pairwise comparisons 
with Bonferroni adjustment indicated that the mid-test scores (𝑀𝑀 = 71.6, 𝑆𝑆𝑆𝑆 = 10.2) were significantly higher than 
pre-test scores (𝑀𝑀 = 58.3, 𝑆𝑆𝑆𝑆 = 12.4 ), 𝑡𝑡(124) = 9.67,𝑝𝑝 < 0.001,𝑑𝑑 = 1.15 , and that post-test scores (𝑀𝑀 =
79.8, 𝑆𝑆𝑆𝑆 = 8.5) were significantly higher than both mid-test scores, 𝑡𝑡(124) = 7.21,𝑝𝑝 < 0.001,𝑑𝑑 = 0.86 , and 
pre-test scores, 𝑡𝑡(124) = 15.34,𝑝𝑝 < 0.001,𝑑𝑑 = 1.87. These results indicate a substantial improvement in transla-
tion competence over the course, with the largest gain occurring between the pre-test and mid-test (Cycle 1). 

7.1.2 AI Behavioural Logs and Translation Performance 
Descriptive statistics for the AI behavioural logs showed that students logged into the Chaoxing platform an average 
of 28.4 times (𝑆𝑆𝑆𝑆 = 12.3), completed 34.2 out of 40 tasks (𝑆𝑆𝑆𝑆 = 7.1), interacted with the AI Assistant 89.5 times 
(𝑆𝑆𝑆𝑆 = 35.2), and achieved an average self-test accuracy of 73.6% (𝑆𝑆𝑆𝑆 = 14.2%). The correlation matrix revealed 
moderate to strong positive correlations between all AI usage variables and post-test translation scores, with task 
completion rate showing the highest correlation (𝑟𝑟 = 0.61,𝑝𝑝 < 0.001), followed by AI interaction count (𝑟𝑟 =
0.58,𝑝𝑝 < 0.001) and login frequency (𝑟𝑟 = 0.52,𝑝𝑝 < 0.001). 

The stepwise multiple linear regression showed that pre-test score, task completion rate, and AI interaction count 
were significant predictors of post-test translation scores, explaining 73% of the variance (adjusted 𝑅𝑅2 =
0.71,𝐹𝐹(4,120) = 81.4,𝑝𝑝 < 0.001). Task completion rate was the strongest predictor (𝛽𝛽 = 0.41,𝑝𝑝 < 0.001), fol-
lowed by pre-test score (𝛽𝛽 = 0.32,𝑝𝑝 < 0.001) and AI interaction count (𝛽𝛽 = 0.24,𝑝𝑝 = 0.003). Average self-test 
accuracy did not reach statistical significance (𝛽𝛽 = 0.10,𝑝𝑝 = 0.074), suggesting that the quantity of AI engagement 
(task completion and interaction frequency) was more influential than the accuracy of AI-generated self-tests in pre-
dicting final translation performance. 
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7.1.3 Technology Acceptance 
Internal consistency of the TAM subscales was high, with Cronbach’s 𝛼𝛼 ranging from 0.79 to 0.89. Paired-samples 
t-tests indicated significant increases from pre-course to post-course across all four dimensions. Perceived usefulness 
showed the largest gain, rising from 𝑀𝑀 = 3.2  ( 𝑆𝑆𝑆𝑆 = 0.9 ) to 𝑀𝑀 = 4.1  ( 𝑆𝑆𝑆𝑆 = 0.7 ), 𝑡𝑡(124) = 8.45,𝑝𝑝 <
0.001,𝑑𝑑 = 1.12. Perceived ease of use increased from 𝑀𝑀 = 3.5 (𝑆𝑆𝑆𝑆 = 1.0) to 𝑀𝑀 = 4.3 (𝑆𝑆𝑆𝑆 = 0.6), 𝑡𝑡(124) =
7.22,𝑝𝑝 < 0.001,𝑑𝑑 = 0.96. Attitude toward using AI improved from 𝑀𝑀 = 3.4 (𝑆𝑆𝑆𝑆 = 0.8) to 𝑀𝑀 = 4.2 (𝑆𝑆𝑆𝑆 = 0.7), 
𝑡𝑡(124) = 8.01,𝑝𝑝 < 0.001,𝑑𝑑 = 1.06, and behavioural intention increased from 𝑀𝑀 = 3.6 (𝑆𝑆𝑆𝑆 = 0.9) to 𝑀𝑀 = 4.4 
(𝑆𝑆𝑆𝑆 = 0.6), 𝑡𝑡(124) = 7.86,𝑝𝑝 < 0.001,𝑑𝑑 = 1.04. These results demonstrate that students’ acceptance of the AI As-
sistant became more positive after the 16-week intervention. 

7.2 Qualitative Results 

Thematic analysis of the qualitative data (reflective journals, observation notes, peer feedback comments, and inter-
view transcripts) yielded four overarching themes, as summarised below (translated from Chinese). 

7.2.1 Theme 1: AI Lowering the Threshold for Translation Initiation 
Many students reported that the AI Assistant reduced the anxiety associated with starting a translation task, particu-
larly for long or complex sentences. A student from the medium-performing group (S034) wrote in her week-4 journal: 
“Previously, when I saw a long sentence, I didn’t dare to start. Now I let the AI produce a first draft, then I revise. It 
gives me a sense of security.” Another student (S089) commented in the end-of-course interview: “Having an AI 
draft first makes me feel like I’m not facing a blank page. I can focus on polishing instead of struggling with 
word-by-word translation.” This theme aligns with the quantitative finding that AI interaction count positively pre-
dicted post-test scores, suggesting that AI assistance may lower cognitive barriers during the initial Construction 
phase of text processing (Kintsch, 1988). 

7.2.2 Theme 2: Peer Feedback Promoting Metacognitive Awareness 
Students frequently mentioned that evaluating peers’ translations helped them recognise their own blind spots. A 
student from Class 3 (S078) noted in his week-10 reflection: “When my classmate pointed out that I literally trans-
lated ‘Maritime Silk Road’ without keeping the metaphor, I realised I need to think about cultural adaptation, not 
just word-for-word translation. This account illustrated how structured peer collaboration (Dillenbourg, 1999) can 
foster metacognitive awareness, a key element of self-regulated learning (Zimmerman, 2002). The improvement in 
peer feedback quality from the first to the second round further supports this theme. 

7.2.3 Theme 3: Irreplaceability of Teacher Feedback 
Despite the usefulness of AI and peer feedback, students consistently valued teacher comments for their depth and 
contextualisation. A low-performing student (S101) stated in the interview: “AI corrects grammar, but the teacher 
explains why passive voice sounds more objective in scientific texts. That’s something AI can’t do.” A high-perform-
ing student (S022) added in his week-15 journal: “The teacher’s feedback on my fish otolith translation mentioned 
specific marine terminology that even AI didn’t recognise. Without that, I would have kept the wrong term.” These 
findings match the conclusions that Heift (2010) and Selwyn (2019) got earlier. Both of these writers pointed out that 
human teachers can give metacognitive support that no AI platform can copy right now. Because of this, the three 
core parts of the framework do different but useful jobs, they do not just overlap. AI tools cut down the barriers that 
stop people from joining in, and they help students build up their expressive fluency. Working with other peers helps 
people practice careful metacognitive thinking and keep reflecting on their work again and again. And classroom 
teachers give detailed, context-specific targeted guidance that helps students get deep, long-lasting learning that sticks 
(Kiraly, 2000). 

7.2.4 Theme 4: Enhanced Motivation through Marine Cultural Content 
When we looked at the survey answers from the students that took part, we found that translation materials focused 
on ocean topics made learners feel more engaged in meaningful ways and more focused on their learning goals during 
the whole course. One student from the top performing group (S055) wrote this reflection in her learning journal, 
which she turned in during the 12th week of the program: “When I worked on translations for the fish otolith reference 
guide, I got the feeling I was actually helping share real public knowledge, not just finishing another boring class 
assignment. I felt really proud knowing that my work could help efforts to protect and spread ocean-related cultural 
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heritage.” Another student (S112) gave a similar positive comment: “Looking into the history of Chikan Old Street 
for my translation practice let me build a much deeper understanding for local cultural traditions. I never knew that 
those old buildings had such rich, complicated backstories before I did this assignment.” What we saw here lines up 
really well with the main theoretical ideas of content-based language teaching (Brinton, Snow, & Wesche, 1989). It 
shows that letting learners work with real, culturally connected marine content can really strengthen their inner mo-
tivation to join in class activities. This rise in personal motivation probably helped indirectly cause the clear improve-
ment in translation skills that we recorded across all the students in the study sample. 

7.3 Integration of Quantitative and Qualitative Findings 

First, the positive link that was statistically significant between how often students interact with AI tools and their 
scores on the final assessment, which had a correlation coefficient of 0.58, matches what we saw again and again in 
our descriptive notes: that AI lowers the barriers people face when they want to start a translation task. Next, when 
we look at peer assessment scores between the first and the second feedback rounds, the average scores went up from 
3.0 to 3.8, and this increase lines up directly with what students told us about getting better metacognitive skills from 
reviewing their classmates work. Further, the large effect size we measured for perceived utility, which came out to 
1.12, gives more support to the descriptive stories students told. They said that feedback from teachers is a really 
valuable and unique part of the learning experience, one that may not be replaced by any other tool. Points of diver-
gence and expansion were also observed. While the quantitative data showed that average self-test accuracy was not 
a significant predictor of post-test scores, the qualitative data revealed that students valued the process of self-testing 
even when their scores were low, because it helped them identify knowledge gaps. A student (S078) noted: “Even if 
I got only 60% on the AI quiz, the wrong answers showed me exactly which marine terms I needed to study more.” 
This nuance was not captured by the regression model and illustrates the value of mixed-methods integration (Cre-
swell & Plano Clark, 2018). 

8. Discussion 

8.1 Response to Research Question 1 

RQ1 exmained whether the AI‑enhanced synergistic pedagogy improves students’ translation performance in accu-
racy, terminology consistency, and cultural appropriateness. The repeated‑measures ANOVA showed significant im-
provement across three time points with a large effect size (η² = 0.38), and the gain from pre‑test to mid‑test (d = 
1.15) was larger than from mid‑test to post‑test (d = 0.86). This pattern supports our hypothesis derived from 
Kintsch’s (1988) Construction‑Integration model: the AI Assistant reduced cognitive load during the construction 
phase (lexical/syntactic decoding), freeing resources for the integration phase. The qualitative theme “AI lowering 
the threshold for translation initiation” directly echoes this mechanism. While previous meta‑analyses (e.g., Huang, 
Hew, & Dewa, 2023) have shown AI benefits for generic writing, our study extends these findings to specialised 
marine culture translation – a domain where terminology (e.g., fish otolith, Mazu Temple) and cultural authenticity 
pose unique challenges. The significant improvement in cultural appropriateness (a component of our rubric) suggests 
that AI scaffolding did not oversimplify cultural nuances; instead, it enabled students to focus on higher‑order adap-
tation. 

8.2 Response to Research Question 2 

The second research question focused on how students’ behavioral and cognitive participation was distributed across 
three connected synergy areas: interactions between humans and AI, work with peers, and exchanges between teach-
ers and students. When we looked at user activity tracking data, we found that on average, each student started 89.5 
separate interactions with the AI assistant, and finished 34.2 out of the 40 total tasks they were given. Statistical 
regression modeling showed that task completion rate (with a β coefficient of 0.41) was the strongest predictor of 
how well students did on the final post-assessment. It actually worked better than pre-test scores as an indicator of 
how much students learned. This result shows that consistent, purposeful participation in learning activities is the 
main thing that causes measurable improvements in learning, rather than just using educational tools in a superficial, 
uninterested way. Looking at things from a cognitive point of view, the common qualitative theme of “peer feedback 
helping students notice their own thinking” helps us understand how the peer collaboration area made real the shared 
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information space framework Dillenbourg first put forward back in 1999. Student answers from the survey showed 
that when they had to assess and give feedback on their classmates’ translation work, they got to see the gaps in their 
own language and translation skills. One example of this is how many of them tended to translate metaphors way too 
literally, without thinking about the nuance of the context. This finding matches what earlier researchers Kiraly (2000) 
and O’Brien (2014) have written. Both of them pointed out how important peer work is as a core part of training new 
translators. Between the 5th and 12th weeks of the course, the overall quality of peer feedback submissions went up 
noticeably. This shows that doing regular peer evaluation activities with technology support, run through the 
Chaoxing task management platform, works well to help students get better at assessing translation work quality in 
a fair and accurate way. This matches what Tai, Ajjawi, and Boud (2018) found when they looked at how people 
develop evaluative judgment skills. The teacher‑student synergy axis was evidenced by the instructor’s use of 
AI‑generated heatmaps to target instruction, a form of distributed cognition (Salomon, 1993). Thus, engagement was 
not linear but tripartite, with each axis reinforcing the others. 

8.3 Response to Research Question 3 

RQ3 asked how students perceived the value of the AI Assistant, peer feedback, and teacher guidance, including 
strengths and limitations. Thematic analysis produced clear differentiation. AI’s strength was lowering initiation anx-
iety (“sense of security”) and providing instant drafts. However, students noted that AI sometimes mishandled marine 
cultural terms (e.g., “Mazu Temple” vs. “Goddess Temple”), a limitation consistent with Bowker’s (2002) observa-
tion that generic AI models struggle with domain‑specific terminology. Peer feedback’s strength was promoting met-
acognitive awareness.Students realised translation strategies they had not considered. Limitations included occasional 
superficial comments, echoing earlier CALL research (Warschauer & Ware, 2008) that peer feedback quality varies 
without training. Teacher feedback was perceived as irreplaceable for contextualised, disciplinary‑specific insights. 
A low‑performing student noted that “the teacher explains why passive voice sounds more objective in scientific texts, 
something AI can’t do.” This aligns with Heift (2010) and Selwyn (2019), who argued that human instructors provide 
metacognitive scaffolding that automated systems cannot replicate. Thus, the three axes are not redundant but com-
plementary: AI for fluency and low‑threshold entry, peers for metacognitive reflection, and teachers for deep, con-
textualised guidance. 

8.4 Response to Research Question 4 

The fourth research question looked at how undergraduate learners’ attitudes toward using new technology changed 
from the start of the semester to the end. We tracked four different parts of their attitudes: how useful they thought 
the tool was, how easy they thought it was to operate, their general feelings about it, and whether they planned to use 
it later on. We used paired sample t-tests to analyze the data, and the tests showed that all four parts of the Technology 
Acceptance Model got significantly better by the end. The biggest change was in the perceived usefulness score: it 
went from an average of 3.2 before the course started to 4.1 after the course ended. This pattern matches what Davis 
wrote in his 1989 foundational TAM hypothesis, which says that how useful people think a technology is acts as the 
main thing that predicts if they will want to use it. This result also fits well with what Hu and Gong found in their 
2025 study of TAM in AI-related areas, and it helps make their earlier findings apply more widely to the smaller, 
specific field of translation education. What stands out the most is that when we looked at open-ended qualitative 
responses from students, we found a clear step-by-step change in how they thought about the tool over the whole 
semester. Early on, many students felt doubtful and hesitant, and this showed up in their Week 2 journal entries – one 
student wrote, “I was worried that using AI too much would make me lose my good independent work habits.” By 
the end of the semester, this changed to students using the tool in a careful, intentional way. One student put it this 
way in their Week 15 submission: “I use AI to get a rough first draft of my translation done, and then I go over it 
slowly to make specific changes and make it better.” This pattern of how students’ attitudes developed gives evidence 
that supports the argument Scherer, Siddiq, and Tondeur made back in 2019. They said that we need to check TAM-
related variables many times over long periods, because how people accept new technology isn’t something that stays 
fixed and never changes. After the course ended, the average score for how likely students were to use AI tools hit 
4.4 on a 5-point scale. This result shows that students have good attitudes about using similar AI-powered tools in 
future translation classes, and this kind of willingness is a basic thing we need if we want to integrate AI resources 
well into translation teaching programs over the long term. 
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9. Pedagogical Implications 

First, the combined analytical framework shows that artificial intelligence should be used as a core collaborative tool, 
not just a quick way to cut down on workload. Results from stepwise regression analysis showed that the task com-
pletion rate, which connects to active and intentional work with AI systems, is a much stronger predictor of better 
learning outcomes than the accuracy scores people get from unguided, passive self-assessment quizzes. Teachers are 
told to create learning tasks that ask students to compare AI-generated content side by side, make critical checks of 
that content, and do targeted revisions to it, this is an approach that effectively helps grow students’ ability to make 
thoughtful evaluative judgments. 

Second, when guaging content that focused on maritime heritage, it turned out to be a really effective way to get 
learners more engaged. Teachers who teach these courses can use resources that local cultural groups already have, 
old oral stories that have been passed down in coastal communities for generations, and old coastal buildings that are 
still standing, to make immersive and context-fitting translation exercises for their own students. 

10. Conclusion 

This mixed-methods action research study evaluated an AI-enhanced synergistic “English + Translation” pedagogy 
within a 16-week Marine Culture and Translation course with 125 Chinese English majors. The results demonstrate 
significant improvements in translation performance, technology acceptance, and positive perceptions of all three 
synergy axes (human-AI, peer, teacher-student). Theoretically, the study illustrates how Kintsch’s Construction-In-
tegration model, multimodality and collaborative learning theories, and action research can be fruitfully combined to 
understand AI-mediated translation pedagogy. Practically, it offers a replicable model for integrating AI tools into 
content-based translation courses, emphasising that AI should act as a critical partner rather than a replacement for 
peer collaboration and teacher guidance. As AI technologies continue to permeate higher education, the synergistic 
model presented here provides a balanced, empirically grounded approach that harnesses AI’s strengths while pre-
serving the irreplaceable human elements of translation teaching and learning. 
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