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Abstract: This systematic review investigates how AI translation tools support EFL learners’ 

translation learning by synthesizing empirical evidence on learner strategies, effectiveness, and 

pedagogical implications. Following PRISMA-informed procedures, 26 peer-reviewed studies 

published between 2008 and 2025 were screened and analyzed. To enable systematic cross-study 

comparison, the evidence was organized using an Environment-Task-Learner-Strategy (ETLS) 

framework. The synthesis shows that AI-assisted translation environments are predominantly shaped 

by readily accessible tools, with neural machine translation systems (e.g., Google Translate) dominating 

earlier studies and increasing attention to large language model tools (e.g., ChatGPT) in recent work. 

Across contexts, learners demonstrate a recurring repertoire of strategies, including cross-tool 

comparison and verification, reverse translation checks, selective tool use for difficult segments, 

iterative refinement (including prompt adjustment in LLM settings), and systematic post-editing. With 

respect to effectiveness, the evidence converges on short-term performance benefits such as improved 

linguistic accuracy and fluency, while also indicating boundary conditions. Learning benefits are more 

consistently observed when learners critically evaluate and revise AI-generated output rather than adopt 

it uncritically, and when outcomes are assessed using translation-relevant criteria. The findings 

emphasize the importance of structured AI translation literacy, post-editing–oriented instruction, 

proficiency-sensitive support, and more rigorous research designs to assess sustained translation 

competence. 
 

Keywords: AI translation tools; EFL translation skills; large language models; learner strategies; 

machine translation 

 

 

1. Introduction 

 

AI-powered translation technologies are reshaping both professional translation and 

educational practice, as manual translation alone can no longer meet the speed, scale, and quality 

demands of contemporary multilingual communication (Koka, 2024). With the rapid expansion of 

generative AI, there is growing urgency to examine how AI translation tools function as learning 

technologies that is what they enable, what they constrain, and under what conditions they support 

measurable learning in translation tasks (Salloum et al., 2024). 

Existing evidence on machine-translation-assisted language learning (MTALL) suggests that 

machine translation (MT) can contribute to language development and classroom integration, yet 
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findings remain dispersed across tools, instructional settings, task types, and outcome 

operationalizations, limiting cross-study comparability and cumulative conclusions (Jiang et al., 2024). 

Moreover, much of the synthesis has centered on MT within broader second language (L2) domains 

(e.g., writing or general mediation), rather than treating translation-skill development as a distinct 

construct with translation-relevant criteria. For tertiary translation education, ‘effectiveness’ should be 

demonstrated through translation-specific indicators (e.g., adequacy/accuracy, appropriateness, error 

patterns, culturally sensitive meaning construction), not only generic language achievement or attitude 

measures (Kirchhoff, 2024; Deng & Yu, 2022). A related gap concerns learner regulation and strategy 

use in AI-assisted translation. While learners frequently report positive perceptions and extensive MT 

use, learning benefits appear heterogeneous and shaped by proficiency and usage patterns; recent 

evidence also cautions that self-directed MT use may sometimes encourage L2 avoidance, suggesting 

that access to high-quality AI output does not automatically translate into deeper processing or 

transferable competence (Murtisari et al., 2024). However, strategy-level evidence remains 

insufficiently consolidated regarding how EFL learners combine cognitive and metacognitive 

regulation with emerging AI-interaction strategies (e.g., prompting, iterative refinement, cross-tool 

comparison, verification), and what forms of instructional scaffolding promote critical engagement 
rather than overreliance (Dinh, 2025). 

Since late 2022, generative AI has further accelerated interest in AI-supported language 

learning. Reviews of ChatGPT in language education describe a rapidly expanding but 

methodologically uneven evidence base and highlight the need for stronger research designs and 

outcome measures beyond perception-driven claims (Li et al., 2024). Although EFL focused studies 

suggest potential benefits when ChatGPT is integrated as instructional support, translation-specific 

evidence remains fragmented across tool types, genres, and evaluation frameworks (Teng, 2024). 

Recent comparative evaluations also indicate that Large Language Model (LLM) performance relative 

to mainstream MT systems depends on prompting conditions and culturally loaded discourse demands- 

precisely the boundary conditions that translation pedagogy must address (Chen & Lin, 2025). Taken 

together, these developments justify a systematic synthesis that clarifies what has been done, what the 

evidence indicates about effectiveness, and how AI-assisted translation learning in EFL contexts is 

likely to evolve.  

Guided by PRISMA reporting principles, this systematic review synthesizes empirical evidence 

on the effectiveness of AI translation tools for developing EFL learners’ translation skills by: (1) 

identifying and classifying learner strategies when engaging with AI-generated translations; (2) 

evaluating reported effectiveness of AI translation tools for improving translation performance 

outcomes; and (3) synthesizing evidence on AI translation tools in EFL translation learning to derive 

concise implications for future research, pedagogical implementation and classroom practice. 

 

2. Literature review  

 

Research on AI for translation has evolved alongside major paradigm shifts in machine 

translation. Early conceptualizations framed automatic translation as an AI problem, drawing on 

cryptography and information theory (Reifler & Pol, 1962). Landmark milestones include the 

Georgetown-IBM demonstration in 1954, often cited as the first large-scale public MT showcase 

(Dostert, 1955; Hutchins, 2005). After decades dominated by rule-based approaches, statistical machine 

translation (SMT) became the leading paradigm in the 1990s, leveraging probabilistic modeling trained 

on bilingual corpora (Brown et al., 1993; Koehn, 2009). The mid-2010s then saw the rise of neural 

machine translation (NMT), where sequence-to-sequence and attention-based architectures produced 

major gains in fluency and adequacy (Sutskever et al., 2014; Bahdanau et al., 2015). Since around 2016, 

commercial MT systems have widely deployed NMT (e.g., Google’s GNMT), forming the 

technological backbone of many AI translation tools now used in educational settings (Wu et al., 2016). 

Within EFL education, AI translation tool use has become pervasive, expanding from informal 

learner support to increasingly structured pedagogical integration. As free online translators became 

widely accessible in the late 2000s, learners began using MT to manage linguistic difficulty, often 

adopting selective “last resort” patterns, attempting to produce as much English as possible and 

consulting MT for segments beyond their proficiency (García & Peña, 2011). As tool quality improved 

in the 2010s, reliance expanded and use became embedded in everyday study routines beyond the 
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classroom, reflecting the ubiquity of mobile and web-based translators. This normalization has also 

reshaped pedagogical debates: rather than treating MT as a prohibited shortcut, recent work increasingly 

focuses on how to integrate AI translation tools in ways that support learning, with instructional 

attention shifting from whether learners use MT to how they use it and how teaching can scaffold critical 

engagement (Kirchhoff, 2024). Consequently, many contemporary studies examine planned classroom 

interventions or training activities, while others continue to document spontaneous out-of-class use and 

learner perceptions, together indicating that AI translation tools are now a mainstream resource 

requiring evidence-informed pedagogical guidance. 

Empirically, the literature reflects diverse educational contexts but is concentrated in higher 

education. Most studies are situated in university EFL settings, including general English, academic 

writing, and translation-focused courses, with additional evidence emerging from secondary schooling 

and adult education, suggesting diffusion beyond tertiary contexts (Cancino & Panes, 2021; Alghasab, 

2025). Research most commonly examines widely available public MT systems, especially Google 

Translate, often alongside comparative tools (e.g., DeepL or Bing Translator). More recently, generative 

AI systems such as ChatGPT have been explored as translation supports in classroom scenarios, 

reflecting rapid uptake of new AI capabilities (Abdelhalim et al., 2025; Dinh, 2025). Implementation 
typically relies on accessible web/mobile platforms rather than bespoke software, aligning study 

contexts with authentic learner practices. Only a minority of studies incorporate dedicated computer-

assisted translation (CAT) environments; for example, Li and Tekwa (2025) report integrating an online 

CAT platform with MT functionality and instructor feedback in a semester-long course. Overall, current 

trends suggest that EFL translation education is increasingly shaped by readily available AI translation 

technologies, making systematic synthesis essential for understanding how tool type, instructional 

design, and learner engagement patterns jointly influence translation learning outcomes. 

Although research on AI-assisted translation in EFL contexts is expanding, the evidence base 

is still constrained by intertwined conceptual and methodological limitations. Conceptually, many 

studies do not operationalize translation competence with sufficient precision and sometimes treat 

improvements in general L2 writing fluency or accuracy as proxies for translation-skill development, 

leaving translation-relevant constructs (e.g., meaning fidelity, adequacy, genre/pragmatic 

appropriateness, and cultural mediation) under-specified and difficult to compare across studies (Lee, 

2020; Yang et al., 2023). In addition, the literature often conflates performance convenience with 

learning: higher-quality AI outputs may reflect tool-enabled production rather than durable competence 

gains, particularly when learners adopt AI suggestions uncritically or use tools to bypass cognitively 

demanding processing (Kirchhoff, 2024; Deng & Yu, 2022). A further gap is the weak integration of 

learning theory and strategy frameworks; learner behaviors (e.g., post-editing, reverse checks, cross-

tool comparison, iterative prompting) are frequently reported descriptively but not consistently 

categorized or theoretically interpreted, limiting cumulative insight into how strategic engagement 

mediates learning outcomes (García & Peña, 2011; Murtisari et al., 2024; Dinh, 2025). 

Methodologically, studies rely heavily on perception-based evidence and employ 

heterogeneous outcome measures (e.g., Pikhart et al., 2024; Dinh, 2025), with limited use of 

standardized translation-performance metrics, controlled comparisons, or baseline/post designs that can 

isolate tool effects (Li et al., 2024). The empirical base is also dominated by small, single-context, short-

duration investigations (such as Lee, 2020; O’Neill, 2019), and substantial variation in research designs 

and tool/task configurations further reduces generalizability and complicates cross-study synthesis 

(Kirchhoff, 2024). 

 

2.1 The ETLS Framework 

 
To address these conceptual ambiguities and methodological inconsistencies, this review adopts 

a structured ecological synthesis framework. This study adopts an AI-assisted translation learning 

ecology framework, operationalized as ETLS (Environment- Task- Learner- Strategy), to structure both 

the synthesis of evidence and the positioning of the present inquiry. 

Within ETLS, Environment refers to the material and instructional conditions under which AI 

tools are deployed for translation learning, including the type and affordances of AI translation tools 
(e.g., neural machine translation, generative AI assistants, CAT-like functions), the learning setting 

(classroom-based vs. blended; mobile vs. desktop). Task captures the design features of translation 
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learning activities, such as directionality (E-C/C-E), genre and domain specificity (general vs. 

business/ESP), unit of translation (sentence/paragraph/text), and assessment expectations (rubric-based 

accuracy, fluency, terminological consistency, pragmatic and cultural appropriateness), as well as the 

extent to which tasks require post-editing, comparison across outputs, and justification of translation 

choices. Learner highlights the characteristics of EFL students that may condition outcomes, including 

baseline language and translation competence, digital/AI literacy, motivational profiles, and technology 

acceptance tendencies. Strategy focuses on the observable and reported patterns of translation-related 

strategy use in AI-mediated contexts, spanning cognitive strategies (e.g., segmentation, reformulation, 

terminology verification), metacognitive strategies (e.g., monitoring, evaluating, reflecting), and AI-

specific interaction strategies (e.g., prompt refinement, triangulation with parallel texts/dictionaries, 

systematic post-editing and error diagnosis).  

Building on this ETLS framework, this study formulates the following research questions to 

guide the literature synthesis: 

 

RQ1. What are the AI-assisted translation strategies do EFL students report using in translation 

learning contexts? 
RQ2. What does the existing evidence suggest about the effectiveness of AI translation tools 

for improving EFL learners’ translation performance? 

RQ3. What implications does this evidence offer for future research, pedagogical 

implementation, and the evolving role of AI in EFL translation learning? 
 

3. Methodology  

 

Given the heterogeneity in how included studies operationalized ‘translation competence’, this 

review adopted a functional operational definition to enable cross-study comparison. For the purposes 

of synthesis, translation competence was defined as measurable performance on translation-specific 

tasks involving meaning transfer between languages, evaluated through criteria such as 

accuracy/adequacy, fluency, lexical and syntactic appropriateness, error patterns, and cultural or 

pragmatic sensitivity. 

Studies that assessed general L2 writing fluency or complexity were included only when 

outcomes were explicitly derived from translation tasks or when writing measures were directly tied to 

translation performance. Where studies treated general linguistic improvement as a proxy for translation 

competence, this review interpreted such findings cautiously and categorized them as indirect indicators 

rather than direct measures of translation-skill development. 

During synthesis, outcome measures were therefore grouped into translation-specific 

performance indicators and general language development measures associated with translation tasks. 

Greater interpretive weight was given to studies employing explicit translation evaluation rubrics or 

task-based assessment aligned with translation constructs. 

 

3.1 Literature Search Strategy 

 

The following scholarly databases were systematically searched for peer-reviewed journal 

articles: Education Resources Information Center (ERIC), Web of Science， ScienceDirect, Scopus 

and Education Research Complete. In addition, Google Scholar is used as a supplementary search tool 

to uncover any relevant studies not indexed in the primary databases.  

To capture the multifaceted topic, three thematic keyword groups have been formulated based 

on the core concepts of the study. These groups were linked with the Boolean operator AND to narrow 

results to studies covering all relevant aspects. Each group contains polished English terms (including 

synonyms and related phrases) reflecting academic terminology in AI-assisted language learning, EFL 

translation training and assessment. Table 1 details the search terms used across the three domains. 
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Table 1 

 

The Search Terms 
 

Domain Search Term 

Translation Skills “translation” or “translator” or “translation competence” or “translation proficiency” 

or “translation strategies” or “translation training” or “translation assessment” or 

“translation evaluation” or “translating” 

AI-Assisted Learning AI-Assisted Learning (“AI” or “machine” or “AI translation tools” or “AI tools” or 

“Artificial Intelligence” or “ChatGPT” or “computer” or “machine translation” or 

“AI-assisted language learning” or “computer-assisted” or “AI integration” or 

“neural machine translation” or “GenAI” 

EFL Context “EFL” or “Foreign Language” or “Second Language” or “L2 learners” 

 

This keyword strategy ensures that search queries target literature at the intersection 

of translation pedagogy, AI tool usage and EFL education. By using an “AND” linking strategy 

between these conceptual groups (as modeled in the reference review), the search will filter for studies 
that simultaneously address all key dimensions of the topic. 

 

3.2 Inclusion and Exclusion Criteria  

 

Clear inclusion and exclusion criteria guided the selection of studies from the search results. 

These criteria were applied during title/abstract and full-text screening to ensure that included studies 

directly address how AI translation tools influence EFL learners’ English translation skill development. 

The literature search is restricted to the period 2008-2025. The selected time window therefore 

captures both the initial integration of machine translation into EFL/ESL teaching and the more recent 

developments associated with neural machine translation and AI-assisted learning environments. 

Within this range, the search is limited to English-language, peer-reviewed journal articles, ensuring 

scholarly quality and accessibility. Particular attention were given to studies published in the last 5 years 

(2020-2025), when neural MT and classroom-oriented AI applications have become especially 

prevalent, so that the synthesis reflects the most current technological and pedagogical developments. 

 

Table 2 

 

Inclusion and Exclusion Criteria 

 

Inclusion Criteria (must meet all) Exclusion Criteria (excluded if any apply) 

⚫ Participants are EFL learners. 

⚫ Educational or training-

oriented translation context (e.g., 

vocational education, 

colleges/universities, adult education, 
professional/translator training). 

⚫ Examines AI tools used for translation 

tasks, including (but not limited to) 

machine translation software, AI-based 

translation apps, or AI writing assistants 

used specifically for translation-related 

work. Includes classroom studies, 

curriculum interventions, and 

comparative designs (AI-assisted vs. 

traditional instruction). 

⚫ Reports English translation 

competence/skills as a measurable 

outcome (e.g., translation accuracy, 

⚫ Studies focusing exclusively on K-12 or 

younger learners (primary/secondary). 

⚫ Non-educational/non-learning use only 

(e.g., travel, casual consumer use, 

workplace communication) without explicit 
learning aims, instructional design, or 

translation-skill outcomes. 

⚫ Studies using AI/CALL tools without a 

translation component (e.g., general writing 

tools with no translation tasks or 

translation-related outcomes). 

⚫ Does not measure translation-skill 

outcomes (e.g., focuses only on attitudes, 

general writing improvement, or language 

outcomes unrelated to translation 

competence). 
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Inclusion Criteria (must meet all) Exclusion Criteria (excluded if any apply) 

translation quality evaluation, 

test/assessment-based proficiency gains, 

or comparable metrics). 

⚫ English is a working language, and the 

study is situated in an EFL 

translation context. 

⚫ Translation pedagogy in language pairs not 

involving English (e.g., Spanish–French 

without an English component). 

⚫ Focuses on outdated MT/pre-modern 

AI (e.g., early rule-based systems) that do 

not represent current AI capabilities. 

⚫ Non–peer-reviewed outputs (e.g., theses, 

conference abstracts without full papers, 

reports) and/or publications outside 2008–

2025, and/or non-English publications. 

 

3.3  Screening Methodology 

 

A rigorous screening process was followed, modeled on best practices for systematic literature 

reviews (e.g., PRISMA guidelines). The screening proceeded in multiple stages to filter the initially 

retrieved articles down to those that truly meet the criteria: 

 

i. Identification: All references retrieved from the database searches were imported into a 

reference management tool (or spreadsheet). This initial pool might contain hundreds of 

records (as seen in the reference study, which initially identified 298 articles after de-

duplication). Duplicate entries (the same article found in multiple databases) were 

removed at this stage to yield a unique list of studies. 

ii. Title and Abstract Screening: Each remaining study’s title and abstract were reviewed 

against the inclusion/exclusion criteria. This is a preliminary relevance check. 

iii. Full-Text Review: For studies that pass the abstract screening, full texts were obtained 

and read in detail. Using a standardized form or checklist, each article was assessed to 

confirm it meets all inclusion criteria and does not meet any exclusion factors upon closer 

inspection. During this stage, reasons for exclusion were logged to maintain a transparent 

record. Any uncertainties or borderline cases were discussed among the research team. 

This step yields the final set of articles were included in the review. 

iv. Quality Appraisal: Alongside the full-text review, a quality assessment of each study 

were conducted. This involves evaluating the rigor and trustworthiness of the research. 

v. Data Extraction and Synthesis: (Moving beyond screening to the analysis phase, if 

applicable). Key data from each included study was extracted - e.g., study context, 

sample, details of the AI tool used, study design, and main findings regarding translation 

skill outcomes. This facilitated a structured comparison of studies in the eventual write-

up. A PRISMA flow diagram was prepared to document the number of studies at each 

stage of screening (identified, screened, eligible, included) and reasons for exclusions, 

ensuring transparency in the review process as per international standards (Moher et al., 

2009). 

 

After screening and full-text analysis, 26 studies met all inclusion criteria and were included in the 

final synthesis. Figure 1. displays the flow diagram of article search and screening steps. 
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Figure 1 

 

Flow diagram of article search and screening steps to identify studies for inclusion in the review 
 

 
 

Following established systematic review practices, a detailed coding form was developed to 

extract key information from each study. For each article, the researchers recorded its reference details, 

research design and methods, and the main findings and conclusions. This study then catalogued 

specific data pertinent to this review’s focus, including: (1) research design and methods; (2) the 

strategies students used in conjunction with AI translation (as described by the authors); (3) 

effectiveness of AI translation tools for improving translation performance outcomes; and (4) 

implications for future research, pedagogical implementation, and the evolving role of AI in EFL 
translation learning. 

This review was conducted and reported in accordance with PRISMA 2020 guidelines. Using 

this coding scheme, the articles were abstracted systematically and compiled into a comprehensive 

summary table (see Appendix Table A. for an overview of all studies). In constructing this table, the 

present study preserved, as much as possible, the original language used by study authors to describe 

their findings and participants, to minimize interpretation bias.  

 

3.4  Quality Appraisal and Risk of Bias  

 

      To enhance transparency and interpretive rigor, a light-touch quality appraisal was conducted 

for all included studies. Given the methodological diversity of the literature (including experimental, 

quasi-experimental, mixed-methods, and qualitative designs), a flexible appraisal approach was adopted 

rather than a single standardized risk-of-bias tool. Each study was evaluated against three broad criteria 

commonly used in educational systematic reviews: (1) clarity and appropriateness of research design, 
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(2) validity and relevance of translation-related outcome measures, and (3) transparency of data 

collection and analysis procedures. 

Studies were not excluded on the basis of quality alone; instead, appraisal outcomes were used 

to contextualize findings during synthesis. In particular, greater interpretive weight was given to studies 

with clearly defined translation tasks, explicit evaluation criteria, and outcome measures aligned with 

translation competence, while findings from perception-only or methodologically limited studies were 

treated cautiously. Where relevant, potential sources of bias (e.g., reliance on self-report, short 

intervention duration, absence of comparison groups) are acknowledged in the Discussion. 

 

4. Findings 

  

4.1  RQ1. What Are the AI-Assisted Translation Strategies Do EFL Students Report Using in 

Translation Learning Contexts? 

 

Nearly all the reviewed studies (with only a few exceptions where strategy use was not 

examined) reported insights into how EFL students interact with and exploit AI translation tools, 
revealing a repertoire of strategies. A first broad strategy observed is cross-referencing and verification. 

Students frequently did not take AI outputs at face value; instead, they engaged in cross-checking. For 

example, inputting the same text into multiple translation engines and comparing results, or using the 

reverse-translation technique (translating the AI’s output back into the L1 to check fidelity). Vukanović 

(2025) noted that many of his Croatian students would run difficult sentences through both Google 

Translate and ChatGPT, and then reconcile the outputs, an approach of triangulating between tools. 

This practice of comparing outputs also ties to another common strategy: leveraging MT as a dictionary 

or reference tool rather than a one-shot translator. Especially for single words or short phrases, learners 

treated the MT as a bilingual dictionary, checking definitions or alternative translations for vocabulary 

items (Daniel & Ancheta, 2025). In the study by Daniel and Ancheta, such “GT-as-dictionary” use was 

one of the most prevalent strategies across Arab EFL learners. By examining multiple translation 

options, students attempt to ensure accuracy and choose the most appropriate wording, indicating a 

strategic approach to overcome the known limitations of any single AI output.  

A second set of strategies revolves around iterative refinement and post-editing. Rather than 

using the AI tool in a single step, students often engaged in iterative cycles: they would edit the AI’s 

output or adjust their input and run it again to improve the results. For instance, Dinh (2025) documented 

that Vietnamese EFL students, when using ChatGPT for translation, would refine their prompts 

(providing more context or instructions) if the initial output was unsatisfactory- a strategy of prompt 

tuning to guide the AI. Similarly, when using standard MT, students applied post-editing strategies: 

correcting obvious grammatical errors, adjusting word choice, and fixing word order in the machine’s 

translation. Several studies explicitly measured how well students post-edited AI outputs. The general 

strategic behavior here is that learners do not view the AI output as final; they see it as a draft to be 

improved. This is echoed by self-reported strategies in surveys: for example, multiple participants in 

Pikhart et al. (2024) indicated that they “use Google Translate then polish the English result”- polishing 

meaning they review and edit the translation by themselves or with peers. This post-editing mindset is 

a positive sign, as it means learners are actively engaging with the language output, potentially learning 

from the corrections they must make. 

An interesting specific strategy related to the above is input simplification or controlled writing 

to optimize MT output. Especially among more experienced users, there was awareness that the quality 

of machine translation can be influenced by how the source text is written. Chomicz (2025) observed 

that her adult learners intentionally wrote shorter, simpler sentences in Polish before feeding them to 

the translator app, to get a clearer English translation that they could then expand upon. Likewise, some 

students reported avoiding idioms or complex phrases in the input to prevent mistranslation. This kind 

of strategic adaptation- essentially pre-editing one’s own L1 text- demonstrates metacognitive 

understanding of the AI’s limitations and how to work around them. It aligns with strategies 

professional translators use with MT (writing in a “MT-friendly” way) and suggests that learners can 

develop similar savvy. Another manifestation of this was giving detailed prompts to ChatGPT: students 

discovered that by specifying the context or desired style (e.g., “Translate this passage into English 
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using formal academic language”), they could steer the output closer to their target, rather than using 

the default output blindly. 

A further prevalent strategy is selective use of AI translation within a task. Students do not 

necessarily translate entire texts with the tool; they selectively translate difficult sections or unfamiliar 

phrases, while handling easier parts themselves. García and Peña (2011) noted this behavior in beginner 

Spanish learners: students wrote whatever English sentences they could on their own, and when stuck, 

they used MT for the parts beyond their ability. In more recent studies, this pattern persists. For example, 

in Lee’s (2020) study (replicated by Yang et al., 2023), many learners drafted an essay partly on their 

own and partly via MT- often writing the introduction and conclusion by themselves but resorting to 

MT for complex body paragraphs or vice versa. This hybrid strategy can yield a patchwork of human 

and machine text, which students then try to smooth out. It reflects a practical approach to maximize 

efficiency: using AI help where it provides a clear benefit (speeding up production of text they find 

challenging), but not for everything. Some instructors have described this as students using MT as a 

“last resort” or backup tool (O’Neill, 2019), which indicates a strategy of reserving the tool for specific 

challenges rather than defaulting to it for all writing. 

Notably, language-switching strategies were also reported. Several Arab EFL learners in the 
Middle East studies described a pattern of drafting in Arabic then translating to English with GT, 

essentially using MT to convert their L1 output to L2 (Ali, 2022; Daniel & Ancheta, 2025). Conversely, 

a few studies noted learners checking their English output by translating it back into their L1 to see if 

the meaning stayed intact (a form of reverse validation). This back-and-forth translation use is a 

deliberate strategy to ensure comprehension and accuracy: by seeing how the machine renders the 

English text into their native language, learners can sometimes catch nuances or errors they missed. It’s 

essentially a bilingual proofreading technique leveraging the MT in both directions. 

Finally, an overarching strategic mindset observed among more successful learners is critical 

evaluation of AI outputs. Advanced students exhibited a cautious approach: they would scrutinize the 

AI’s suggestions, accept what seemed useful, and reject or revise what seemed off target. Abdelhalim 

et al. (2025) report that their higher-level student translators, while preferring ChatGPT’s more fluent 

translations, often double-checked facts and nuance, aware that the AI could be confidently wrong. In 

surveys, many learners mentioned “common sense” checks- reading the AI-produced translation to see 

if it logically and grammatically made sense in context before using it. Notably, Kruk and Kałużna 

(2025) report that even when students experienced gains in translation accuracy and motivation under 

AI/MT-supported conditions, some explicitly worried about overreliance and reduced engagement, 

reinforcing the need for verification and selective adoption as a pedagogical norm rather than an 

optional habit. The importance of this critical stance is emphasized in the literature: students are advised 

(and some intuitively do this) not to trust the AI blindly. For instance, one of the “key strategy” 

recommendations synthesized by Daniel and Ancheta (2025) is that learners should engage in 

verification and selective adoption, meaning they should verify the AI’s output against other sources or 

their own knowledge and only adopt it into their work after ensuring it’s correct. This can be considered 

a meta-strategy that governs all other strategies, ensuring that AI use remains a support for learning 

rather than a wholesale substitute for the learner’s own thinking. 

 

4.2  RQ2. What Does the Existing Evidence Suggest About the Effectiveness of AI Translation 

Tools for Improving EFL Learners’ Translation Performance? 

 

How effective are AI translation tools in improving EFL learners’ translation abilities and 

related language skills? The studies in this review provide converging evidence that these tools can be 

beneficial under the right conditions, yet their impact is nuanced and not uniformly positive. Broadly, 

the effectiveness can be considered from two angles: performance outcomes (quality of 

translations/writing, test scores, etc.) and learner perceptions or attitudes. We discuss both, along with 

moderating factors that influence effectiveness. 

On measures of performance and task outcomes, many studies reported improvements in 

students’ work when AI tools were used, or at least no harm compared to traditional methods. For 

instance, in controlled experiments, students who had access to MT or ChatGPT often produced writing 

or translations with higher immediate accuracy and complexity. Particularly, ChatGPT assistance led 

to essays that were longer and richer in vocabulary and sentence structure, though sometimes at the 
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expense of textual cohesion. In translation-specific tasks, AI tools likewise boosted performance on 

certain metrics. Abdelhalim et al. (2025) noted that both novice and advanced student translators 

produced more fluent target texts with ChatGPT’s help than on their own, aligning with the tool’s 

strength in fluency. Several corpus-based evaluations lend objective support: for example, Kwok et al. 

(2025) showed that student translations post-edited with GPT had higher lexical complexity (greater 

variety of word choice) than the students’ original translations. These findings suggest that AI tools can 

raise the linguistic quality of output, providing a form of on-demand enhancement or correction that 

learners alone might not achieve. 

However, the improvements in product do not always straightforwardly translate to 

improvements in underlying competence. A recurring theme is that while AI assistance makes the 

immediate task easier or the immediate product better, concerns remain about whether students are 

improving their language proficiency and translation skills in the long run. Some studies attempted to 

measure learning gains more directly. For example, Zhang et al. (2025) and Yang et al. (2023) looked 

at whether using AI tools over a semester improved students’ independent writing or speaking skills. In 

Zhang et al.’s experiment with different NLP tools, they found all groups improved their English 

speaking slightly over 12 weeks, but no group (including the one using a chatbot translator) 
outperformed the control significantly, implying that AI tools did not drastically accelerate skill 

development, although they did aid task performance during the intervention. In Yang et al.’s replication 

study on writing, students who used MT for draft writing did not show a significant difference in post-

test writing proficiency compared to those who wrote without MT, despite the MT group’s drafts being 

better in the moment. These outcomes hint at a potential trade-off: AI tools can mask difficulties and 

produce a high-quality text for the learner, which might reduce the struggle that often leads to learning. 

This idea was explicitly raised by García and Peña (2011), who described the effect of MT as “positive 

for output quantity/quality, but possibly at the expense of learners’ cognitive engagement”. In their 

study, beginners who used MT wrote more and with fewer errors, but the authors cautioned that these 

students might not be internalizing all the corrections provided by the machine, as they bypass the trial-

and-error process of composing in L2. 

The perceptions and attitudinal data uniformly indicate that students value AI translation tools 

for the support they provide. In surveys and interviews across different contexts, a large majority of 

learners reported positive opinions, believing that tools like Google Translate or ChatGPT help them 

learn vocabulary, check their writing, and save time (Dinh, 2025; Pikhart et al., 2024; Ali, 2022). 

Motivation can also be positively impacted: for example, Bekdaş (2025) reported that integrating 

ChatGPT-based activities in a Turkish university EFL class led to a significant boost in student 

motivation, with students particularly appreciating the immediate feedback and “smart” assistance the 

AI provided. Advantages commonly cited by students include the speed of obtaining translations, 

improvements in spelling/ grammar, and the confidence of having a “second pair of eyes” on their 

writing. Notably, even teachers in some studies acknowledged benefits- Alghasab (2025) found that 

instructors, while cautious, saw potential in AI tools to assist students’ writing process and encouraged 

their guided use. 

Yet, reservations and concerns were also clearly documented, both by students and researchers. 

Chief among these is the issue of translation accuracy and errors: students are aware that AI translations 

can be wrong or unnatural, especially for nuanced or complex language. Abdelhalim et al. (2025) noted 

incidents of mistranslations or factual errors from ChatGPT (which can fabricate information), leading 

some learners to distrust the tool for high stakes use. The lack of contextual understanding was flagged- 

MT might choose an incorrect word sense or tone because it doesn’t fully grasp the context or 

pragmatics, requiring the student to notice and fix it. Another concern is over-reliance: both educators 

and learners worry that easy access to AI translation might reduce learners’ incentive to try using their 

own language skills. If a student habitually just pastes text into Google Translate without attempting to 

recall vocabulary or apply grammar rules, their productive skills might stagnate. A few studies provided 

evidence for this: for instance, a case in Chon et al. (2021) showed that some students who could have 

written a decent paragraph by themselves chose to translate an L1 paragraph with MT, resulting in 

correct output but possibly less practice of forming sentences in English. In interviews by Dinh (2025), 

some students themselves noted this dilemma: using ChatGPT made writing “too easy”, and they feared 

they weren’t practicing their English as much. This aligns with broader pedagogical concerns raised in 
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the literature that uncritical use of MT can become a “crutch” and hinder the development of 

autonomous language production skills. 

Importantly, many studies concluded that effective learning with AI tools is contingent on 

guidance and strategy. When students received training on how to use the tools (e.g., how to post-edit, 

how to interpret AI output critically, when to use or not use the translator), the outcomes were generally 

more positive. Students in Pikhart et al.’s (2024) study who were more satisfied with MT were often 

those whose teachers integrated it into lessons with clear goals, rather than those using it ad hoc. This 

trend supports the idea that pedagogical integration, incorporating AI translators as a tool to be skillfully 

used rather than a forbidden shortcut, leads to better learning. Daniel and Ancheta’s (2025) 

comprehensive review echoes this: they found that while Google Translate is widely used and can 

support performance on routine tasks, its successful use requires learners to engage in critical post-

editing and not to overly depend on it. They caution that without developing students’ own language 

and translation competence, MT output alone does not automatically translate into learning gains. 

Another moderating factor in effectiveness is learner proficiency, as mentioned earlier. Higher-

proficiency learners often benefit more from AI tools because they can use them as a complement to 

their skills- they understand the AI’s limitations and learn from its suggestions, whereas lower-
proficiency learners might either misuse the tool or fail to correct its mistakes. For instance, Chung 

(2020) found that advanced Korean EFL students improved the clarity and accuracy of MT-translated 

texts more effectively than intermediate students during post-editing, meaning the advanced group 

gained more from the MT-assisted activity. This suggests that a baseline of L2 knowledge is needed to 

turn MT into a learning opportunity; otherwise, learners might accept erroneous output or not grasp 

why the MT’s translation is the way it is.  

In summary, the effectiveness of AI translation tools on EFL learners’ translation skills is 

moderately to strongly positive when used strategically, and generally not detrimental to learning 

outcomes if over-reliance is avoided. Students improve their translated products and can learn from AI 

input, especially in terms of vocabulary and form, though the translation tools are not a magic bullet for 

proficiency. The tools work best as assistants- speeding up translations, providing suggestions and 

corrections, within a learning process still orchestrated by informed pedagogical practices and active 

learner engagement. This balanced perspective resonates with the findings across the reviewed studies: 

AI translation is a valuable new aid in the language classroom, one that can augment traditional learning 

if implemented thoughtfully, but it requires a rethinking of instructional approaches to ensure that the 

ultimate goal remains learners’ autonomous communicative competence, not just error-free texts 

produced by a black box.  

 

4.3  RQ3. What Implications Does This Evidence Offer for Future Research, Pedagogical 

Implementation, and the Evolving Role of AI in EFL Translation Learning? 

 

Across the 26 included studies, a clear implication is that pedagogical value does not come 

from AI access alone, but from how tool use is structured, evaluated, and regulated in learning activities. 

Rather than framing AI translation tools as either “helpful” or “harmful,” the evidence consistently 

points to conditional benefits: gains are more likely when learners engage critically with AI output, 

articulate reasons for revisions, and treat AI as a resource to be interrogated. This emphasis on guided 

engagement appears in both MT-focused studies and more recent LLM-oriented work, where learners’ 

tool use is widespread but their ability to evaluate output quality varies substantially (Vukanović, 2025; 

Dinh, 2025; Klimova, 2025). 

A first implication for pedagogical implementation is the need to formalize “AI translation 

literacy” as an instructional target. Several studies suggest that learners want explicit guidance on how 

to use translation tools effectively, which implies that leaving tool use to informal self-help may amplify 

convenience without ensuring learning (Yang et al., 2023; Daniel & Ancheta, 2025). In practice, this 

means embedding tool-use instruction into course routines, including when to consult AI, how to verify 

adequacy and appropriateness, and how to justify post-edits. Dinh (2025) illustrates this shift 

particularly clearly in LLM settings, where students’ outcomes depend on how they interact with the 

tool, including the quality of prompts and the extent to which they treat AI output as a draft that requires 

verification and revision. Similarly, Daniel and Ancheta (2025) highlight that students often use Google 

Translate strategically as a lexical resource, which suggests a teachable pathway: instructors can 
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promote selective, segment-level consultation while discouraging wholesale copying. At the curriculum 

level, Li and Tekwa (2025) further indicate that MT can be incorporated as a cognitive tool in translation 

and CAT-related instruction when teachers make strategy use explicit and provide feedback structures 

that support self-regulation, rather than treating MT use as a purely individual habit. 

A second, closely related implication is that post-editing and error-focused comparison tasks 

are central mechanisms for turning AI output into learning. Multiple studies imply that translation 

pedagogy should reposition AI output as an object for critique, not a final product. In translator training 

contexts, Varela Salinas and Burbat (2023) argue for integrating MT and post-editing as a normal 

component of instruction and assessment, emphasizing systematic diagnosis of typical MT errors and 

targeted reinforcement. Similar instructional logic appears in proficiency-focused studies suggesting 

that post-editing tasks can stimulate deeper processing, especially when students are required to explain 

revisions rather than merely “fix” surface errors (Kim & Cha, 2023; Chung, 2020). In more recent 

comparative work, Abdelhalim et al. (2025) shows that students’ evaluations of ChatGPT and Google 

Translate are shaped by perceived strengths and limitations, which supports a pedagogy that requires 

learners to compare tool outputs, identify where each tool performs well, and defend their choice of 

revisions using translation-relevant criteria. Chon et al. (2021) likewise indicate that while MT can 
support linguistic sophistication, it can also introduce mistranslations and poor lexical choices, implying 

that classrooms should integrate meaning-checking routines and guided editing so that learners learn to 

detect and correct these predictable weaknesses. From this perspective, the “productive” instructional 

use of AI is not simply to obtain better drafts, but to make learners practice evaluation, decision-making, 

and accountability, which aligns with the repeated observation that uncritical acceptance of AI output 

increases the risk of shallow processing (Garcia & Pena, 2011; Ali, 2022). 

A third implication concerns differentiation by learner characteristics, particularly proficiency 

and evaluative capacity. Several studies suggest that the same tool can function as a scaffold for one 

learner group and as a dependency risk for another. Kim and Cha (2023) explicitly point to proficiency-

sensitive implementation when using MT with post-editing, implying that weaker learners may require 

stronger scaffolding to avoid over-trusting output and to keep attention on meaning, while stronger 

learners may benefit from more complex editing demands and higher expectations for justification. In 

a similar vein, Chung (2020) suggests that the effectiveness of MT post-editing as instruction depends 

on proficiency and task design, reinforcing the implication that “one-size-fits-all” integration is unlikely 

to be optimal. Evidence from tool-output analyses also supports differentiation: Huang et al. (2025) 

indicate that LLM and MT outputs can differ in linguistic complexity, which implies that teachers may 

need to align tool choice and task demands with learners’ developmental readiness. This proficiency-

sensitive logic is also consistent with earlier work showing that beginners may experience increased 

fluency and participation through MT assistance but also worry about reduced independent thinking if 

tool use replaces their own linguistic effort (Garcia & Pena, 2011). Consequently, the pedagogical 

implication is not to prohibit tools for lower proficiency learners, but to design tasks that require active 

engagement, such as limited-scope tool use, mandatory post-editing steps, or reflective rationales that 

keep learning goals in focus. 

A fourth implication is that responsible implementation requires explicit norms, institutional 

guidance, and integrity-oriented classroom policies. Several studies raise concerns about overreliance, 

inaccurate output, and misuse, suggesting that responsible-use frameworks should be part of teaching 

rather than an external administrative add-on. Nugroho et al. (2025) emphasize benefits but also 

highlight risks associated with credibility and uncritical uptake, implying the need for verification 

routines and clear expectations for attribution and acceptable use. Bekdaş (2025) similarly underscores 

that while learners may value ChatGPT’s convenience, concerns about inaccuracy, dependency, and 

academic dishonesty remain salient, supporting explicit discussion of responsible use and strategies for 

checking reliability. In secondary contexts, Alghasab (2025) reports that learners may be uncertain 

about whether AI use strengthens or weakens independent ability over time, which implies that teachers 

should balance AI-assisted practice with tasks designed to maintain autonomy and self-generated 

production. In a broader adoption-oriented study, Wang and Wang (2025) suggest that tool 

effectiveness in low-resource settings depends not only on technical improvement (e.g., better 

translation quality) but also on learners’ expectations and social influences, implying that institutional 

support and clear implementation guidance can shape both uptake and learning outcomes. Taken 

together, these studies imply that the evolving classroom role of AI requires governance through 
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transparent policies and explicit pedagogical routines that make evaluation, accountability, and ethical 

considerations visible (Aijun, 2024; Wong & Symons, 2025). 

In addition to implications for teaching, the evidence provides a coherent agenda for future 

research. A dominant implication is methodological: many studies rely on self-report, short-term 

outcomes, or context-specific samples, which limits claims about durable translation-skill development. 

Klimova (2025) and Pikhart et al. (2024) both point to the need for broader designs beyond snapshot 

surveys, implying that future work should incorporate longitudinal tracking, stronger comparison 

groups, and outcomes tied to translation competence rather than general attitudes alone. Process-

oriented designs are also repeatedly implied as necessary. Chon et al. (2021) suggest that understanding 

how learners actually work with MT requires process evidence (e.g., examining the gap between tool 

output and learners’ post-edited versions), and Dinh (2025) similarly implies that interaction patterns 

(including iterative prompting in LLM contexts) are central to explaining why some learners benefit 

more than others. Studies focusing on meaning-sensitive or culture-loaded content imply another 

research direction: Vukanović (2025) and Abdelhalim et al. (2025) both indicate that figurative 

language and literary translation demands reveal tool limitations that standard accuracy metrics may 

miss, suggesting future research should test a wider range of genres and culturally embedded texts with 
translation-relevant criteria and detailed error typologies. In parallel, newer work highlighting 

“translationese” or genre-insensitive patterns in AI outputs implies that future studies should develop 

stronger benchmarks for naturalness, pragmatics, and appropriateness, and examine how prompt 

conditions and interactive workflows shape these outcomes (Kwok et al., 2025; Alkhawaja, 2024). 

A major methodological limitation across the 26 included studies is the predominance of short-

term or cross-sectional designs. Most interventions ranged from single-session tasks to semester-based 

implementations, which restricts claims regarding sustained translation competence development. 

While AI-assisted conditions frequently yielded improved immediate performance, the absence of 

delayed post-tests and transfer measures limits conclusions about durable skill acquisition (Pikhart et 

al., 2025; Klimova, 2025). Future research should prioritize longitudinal designs incorporating delayed 

assessments, tool-free transfer tasks, and multi-semester tracking of learners’ independent translation 

performance. Without such evidence, observed gains may reflect performance augmentation rather than 

developmental change. Establishing durable competence transfer therefore represents a critical next 

step for the field. 

Finally, the literature converges on an evolving role of AI in EFL translation learning, shifting 

from a convenience tool toward a mediated learning partner and a catalyst for redefining translation 

competence. Across studies that discuss translator training and classroom integration, AI is not 

positioned as a replacement for learning or for human judgment; instead, it increases the importance of 

post-editing, evaluation, and workflow management as core competencies. Varela Salinas and Burbat 

(2023) explicitly connect MT integration to changes in training priorities, emphasizing post-editing and 

critical review as increasingly central professional and educational skills. LLM-focused studies 

similarly imply that translation competence now includes the ability to interact effectively with AI, to 

refine inputs, and to supervise outputs through verification and culturally sensitive revision (Dinh, 2025; 

Kwok et al., 2025; Alkhawaja, 2024). This reframing is also consistent with findings that learners can 

benefit from AI support, but only when instruction keeps learners accountable for meaning, 

appropriateness, and justification of choices (Daniel & Ancheta, 2025). Overall, the synthesized 

evidence implies that future EFL translation pedagogy should treat AI as a normal but disciplined 

component of learning, where the key outcomes are not only improved products, but strengthened 

evaluative judgment, post-editing competence, and self-regulated tool use that can transfer beyond any 

single platform (Yang et al., 2023; Li & Tekwa, 2025; Kim & Cha, 2023). 

 

4.4  ETLS Based Synthesis Summary  

 

      Viewed through the ETLS framework, the reviewed evidence reveals consistent patterns across 

dimensions. In terms of Environment, most studies examined freely accessible AI tools, with neural 

machine translation systems (e.g., Google Translate) dominating earlier work and increasing attention 

to large language models (e.g., ChatGPT) in recent studies. Regarding Task, translation activities were 

typically short-text or paragraph-level, predominantly L1-L2 (EFL) translation, with limited genre 

diversification beyond general academic or instructional texts. The Learner dimension was 
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characterized primarily by tertiary-level EFL students, with proficiency emerging as a key moderator 

of outcomes. Finally, the Strategy dimension showed the greatest convergence, with recurring reports 

of post-editing, cross-tool comparison, selective tool use, reverse translation checks, and iterative 

refinement, indicating that strategic engagement mediates the effectiveness of AI-assisted translation 

learning. 

 

5. Discussion and Conclusion  

 

This systematic review synthesized evidence from 26 empirical studies on how AI translation 

tools shape EFL learners’ translation learning and performance. Using the ETLS framework to organize 

Environments, Tasks, Learners, and Strategies, the review provides an integrated account of what 

learners do with AI tools, what outcomes have been observed, and what these findings imply for 

research and pedagogy. Across the corpus, two broad conclusions emerge. First, AI-assisted translation 

has become a routine feature of EFL translation learning environments, dominated by free and easily 

accessible NMT tools (notably Google Translate) and increasingly complemented by LLM-based 

systems such as ChatGPT in the newest studies (Klimova, 2025; Dinh, 2025; Bekdaş, 2025). Second, 
the evidence supports a conditional effectiveness view: AI tools can enhance task performance, but 

learning value depends on the strategies learners employ and the degree of instructional structuring that 

converts tool use into reflective, competence-building activity (Chon et al., 2021; Kim & Cha, 2023; Li 

& Tekwa, 2025; Kruk & Kałużna, 2025). 

With respect to RQ1, the review consolidates a coherent pattern of learner-reported AI-assisted 

translation strategies that extends beyond simple “use vs. non-use.” Across MT- and LLM-oriented 

studies, learners commonly reported cross-checking outputs across tools and resources, iterative post-

editing of AI drafts, selective use for difficult segments (e.g., lexical or phrase-level support rather than 

full-text substitution), and verification routines such as back-translation or meaning confirmation 

(Vukanović, 2025; Daniel & Ancheta, 2025; Garcia & Peña, 2011). Importantly, several studies imply 

that these strategies are not merely operational habits but reflect cognitive and metacognitive regulation, 

including monitoring tool reliability, managing dependence, and aligning tool use with task goals (Dinh, 

2025; Yang et al., 2023). By synthesizing these recurring behaviors, the review contributes a clearer 

strategic vocabulary for describing AI-mediated translation learning, which can support more 

systematic process-oriented research and more explicit classroom strategy instruction. 

Regarding RQ2, the evidence suggests that AI translation tools often improve immediate 

performance outcomes in translation-related tasks, though effects vary by task demands, learner 

proficiency, and evaluation criteria. Multiple studies reported higher quality products in AI-assisted 

conditions, such as fewer grammatical errors, more fluent output, and improved lexical choice, which 

is consistent across both earlier MT research and newer work on generative tools (Garcia & Peña, 2011; 

Alghasab, 2025). At the same time, the review clarifies why results sometimes appear mixed. Some 

studies indicate that while linguistic sophistication may rise, meaning accuracy can suffer through 

mistranslations, inappropriate word choice, or pragmatic mismatch, underscoring the need to separate 

“surface improvement” from “communicative adequacy” (Chon et al., 2021; Ali, 2022). Evidence also 

indicates that proficiency moderates outcomes: lower-proficiency learners may benefit from scaffolding 

that helps them produce more complete and accurate texts, yet they may also face higher risk of over-

trust when they lack resources to evaluate AI output (Garcia & Peña, 2011; Kim & Cha, 2023). Taken 

together, the review’s synthesis suggests that the most robust pattern is not uniformly positive or 

negative, but rather that AI tools enhance performance most reliably when learners engage in evaluative 

and revision-oriented strategies and when tasks require accountable editing rather than passive 

acceptance. 

For RQ3, the synthesized evidence yields implications that are both pedagogical and 

theoretical. Pedagogically, the studies converge on the need to treat AI translation tools as disciplined 

learning resources embedded in instruction, not informal shortcuts used outside the pedagogical frame. 

Several studies highlight learners’ demand for explicit guidance and indicate that unstructured use can 

amplify convenience without ensuring learning; therefore, “AI translation literacy” should become a 

curricular objective, including knowing when to use AI, how to verify output, and how to justify 

revision decisions (Yang et al., 2023; Nugroho et al., 2025; Daniel & Ancheta, 2025). A consistent 

instructional implication is to center post-editing and comparison tasks as mechanisms that transform 
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AI output into learning opportunities. This is emphasized in MT-oriented translator education where 

MT and post-editing are framed as legitimate competencies and error diagnosis becomes a teachable 

routine (Varela Salinas & Burbat, 2023; Chung, 2020). Similar logic is visible in LLM settings, where 

outcomes depend strongly on interaction practices, including prompt quality, iterative refinement, and 

verification, reinforcing the need for structured classroom workflows rather than one-off tool use (Dinh, 

2025; Kwok et al., 2025). 

The evidence further implies that implementation should be differentiated. Proficiency-

sensitive designs are repeatedly recommended, because learners’ ability to evaluate and revise AI output 

determines whether AI serves as scaffold or substitute (Kim & Cha, 2023; Chung, 2020). In parallel, 

many studies emphasize governance issues such as overreliance, inaccurate output, and academic 

integrity risks, implying that responsible-use norms and transparency expectations should be addressed 

explicitly in teaching and assessment rather than treated as peripheral concerns (Bekdaş, 2025; Nugroho 

et al., 2025; Wong & Symons, 2025). These concerns are especially salient as tool quality improves: 

the more fluent AI output becomes, the more learners may confuse plausibility with correctness, making 

verification and accountable authorship central learning outcomes. 

Conceptually, the review suggests that AI is reshaping translation learning from a product-only 
orientation to a hybrid competence model where evaluation, post-editing, and workflow management 

become core skills. Translator training research explicitly frames this shift as a change in professional 

and educational profiles toward post-editing and technology-mediated language work (Varela Salinas 

& Burbat, 2023). More recent LLM-oriented studies similarly imply that learners must develop 

competencies for interacting with AI as a collaborative resource, while maintaining human oversight 

for pragmatics, culture, and task purpose (Kwok et al., 2025; Alkhawaja, 2024). Thus, the evolving role 

of AI in EFL translation learning is best understood not as replacing translation competence, but as 

increasing the importance of judgment, verification, and revision literacy. 

While consolidating current knowledge, the review also identifies priorities for future research 

grounded in the included studies. First, the predominance of short-duration studies further underscores 

the need for longitudinal evidence to establish whether AI-assisted improvements translate into durable 

translation competence. Second, future work should adopt more process-sensitive methods to capture 

how learners interact with AI, including how they select segments for tool use, how they post-edit, and 

how verification strategies mediate outcomes (Chon et al., 2021; Dinh, 2025). Third, research should 

expand scope across genres and meaning-sensitive content, because several studies indicate that 

figurative language, cultural nuance, and pragmatic appropriateness remain recurring challenge areas 

where evaluation and human judgment are most visible (Vukanović, 2025; Ali, 2022). Finally, given 

the emerging role of LLMs and concerns about “AI translationese” and genre sensitivity, research 

should examine human–AI workflow designs and instructional prompting practices that shape output 

quality and learning value (Kwok et al., 2025; Alkhawaja, 2024). 
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