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Abstract 

Generative AI (GenAI) is a rising trend in Higher Education (HE); it is not only reshaping how students 
learn but also how academic integrity is upheld. This is particularly evident in English for Academic 
Purposes (EAP), where authentic academic writing is a core indicator of learning outcomes. Despite the 
growing use of AI detection tools, their documented unreliability leaves educators facing uncertainty and 
ethical risk when grading their students’ writings, as any misclassification could lead to serious 
consequences. This exploratory study examines how eight foundation-level EAP teachers in Bahraini HE 
institutions approach the task of detecting AI-generated content. Using a think-aloud protocol and 
Cognitive Engagement as an analytical lens, the study reveals that teachers rely on a blended approach, 
shifting flexibly between minds-on strategies (contextual knowledge, linguistic analysis, professional 
reflection, and verification via interrogation) and hands-on techniques (use of external tools), which 
indicates that AI detection is a complex professional judgment task rather than a purely technical one. 
The results suggest that Professional Development (PD) should go beyond general AI awareness and 
focus on practical, discipline-specific skills, such as interpreting unreliable detector results, identifying 
changes in students’ writing patterns, and dealing with uncertainty when evidence is not sufficient. 
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Introduction 

With the rise of Generative Artificial Intelligence (GenAI) in academic contexts, particularly in Higher 
Education (HE), a new form of plagiarism has surfaced: AI plagiarism. It refers to cases in which GenAI 
unintentionally replicates or closely resembles existing texts from uncredited sources in its training data 
(Dien, 2023), making GenAI increasingly controversial in HE contexts. Beyond accidental plagiarism, its 
potential for deliberate misuse in academic misconduct (Bin-Nashwan et al., 2023; Currie, 2023; Şık 
Keser & Razı, 2024) has also raised major concerns due to the central role academic integrity plays in 
these settings. Academic integrity stands for the “compliance with ethical and professional principles, 
standards and practices by individuals or institutions in education, research and scholarship” (Tauginienė 
et al. 2018, p. 8), and this definition is adopted because it captures academic integrity as both an 
individual and institutional responsibility. In current times, it is constantly at risk of being compromised 
by unchecked and undetected reliance on GenAI (Cotton et al., 2023; Eke, 2023); recent studies show that 
many learners openly admit to using GenAI tools for their writing tasks (Golan et al., 2023; Du & Yang, 
2025), raising concerns about potential overreliance on such tools and their impact on independent 
writing and critical thinking skills (Kasneci et al., 2023). 
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While these findings highlight student behaviour, they also signal a growing challenge for educators, who 
are positioned at the frontline of protecting academic integrity and ensuring fair assessment while 
safeguarding Course Intended Learning Outcomes (CILOs). The challenge is especially pronounced in 
English for Academic Purposes (EAP) contexts, where academic writing is both a core skill and a direct 
measure of achieving CILOs. Without a clear understanding of how EAP teachers address this challenge, 
there is a risk that GenAI may undermine authentic skill development, assessment validity, and, again, 
academic integrity (Şık Keser & Razı, 2024).  

In response to growing concerns about academic integrity in the GenAI era, many HE institutions initially 
turned to AI detection systems as a practical way to identify possible AI-generated content (Ardito, 2024). 
As a result, several AI detectors emerged in early 2023, ranging from well-known commercial systems 
(e.g., Turnitin, Grammarly) to new publicly available tools (e.g., Quillbot, GPTZero, Scribber), all 
designed to identify traces of GenAI in written outputs. Nonetheless, empirical studies have shown mixed 
results regarding detectors’ ability to reliably differentiate between AI-generated and human-generated 
content (Perkins, 2023; Weber-Wulff et al., 2023; Ibrahim, 2023; Liang et al., 2023; Kar et al., 2024; 
Giray et al., 2025). This places educators in a difficult position, as there is still no reliable method for 
detecting GenAI, and any misclassification can carry serious consequences for students, especially when 
their work is incorrectly flagged as AI-generated. Educators are left to navigate these risks and 
uncertainties on their own, while simultaneously striving to meet institutional expectations.  

Against this backdrop, this study shifts attention from technological solutions (AI detectors) to educators’ 
perspectives, specifically focusing on EAP teachers as the key decision-makers when it comes to GenAI 
detection. This small-scale study aims to investigate how EAP teachers engage in the task of detecting 
AI-generated content in student writing, using a think-aloud protocol where participants verbalise their 
thoughts during the task. The study is situated in a foundation-level HE context, specifically within an 
EAP setting in Bahrain. The aim is to understand the thinking processes of participants when identifying 
AI-generated content in academic writing, the depth of their engagement, and the strategies they employ.  

As the data is derived from the think-aloud protocol, this study adopts the lens of Cognitive Engagement 
(CE), defined as the mental effort, strategies, and thought processes individuals use to engage with a task 
(Fredricks et al., 2004). This framework enables exploration of the professional learning curve 
experienced by EAP practitioners as they navigate complex GenAI tools. While strategies are examined, 
the primary focus is on the reasoning behind them, allowing the analysis to move beyond a simple 
catalogue of methods. Accordingly, the central research question asks: What is the level of engagement 
among EAP educators when detecting GenAI in writing, and what strategies do they use? 

The study aims to gain a clearer understanding of participants’ engagement with GenAI in real-world 
settings, making the research inherently exploratory. Additionally, AI detection in HE is a relatively new 
and evolving area, particularly among EAP teachers, and remains underexplored in both AI and teacher 
cognition literature despite its increasing relevance; this study offers insight into how educators engage 
with this evolving practice in real-world contexts, which can inform future research and generate practical 
implications for EAP settings navigating GenAI. Finally, GenAI is not recognised as inherently 
equivalent to plagiarism in this study; rather, the focus is on how teachers interpret different forms of AI 
use and distinguish between acceptable support and potential threats to academic integrity. 

Literature Review 

GenAI and the Issue of Academic Authorship 
The issue of authorship and attribution with GenAI has sparked significant debate among scholars, with 
many advocating that GenAI tools cannot be credited as authors or co-authors (Dien, 2023; Lee, 2023; 
Thorp, 2023; Bozkurt, 2024); these debates raise ethical and legal questions about the ownership of AI-
generated content. The issue is not whether GenAI should receive credit for the text it generates but rather 
how to recognise the unnamed authors whose works were used in its training, which is the case in AI 
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plagiarism. This is where agency and responsibility become central to the debate. Academic authorship is 
built on the assumption that a writer can make intentional choices, exercise judgment, and be held 
accountable for the consequences of their work (UKRIO, 2025). GenAI lacks this agency; it does not 
understand, intend, or take responsibility for anything it produces because it is simply not human (Lee, 
2023). Therefore, it cannot be considered an author or a co-author under current legal and ethical 
standards. Dien (2023) likens giving GenAI credit for content to giving credit to a photocopier. This 
analogy reinforces the position that GenAI functions as a tool rather than an author, regardless of the 
complexity of its outputs. 

Indeed, not everyone opposes the use of GenAI in HE; many researchers advocate for its use as a 
collaborative support tool in academic settings (Su et al., 2023; Tang & Putra, 2025), despite 
acknowledging the concerns about potential quality reduction and ethical misuse (Rahman & Watanobe, 
2023). These perspectives do not necessarily contradict authorship principles but instead reposition 
GenAI as a form of support within the writing process rather than as a replacement for human authorship. 
This also reflects a growing divide between those who see GenAI as a threat and those who see it as a 
transformative educational tool. Furthermore, Alwaqdani (2024) states that while educators acknowledge 
the potential of GenAI, they also express concerns about the effort involved in learning and adapting to 
these technologies. This implies that educators’ responses to GenAI are influenced not only by ethical 
considerations but also by practical and professional demands, which may be shaped by specific 
institutional policies and top-down coordination (Ullah et al., 2024).  

To conclude, the main issue is not the presence of GenAI in academic writing but the extent to which its 
use aligns with principles of transparency, human agency, and responsibility (UKRIO, 2025). These 
values are essential for academic integrity, particularly in EAP settings where writing must demonstrate 
students’ language ability and cognitive development.  

AI Detectors and the Issue of Reliability 
Newly developed algorithms for detecting AI allegedly differentiate AI-generated content from human-
written content through advanced models and techniques to analyse and detect AI-generated text. For 
example, one prominent approach is the use of Machine Learning (ML), Deep Learning (DL), 
and Natural Language Processing (NLP) models to analyse text features such as word frequency, 
structure, and coherence to distinguish between human-written and AI-generated content (Alshareef et al., 
2025). Another proposed approach relies on watermarking rather than text analysis. Jiang et al. (2023) 
describe how invisible watermarks can be embedded in AI-generated text at the point of generation, 
making them detectable by specialised algorithms without needing to analyse the text’s linguistic features. 
However, although these different methods were initially proposed as solutions for AI detection, they 
have not proven immune to evasion. Krishna et al. (2023) and Weber-Wulff et al. (2023) describe evasion 
strategies designed to bypass detection, such as paraphrasing, synonym replacement, misspelling, and 
article deletion, that can successfully bypass many AI detectors, which questions their reliability.  

In addition to evasion strategies invented by GenAI users, the reliability of AI detectors, in general, is a 
shared concern among scholars despite their sophisticated techniques; empirical studies reveal that 
different tools produce widely varying results, and none are perfectly accurate. For instance, Kar et al. 
(2024) examined ten AI detectors and found widely varying results, while Liang et al. (2023) tested seven 
popular GPT detectors on TOEFL essays from non-native, English speakers and essays by U.S. eighth 
graders, and they labeled over half of the TOEFL essays as AI-generated with an average false-positive 
rate of 61.3%, which led them to conclude that AI detectors may have biases against non-native English 
speakers. This is crucial because it seems that GenAI could be biased against EFL learners. 

In brief, AI detectors remain constrained by limitations and therefore cannot be fully relied upon to 
capture AI-generated content in academic writing despite the advanced technologies they represent. 
According to Muhsen and Khmas (2025), detection tools are not foolproof and therefore, “teacher 
judgment, oral defences, and assignment scaffolding are increasingly needed to make detection tools 
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accurate and fair” (p. 44), which makes sense in EAP because marking compositions is not, and may 
never be, automated. Finally, Ibrahim (2023) agrees that these tools are viable resources for investigating 
plagiarism, but encourages educators to take a holistic approach, which may include interviewing students 
about the content of their work or comparing the linguistic complexity of flagged assignments against a 
student’s in-class performance, for educators to make academic integrity decisions.  

Humans as Detectors and the Issue of Accuracy 
Although AI detectors were initially introduced as a solution, their inconsistent performance has driven 
educators to move beyond technological solutions and toward alternative methods for ensuring academic 
integrity, such as face-to-face discussions with students about their progress and content (Gorichanaz, 
2023). This shift is motivated by a lack of trust in AI detectors, which have shown inconsistent accuracy 
rates (Perkins, 2023; Weber-Wulff et al., 2023; Giray et al., 2025). However, relying on human intuition 
introduces its own set of challenges. Köbis and Mossink (2021) found that individuals often maintain 
high levels of confidence in their ability to distinguish between AI and human-written text, even when 
their actual performance is limited. This implies that perceived detection capability does not necessarily 
correlate with objective accuracy. In the context of HE, such overconfidence poses tangible risks, 
potentially leading to false accusations or missed instances of AI use.  

This task is further complicated by the interpretive nature of assessment, which traditionally relies on an 
educator’s knowledge of a student’s prior work and expected progress (Cooksey et al., 2007). This poses 
a significant problem during blind marking, also known as anonymous marking, a strategy designed to 
promote objectivity by withholding students’ identities (Chan, 2025). While this approach is widely 
practiced in many institutions and is crucial for system validity and ensuring fairness across settings, the 
lack of contextual knowledge, such as a student’s baseline performance, can significantly complicate the 
marking process (Cooksey et al., 2007). Moreover, the absence of student identity often increases the 
cognitive load of teachers and markers, leading to feelings of uncertainty and “distracted and prolonged 
marking” (Chan, 2025, p. 125), as they can no longer rely on their previous impressions to guide their 
decisions. This is illustrated by Gao et al. (2023), who discovered that while blind reviewers accurately 
identified 68% of ChatGPT-generated abstracts, they also mistakenly flagged 14% of genuine human 
work as AI-generated. Furthermore, as AI models evolve, their generated text becomes increasingly 
sophisticated, often matching or exceeding human writing in clarity, coherence, and perceived quality 
(Dillion et al., 2025), making manual detection a very difficult task for educators (Elkhatat et al., 2023). 
For example, Gao et al. (2023) reported that reviewers found the AI detection task more challenging than 
anticipated, as AI-generated abstracts often appear less specific and follow a more predictable writing 
pattern.  

In brief, the ‘human eye’ struggles with accuracy, particularly in linguistically diverse contexts like EAP, 
where stylistic variation is common, and especially when marking is blinded. These difficulties reflect 
longstanding concerns regarding inter-marker reliability, or inter-teacher agreement, where evaluative 
judgments fluctuate based on an individual’s interpretation of criteria and access to student context 
(Cooksey et al., 2007). With both human judgment and automated tools showing significant reliability 
gaps, there appears to be a need for educators to develop flexible, adaptive professional identities to 
navigate this technological shift (Lai et al., 2025). 

Theoretical Framework 

Cognitive Engagement Theory (CE) 
CE refers to the degree of mental effort, self-regulation, and strategic thinking applied to problem-solving 
or learning activities (Greene, 2015), and it has been widely applied in educational research to examine 
how individuals interact with tasks at a mental level, focusing on the depth of their thinking and the 
strategies they employ (Fredricks et al., 2004). While CE was originally conceptualised in relation to 
students’ learning behaviours (Halverson & Graham, 2019), it is equally relevant for understanding how 
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educational practitioners process complex, judgment-based tasks requiring sustained reflection, such as 
AI detection. In this study, evaluating academic writing for traces of GenAI represents a contemporary 
professional challenge that demands metacognitive strategies, positioning educators as adaptive decision-
makers responding to an evolving dilemma. 

This study draws on Chi et al.’s (2018) concepts of “minds-on” and “hands-on” engagement from their 
five-year CE project. These terms are used to describe the degree of mental effort and strategic thinking 
participants demonstrate during the AI detection task, particularly in distinguishing between deep and 
surface-level processing: 

1. Hands-on Engagement: Reliance on minimal-effort or surface-level strategies aimed at immediate task 
completion. 

2. Minds-on Engagement: Use of metacognitive strategies involving sustained attention, persistence, 
integration with prior knowledge, elaboration, and active monitoring. 

Accordingly, CE guides the analysis of EAP teachers’ verbalised thoughts during the think-aloud 
protocol, examining the extent to which their reasoning reflects surface-level “hands-on” or deeper 
“minds-on” processing in navigating the cognitive demands of AI detection.  

Methods 

Setting and Context 
The study’s context is foundation-level HE in Bahrain, a stage where students are still developing the 
linguistic and academic skills required for undergraduate study. This level was selected because issues of 
academic integrity and AI-generated writing are particularly salient among learners who are still 
strengthening their academic writing proficiency. The setting is EAP, in which learners and instructors are 
EFL users, and student writing typically exhibits non-native linguistic patterns, including predictable 
language patterns, a small range of vocabulary, simplified syntax, and even language errors (e.g., spelling, 
punctuation, grammar), that reflect their stage of language development. Although this study does not 
have any participating students and the written samples are not produced by actual students (section 4.3), 
this setting is useful for understanding how EAP teachers respond to AI-generated content in a realistic 
setting where GenAI is popular and increasingly accessible. 

Participants 
The study included eight EAP teachers of varying levels of experience and qualifications (see Table 1); 
four at the University of Bahrain [P1, P4, P5, P6], and four at Bahrain Polytechnic [P2, P3, P7, P8]. 
Purposeful sampling was employed to select EAP teachers with relevant experience in assessing students’ 
written work using AI detectors, thereby ensuring the study captured diverse approaches and challenges 
from varied teacher perspectives.  

Materials  
The first step in this study was to prepare two anonymised writing samples that depict student 
submissions. Both samples intentionally included some level of GenAI use, as the study does not treat AI 
use as inherently equivalent to plagiarism (see researcher’s positionality, section 4.6); the materials were 
designed to reflect varying degrees and purposes of AI engagement, in line with current debates around 
acceptable and unacceptable uses of GenAI in academic writing. 

The first writing sample (Appendix A) features a majority of AI-generated content, with a smaller 
proportion written by a human; it aims to reflect scenarios where students rely heavily on GenAI tools in 
their writing. This sample represents forms of GenAI use that would typically be considered problematic 
or unacceptable within most HE academic integrity frameworks, as the student’s contribution and agency 
are substantially reduced. The second sample (Appendix B) is primarily written by a human, with minor 
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reliance on GenAI in the body paragraph; it represents cases where students use GenAI tools to enhance 
their writing rather than dominate the process.  

Table 1  

Summary of Participants 

 Age of Participants HE Teaching Experience Highest Qualification Current Workplace 
P1 35 4 years BA University of Bahrain 
P2 38 11 years MA Bahrain Polytechnic 
P3 30 4 years MA Bahrain Polytechnic 
P4 42 15 years PhD University of Bahrain 
P5 33 8 years MA University of Bahrain 
P6 34 9 years MA University of Bahrain 
P7 35 6 years MA Bahrain Polytechnic 
P8 30 2 years MA Bahrain Polytechnic 

The writing samples were carefully designed to maintain a close yet not identical consistency in both 
word count and language proficiency level, specifically at the CEFR B1 level. To achieve this, the texts 
were analysed using Reading Mate, a free online text analysis tool that measures readability, vocabulary 
level, and language complexity to help estimate the overall proficiency level of a text (Appendix C). This 
ensured that all samples were comparable in terms of linguistic difficulty, whether human-written or AI-
generated. Additionally, each sample was created to resemble authentic student submissions in an EAP 
context. The content and structure of these hypothetical submissions were carefully crafted to align with 
typical assessment criteria, ensuring that they reflect realistic student outputs commonly observed in 
academic writing tasks. ChatGPT-5 was then used to rewrite and generate segments of the samples; it was 
prompted to include a conclusion, for example, or a second paragraph for the body, to potentially 
complete the writing sample before presenting it to the participants. 

Procedure 
Individuals who provided informed consent were invited to participate in an online session. All sessions 
were conducted and recorded via Microsoft Teams. At the start of the session, participants were asked to 
share their screens and were presented with a set of writing samples. They were instructed to evaluate the 
samples using a think-aloud protocol, verbalising their thoughts, observations, and reasoning in real time, 
particularly noting any features they found suspicious or potentially AI-generated. 

The aim of this study was not to assess the accuracy of participants in identifying AI-generated content; 
therefore, their detection performance was not evaluated. Rather, as an exploratory study, the focus was 
on capturing participants’ real-time thinking, depth of engagement, and the strategies they employed 
while working through the task, directly addressing the research question. If participants paused or fell 
silent, gentle prompts were used to encourage continued reflection (e.g., “Does anything stand out to you 
here?”; “Talk me through your thinking process”). Additionally, brief probing questions were integrated 
into the think-aloud process, such as “How confident are you in detecting AI content?” and “Are you 
comfortable identifying this level of AI use in your students’ work?”. These prompts were used to clarify 
participants’ reasoning and encourage further elaboration where necessary.  

Data Analysis 
In this study, I employed thematic analysis (Braun & Clarke, 2006), a method that involves six steps to 
identify patterns in participants’ responses: In the first step of familiarisation, I begin by reading and re-
reading the transcripts from the recorded interviews, which are automatically transcribed using Microsoft 
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Teams, to immerse myself in the data. The second step involved highlighting segments of text and 
repetitive norms as I systematically generated initial codes for interesting features. These codes were 
derived deductively, guided by the CE framework (section 3), which meant that I classified the initial 
codes into minds-on and hands-on engagement. Thirdly, I search for themes by organising the codes into 
broader themes that reflect recurring patterns in the strategies used by participants and their level of 
engagement. A coding table was developed to classify and compare instances of minds-on and hands-on 
engagement across participants, supported by illustrative excerpts from the transcripts. Then, themes are 
then checked against the entire dataset to ensure they accurately capture the participants’ experience. 
Afterward, each theme is refined with a clear name; this step ensures themes are theoretically meaningful 
and aligned with the CE lens before the final step of interpreting the data into a report. Finally, the themes 
were interpreted in relation to the research questions, and the report was produced. 

Ethics 
Participants received details about the study (e.g., purpose and procedures) via email, and informed 
consent was obtained before participation. To ensure confidentiality, data were anonymised using 
pseudonyms and stored on a secure drive accessible only to the researcher. Furthermore, ethical approval 
is granted by the International Education Institute Ethics Committee of a UK university. 

Insider research: Due to my affiliation with one of the institutions, additional ethical precautions were 
implemented in relation to four participants. I acknowledged the potential for power dynamics (Costley et 
al., 2010), and hence, I maintained transparency about my dual role and emphasised the study’s purpose 
to avoid overlap with workplace responsibilities (Mercer, 2007). Clear boundaries and trust-building were 
used to uphold ethical integrity and minimise any influence on participants’ willingness to engage or 
share. Moreover, all participants were assured that participation was voluntary, withdrawal was possible 
at any time without consequences, and all responses would remain confidential and separate from 
professional interactions. 

Researcher’s positionality: In the interest of ethical transparency, I clarify my stance on GenAI use in this 
study. I do not equate all GenAI use with plagiarism; rather, I distinguish between uses that substantially 
replace student authorship and those that serve a limited, supportive role, such as brainstorming or 
language refinement. This perspective informed the methodological decision to include writing samples 
with some level of GenAI involvement (see section 4.3), reflecting realistic student practices in this 
context and in many contemporary EAP settings. 

Results 

The analysis of the think-aloud transcripts revealed distinct patterns of engagement, categorised as minds-
on and hands-on (see Table 2), and each theme is supported by illustrative excerpts from participants’ 
verbalised thoughts. The analysis revealed five themes in total: four under minds-on engagement (see 
Appendix D) and one under hands-on engagement (see Appendix E). Notably, more themes emerged 
under minds-on engagement than hands-on engagement, indicating a higher level of cognitive 
involvement in the AI detection task. 

Theme 1. Contextual and Prior Knowledge 
A prominent and consistent theme across participants was reliance on prior knowledge of students’ 
baseline performance, familiarity, and context when making AI-detection judgments. Many found the 
task challenging due to the absence of information about the anonymous student writers. One of the 
participants [P3] noted that “it will be actually more challenging if I'm marking [a paper] for a 
student who’s not mine and I don’t know their level.” 

Because the samples were presented anonymously, participants reflexively compared them to experiences 
with their own students. Several recalled instances where submissions exceeded classroom performance, 
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reinforcing the belief that familiarity with a student’s typical writing style and proficiency is central to 
detecting GenAI use. For example, participant 6 explained that “If this was my student, I’d compare their 
level… with what I see in the classroom”. Moreover, confidence was notably higher when such a baseline 
existed. In its absence, participants felt less certain about flagging or dismissing suspicion.  

“In the instances that I've had [with my own students], I've felt very confident because... I've seen their 
level... With something like this, a sample of a student that I haven't taught... I don't feel as confident.” 
[P1] 

Overall, this theme demonstrates that cognitive engagement is closely tied to contextual familiarity, 
which enhances both confidence and interpretive judgment in detecting GenAI. 

Table 2 

Summary of Themes and Subthemes 

CE Themes and Subthemes 

Minds-on 

Theme 1: Contextual & Prior Knowledge 
Theme 2: Linguistic Cues & Pattern Recognition 

Subtheme 1: Language errors & fluctuating register 
Subtheme 2: Familiar GenAI language and patterns 

Theme 3: Self-Monitoring & Professional Reflection 
Theme 4: Verification through Interrogation 

Hands-on 

Theme 5: Use of External Tools 
Subtheme 1: Triangulation using AI detectors 
Subtheme 2: Grammar checkers & plagiarism software 
Subtheme 3: Reverse AI checks 

Theme 2. Linguistic Cues and Pattern Recognition 
Subtheme 1. Language Errors and Fluctuating Register 
Most participants identified that the absence of typical student errors (e.g., spelling, punctuation) as 
suspicious, and that may signal an intervention by an external tool or GenAI. As one participant [7] noted, 
“you would find a spelling mistake with the best of the best students”, suggesting that even high-
performing learners are expected to make occasional minor errors. 

Participants also flagged vocabulary perceived as exceeding expected student knowledge, as well as 
sudden shifts from simple phrasing to highly formal academic language, interpreting such register 
fluctuation as possible GenAI intervention. 

This consistency throughout tells me that it's done by the same person… Sometimes it’s of a higher 
level and other times it goes to more casual or informal language. So this is what [tells] me that some 
parts may be AI-generated because some parts are more formal, other parts are more informal. [P1] 

This theme highlights that linguistic and stylistic cue is particularly important when engaging with the AI 
detection task. Participants’ focus on unnatural accuracy, inconsistent register, and familiar AI phrasing 
patterns reflects a form of minds-on engagement grounded in close textual analysis and extensive 
teaching experience. 

Subtheme 2. Familiar GenAI Language and Patterns 
Some participants recognise specific linguistic patterns associated with GenAI, such as word clusters, 
redundancy, or a lack of meaningful depth despite good vocabulary and structure. For example, 
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participant 4 highlighted the clusters “more freeing and less stressful”, mentioning that this is very typical 
of GenAI to produce. It was evident that participants possessed a certain level of familiarity with GenAI 
language and writing patterns, which seemed to come from their previous engagement with GenAI tools. 
Participant 5 claimed that they have “been reading a lot of AI and AI languages just stands out”; this 
allowed them to recognise typical features of AI-generated writing.  

In essence, this theme shows minds-on engagement through detailed textual analysis informed by prior 
exposure to AI-generated writing. 

Theme 3. Self-Monitoring and Professional Reflection 
This theme shows the recurring practice of self-monitoring and professional reflection that participants 
demonstrated during the AI detection task. Participants frequently express the ethical difficulty of 
accusing a student without ‘solid evidence’. For instance, participant 3 stated that “according to the policy 
where we’re working, we cannot fail students if we don’t have enough evidence”. Since tools are 
unreliable, according to most participants, they feel the “ethical burden” [P7] of making such 
consequential decisions (failing a student). One participant explains why they must accept the presence of 
GenAI in their students’ submissions at times when there is no proof of GenAI involvement: 

“You have to let it go because you don’t have evidence… if they can explain what they’ve done… and 
the different complex words and vocabulary that they have used. So you have to let it go.” [P1] 

Most participants considered strict ‘no AI’ policies unrealistic. Instead, they differentiated between 
acceptable uses (e.g., brainstorming, proofreading) and prohibited uses that interfere with CILOs, 
particularly in summative assessments. Participant 6 argued that “[teachers] do encourage [students] to 
use it for brainstorming… we do encourage them to get ideas from it, so they are allowed to use it. 
They’re not allowed to generate text from it.” 

To conclude, this theme highlights that AI detection is shaped by reflective professional judgment and 
ethical reasoning rather than fixed rules or technological certainty. 

Theme 4. Verification Through Interrogation 
“I feel like the best practice would be maybe to call in the students… and give them a chance to defend 
their writing.” [P7] 

Interestingly, a recurring verification strategy involved directly questioning students about sophisticated 
vocabulary or arguments in suspicious texts. Inability to explain content often led to admission of GenAI 
use. Participant 2 mentioned that “9 times out of 10, that student would be like, yes, I did use AI 
– because they’re not able to answer our questions.” 

Some participants also described supervised rewriting tasks to compare in-class performance with 
submitted work. Actions taken afterward varied depending on assessment type and institutional clarity, 
with stricter responses in summative contexts. However, several participants expressed uncertainty due to 
evolving or unclear institutional policies. For instance, one participant [P6] claimed that “We don’t have 
clear instructions on how to deal with the use of AI”, and in the absence of formal guidance, decisions 
were frequently shaped by individual judgment or informal departmental norms.  

This theme reflects investigative, adaptive strategies that demonstrate sustained minds-on engagement 
beyond reliance on external tools. 

Theme 5. Use of External Tools 
Out of the eight participants, only two opted not to use any external tools to assist them in the AI 
detection task. The remaining participants utilised various websites, software, and tools to aid them in the 
task: four used AI detectors, two used GenAI tools for AI reverse checking, and two used a grammar 
checker (Grammarly) and plagiarism software (Turnitin) to highlight student errors and plagiarised 
content. 
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Subtheme 1. Triangulation Using AI Detectors 
Several participants used external AI detectors (e.g., Quillbot, Scribber, GPTZero). However, they rarely 
trusted a single tool due to inconsistencies and reported inaccuracies. Instead, they used two or three 
detectors to triangulate findings and confirm suspicions. For example, participant 2 explained that they 
“would probably use two or three AI detection softwares just to kind of make sure”. This reflects an 
awareness that detector outputs are unstable, particularly in EAP contexts where student writing may not 
align with native-speaker norms. 

Interestingly, although participants employed these tools, they frequently expressed distrust in their 
reliability, citing experiences where human text was falsely flagged or AI-generated content went 
undetected. Participant 5 described paying for a premium service only for the verdict to shift from 77% 
AI to 0% AI. Such inconsistencies reinforce concerns that EFL writing may be misinterpreted by 
detection systems.  

According to one of the participants [P2], “I know they’re not 100% reliable. So, we do kind of have to 
use our own judgments”. Despite these reservations, participants still used detectors selectively to support 
their suspicions, while ultimately relying on professional judgment to reach final decisions.  

Subtheme 2. Grammar Checkers and Plagiarism Software 
For some participants, plagiarism software and grammar checkers were initial screening tools. Low 
plagiarism combined with unusually polished language raised suspicion, particularly in the context of this 
study (section 4.1), where students struggle with paraphrasing and summarising while synthesising 
information, which naturally leads to some degree of plagiarism. Participant 4 explained that “The first 
thing [checked] is plagiarism, frankly… The problem is when there is no plagiarism… If these mistakes 
are none, it’s only structure, then it's an AI work.” 

Therefore, when plagiarism is low or completely absent, participants interpret this as a red flag. This 
subtheme illustrates a form of hands-on engagement, where participants rely on readily available tools 
and visible surface cues to make quick judgments about authorship.  

Subtheme 3. Reverse AI Checks 
Three participants described an innovative approach to AI detection in the think-aloud task, which 
involved using GenAI tools as a form of reverse verification. Participants would feed the assessment 
prompt into GenAI to observe the type of essay structure, argumentation, and idea flow it produces. For 
instance, participant 5 asked GenAI to generate a three-paragraph essay about the same topic given to 
students, “And it [generated] the same structure… they have the same idea, the same argument”. If the 
AI-generated response showed a high degree of resemblance to the student’s submission in terms of 
structure, coherence, or progression of ideas, participants treated this as a strong indicator of GenAI 
involvement, even if the phrasing differed. 

Although innovative, this strategy primarily involved surface-level structural comparison rather than deep 
textual analysis. As such, it represents procedural, hands-on engagement rather than sustained reflective 
reasoning. 

Discussion 

This study explored how EAP teachers identify AI-generated content and why they make particular 
decisions during this process; ‘how’ refers to the strategies used, and ‘why’ to the depth of cognitive 
engagement shaping their reasoning. Using CE, the analysis examined whether engagement was primarily 
minds-on or hands-on, and how these modes operated during the think-aloud task.  

A Blend of Minds-on and Hands-on 
The findings show that participants relied on minds-on strategies more compared to hands-on (see Table 
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2), largely because they were marking anonymous texts without contextual knowledge, and because they 
expressed clear ‘trust issues’ with AI detectors, which aligns closely with existing literature that questions 
the accuracy and reliability of these tools (Giray et al., 2025; Ibrahim, 2023; Kar et al., 2024; Krishna et 
al., 2023; Liang et al., 2023; Muhsen & Khmas, 2025; Weber-Wulff et al., 2023), a concern that now 
appears to be common knowledge among educators. As a result, the lack of trust in these AI detectors and 
the blind-marking condition have encouraged educators to seek alternative methods to ensure academic 
integrity (Gorichanaz, 2023).  

Nonetheless, the findings confirmed that educators did not use one mode of engagement during the AI 
detection process. Instead, they shifted flexibly between minds-on and hands-on strategies depending on 
the text, their level of suspicion, and the constraints of the context. For instance, when participants used 
AI detectors (hands-on), it was often to triangulate or confirm a suspicion already raised through minds-
on analysis. The flexibility and negotiation between minds-on and hands-on engagement reflect the 
complex cognitive work involved in AI detection, where neither approach is enough on its own. This 
aligns with Cooksey et al.’s (2007) ‘judgment-in-context’ argument that the texture of the teacher 
judgment process is inherently interpretive, complex, and context-sensitive, even when markers try to 
follow standardised criteria. Moreover, this complexity is not accidental; rather, it resulted directly from 
the high cognitive effort required by the task. AI detection is not an intuitive or surface-level task to begin 
with; it is an effortful and analytical process, especially as AI-generated writing increasingly resembles or 
exceeds human output in quality (Dillion et al., 2025). Hence, the most practical approach appears to be a 
blended one, where minds-on reasoning and hands-on tools operate together rather than in opposition, 
allowing each to compensate for the limitations of the other. Evidently, participants maintained a blended 
approach, and this perhaps reflects the interpretive and ethical burden placed on educators when 
contextual knowledge is lacking, particularly under blind-marking conditions (Cooksey et al., 2007; 
Chan, 2025). As Elkhatat et al. (2023) point out, these conditions eliminate necessary cues, making 
manual detection an exceptionally challenging task. Although Ibrahim (2023) recommends combining AI 
detection tools with human judgement, the findings of the present study suggest a more cautious position; 
participants consistently placed greater trust in their contextual knowledge of students’ writing, viewing 
AI detection tools, at best, as supplementary sources of evidence rather than definitive indicators of AI 
use, and this critical in language learning contexts such as EAP, where students may turn to AI to 
compensate for limited proficiency. 

From this perspective, authenticating student writing in EAP is not simply a choice between intuition and 
technology. Rather, it is an interpretive professional practice in which contextual knowledge of learners 
remains central, with AI detection tools serving only as one source of evidence within a broader process 
of professional judgement. This view redefines AI detection as an active professional practice, one driven 
by careful interpretation and situational judgment, rather than simple technical certainty.  

Confidence Issues 
Confidence in AI detection appears to be highest when the educator knows the student’s history, 
proficiency level, and typical error patterns (Theme 1). However, when this familiarity is missing, 
participants expressed low confidence in their judgments and resorted to using external tools to confirm 
their suspicions. This contrasts with the literature claiming that individuals are often overly confident in 
their ability to distinguish between AI-generated and human-written text (Köbis & Mossink, 2021). In 
fact, the cautious stance taken by participants appears to be a pragmatic response rather than a sign of a 
lack of expertise; their low confidence may reflect an awareness of the accuracy limitations when it 
comes to detecting AI-content using the ‘human eye’, and this has been acknowledged previously in the 
literature (Elkhatat et al., 2023), particularly in EAP contexts where writing proficiency varies and 
misclassification can have serious consequences.  

Additionally, the finding suggests that, in practice, educators’ confidence is shaped by multiple elements 
rather than a single factor; it emerges from a combination of contextual and prior knowledge, recognition 
of linguistic cues and familiar patterns, professional experience and reflection (minds-on), as well as the 
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selective use of external tools (hands-on). Again, the blended approach, where minds-on is complemented 
with hands-on strategies, aligns with Ibrahim’s (2023) holistic approach, and it seems to provide a more 
balanced and realistic way of addressing the complex, dynamic task of AI detection, rather than relying 
on a single method, suggesting that confidence in AI detection is strengthened through multiple strategies. 

Ethical Challenges 
The strong emphasis on verification through interrogation and supervised rewriting (Theme 4) is a direct 
consequence of the ethical challenge EAP educators face in HE; participants frequently expressed the 
‘ethical burden’ of accusing a student without solid evidence, considering the serious consequences that 
can arise from any misclassification (Theme 3). This ethical tension is not only about fairness but also 
about preserving what academic writing represents within HE (Cotton et al., 2023; Eke, 2023; Bin-
Nashwan et al., 2023; Currie, 2023; Şık Keser & Razı, 2024), especially in EAP programmes, because 
academic writing is both a core skill and a direct measure of achieving CILOs. Evidently, participants in 
this study insisted that students develop critical skills such as critical thinking, analysis, and independent 
language production. Therefore, policies that allow GenAI for scaffolding and brainstorming while 
prohibiting full text generation reflect a pragmatic effort to uphold academic integrity (Tauginienė et al., 
2018) while acknowledging GenAI as a supporting tool (Su et al., 2023; Rahman & Watanobe, 2023; 
Tang & Putra, 2025). 

Far from rejecting GenAI technology, Theme 3 showed that educators accept GenAI to be used as a 
scaffolding technique, specifically for tasks such as brainstorming, proofreading, correcting language 
errors, and improving word choice. This position aligns with existing literature, where several scholars 
similarly recommend the use of GenAI as a supporting tool in academic contexts (Su et al., 2023; 
Rahman & Watanobe, 2023; Tang & Putra, 2025). This indicates that educators are not resisting this 
technology in their classrooms; instead, they appear willing to coexist with it. However, their primary 
concern remains academic integrity, particularly how some students may exploit this technology in ways 
that bypass genuine learning and unfairly meet assessment requirements and CILOs. This concern is 
consistently echoed in broader discussions in the literature regarding the misuse of GenAI and academic 
misconduct (Cotton et al., 2023; Eke, 2023; Bin-Nashwan et al., 2023; Currie, 2023; Şık Keser & Razı, 
2024). If such concerns exist even in this small-scale study, it reinforces the need for clearer and more 
unified AI policies across HE institutions worldwide, particularly policies that move beyond detection-
oriented approaches and encourage responsible AI use (Ardito, 2024). 

Implications for Practice 

The findings indicate that educators rely heavily on professional judgment and contextual knowledge 
when evaluating suspected GenAI use, reinforcing research that frames assessment as judgment-in-
context rather than a purely objective process (Cooksey et al., 2007). Professional Development (PD) 
should therefore move beyond general AI awareness toward developing practical, discipline-specific 
detection competencies, such as interpreting inconsistent detector outputs, recognising deviations in 
students’ writing history, and managing uncertainty when evidence is limited. Supporting teachers in this 
interpretive role aligns with calls for technology-related PD that strengthens adaptable professional 
identities rather than promoting tool-driven compliance (Lai et al., 2025). 

Institutions should not only provide teacher training through DP but also invest in training students to use 
GenAI as a scaffolding tool rather than a shortcut for generating full texts. Educators can prioritise 
strengthening core writing skills while integrating AI as a tool for support, revision, and extension. In line 
with this, institutions should begin embedding AI into the curriculum design, including activities that 
integrate GenAI into the writing process, which may reduce reliance on uncertain post-submission 
detection tools by making the writing process more transparent. 

The present study alludes to Ardito’s (2024) argument that educational institutions should move away 
from reliance on AI detection mechanisms and instead develop authentic assessment practices and clearer 



Zainab Teraif                                     13 
  

  
  
policies for responsible AI integration. Given the inconsistencies and limitations of current AI detection 
technologies, there is a clear need for institutional coordination and more sustainable approaches to 
academic integrity, now more than ever. Rather than depending on detection-oriented practices, 
institutions should establish clear AI policies and protocols for staff, alongside detailed guidelines for 
students outlining acceptable GenAI use (e.g., brainstorming) and formal procedures for addressing 
suspected misconduct. Such measures may promote responsible AI use and support educators in 
managing the ethical burden associated with GenAI, highlighted by the participants. 

Limitations, Strengths and Future Research 

Firstly, the sample size is small. However, given the qualitative design, the findings are intended to be 
transferable rather than generalisable, with emphasis placed on depth and the richness of the data to 
support meaningful theme development (Braun & Clarke, 2006). Secondly, the study employed a 
deductive analytical approach, with coding guided by the predefined categories of hands-on and minds-on 
engagement. While this aligns with the research question, it may have constrained the analysis by 
overlooking other patterns in participants’ responses. In contrast, an inductive approach constructs themes 
directly from the data without imposing a prior framework (Braun & Clarke, 2022). Future research could 
therefore adopt an inductive or hybrid design to explore not only cognitive strategies in AI detection but 
also the emotional dimensions of the process, such as anxiety or uncertainty. Complementary methods, 
including semi-structured interviews, may further deepen understanding of both the practical and 
affective challenges EAP teachers encounter in AI detection contexts. 

Conclusion 

This study provides empirical insight into AI detection by making teachers’ cognitive engagement visible 
through the think-aloud protocol. It positions AI detection as a complex and evolving area of practice in 
HE, often experienced as an added responsibility introduced with limited institutional guidance. The 
findings show that detection is not treated as a purely technical task; rather, teachers relied on a flexible 
combination of minds-on and hands-on strategies, drawing on linguistic knowledge, contextual 
awareness, professional reflection, and cautious use of AI detection tools. Importantly, decision-making 
was consistently shaped by ethical concerns, particularly the risk of misclassification and its potential 
consequences for students. AI detection in EAP therefore emerges as a context-sensitive practice 
influenced by ethical considerations and institutional constraints, rather than a purely intuitive or tool-
driven activity. These insights suggest that, while challenging, AI detection may be more manageable 
than initially anticipated when approached through informed and reflective professional judgment. 
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Appendix A. Sample 1  

Introduction:  

Some people believe that working for a small company is better, while others prefer large companies. 
Each type of workplace has its own benefits and challenges. This essay will discuss the advantages and 
disadvantages of working in both small and large companies, and explain why I believe working for a 
big company can offer better opportunities for most people. 

Body: 

First of all, working for a big well-known company comes with many benefits, such as an opportunity to 
grow in the company and achieve higher ranks within it, not to forget a big company may give you 
incentives and bonuses and an overall better salary (Baroon & Lin, 2022), that something a small 
company may not be able to do. Moreover, it's a good thing to have that work experience in a resume so 
that if for whatever reason you decide to leave, you'll have that security that you'll find a new job easier 
due to the same of that big company being in your resume. 

On the other hand, some people argue that working for a small company also has its benefits too 
(Henderson, 2021). For example, they argue that it's a good feeling to be working for a small thriving 
company that might be successful and big in the future. And if that ever happens, you'll be one of the 
people that made it happen, and your role would be higher in the company. In addition, they say that 
working for a small company is more freeing and less stressful than working for a big company because 
a big organization has stricter rules on everything and that can be very annoying to some people. 

In addition, a significant advantage of working for a large company is the opportunity to receive training 
and development programs. Large companies often have dedicated resources for professional 
development, including workshops, mentorship programs, and courses to improve your skills (Ahmed, 
2020). This allows employees to continually grow and advance in their careers. On the other hand, small 
companies may not have the resources to provide such comprehensive training, which could limit 
opportunities for personal and professional growth. 

Conclusion: 

To conclude, both small and large companies have advantages. However, I personally believe that 
working in a big company is more beneficial because it offers better salaries, job security, and future 
opportunities. While small companies can be more flexible, the stability and career development in large 
corporations are more important for long-term success. 

Note. GenAI content in grey. 

 



18 Language Learning & Technology 
  

 
 
Appendix B. Sample 2  

Introduction: Are large corporations better than small companies? 

Many people strongly believe that large companies are better than startups and have more career 
benefits. Others are against it and see the opposite. This essay will discuss one similarity and two 
differences between small and large companies. 

Body: 

Small and large corporations are a source of monthly income for workers and they both provide 
employees the opportunity to develop their skills. However, they also have differences between them. 
According to Henderson (2021), working in a small company gives employees the flexibility to share 
their ideas or opinions with their team. Unlike large companies, as workers do not have the ability to 
make decisions because these companies have strict policies. Baroon and Lin (2022) states that 
employees who work in large corporations have specific job distributions and responsibilities as these 
companies have structured and clear roles. But startups have small teams and limited workers. Hence, 
employees have to stay for long hours as they have more, and extra responsibilities and they will be 
forced to handle multiple tasks which is stressful. 

Another difference is the salary and job security. Employees in large companies often receive higher 
salaries and better benefits such as health insurance and paid holidays (Martin & Zhou, 2020). These 
benefits make workers feel more secure in their jobs. On the other hand, small companies may not be 
able to offer the same level of salary or long-term stability because they usually have limited budgets. 
Therefore, people working in startups may feel unsure about their future or worry about losing their 
jobs. 

Another important point is the training and learning opportunities. Large companies usually have more 
money and resources to provide professional training for their employees. This helps workers improve 
their skills and grow in their careers. Ahmed (2020) explains that employees in big companies often 
receive regular training sessions, workshops, or even support to continue their education. In contrast, 
small companies may not have the same budget or time to train their workers, so employees might not 
learn new things as quickly. This can make it harder for them to grow or get promoted in the future. 

Conclusion: 

To sum up, I think working in a large corporation is better than working in a small company, because 
large corporations provide clear promotion pathways and roles. Also, employees will eventually want to 
excel professionally and increase their income, which is something hard to do in a smaller company.  

Note. GenAI content in grey. 
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Appendix C. Reading Mate (Texts Analysis) 
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Appendix D. Summary of Analysis (Minds-On) 

Themes Subthemes Supporting Excerpts 

Theme 1:  
Contextual & Prior 
Knowledge 

“It will be actually more challenging if I'm marking something or marking a 
paper for a student who's not mine and I don't know their level.” [P3] 
“If this was my student, I'd have an idea about their level in the classroom. So, 
I'd compare their level and their writing with what I see in the classroom. So that 
would be a huge indicator for me.” [P6] 

Theme 2: 
Linguistic Cues & 
Pattern Recognition 

Subtheme 1: 
Language errors & 
fluctuating register 

“This is also more casual language, so I would see 
something like this more with my students than AI.” [P1] 
“I'm looking at the style, I'm looking at the vocabulary and 
sentence is a bit of a big word for foundation students, in 
my opinion. (Incentives). Especially knowing that 
they haven't like been, most probably haven't been in a 
workplace that would offer incentives at this 
point. So I don't think it's a word that foundation students 
would know.” [P8] 

Subtheme 2: 
Familiar GenAI 
language & 
patterns 

“So see these long sentences for me over here. OK, this 
long sentences is something I'm not going to find in AI. 
From experience, you know, sometimes we we are fooled 
sometimes at the end of the day, 
but usually I don't find like this long sentences. It's more 
like student thing, you know. So the sentence is fine, 
but it's not very clear… I don't find this in the perfect AI 
answers.” [P4] 
“Because I've been reading a lot of AI and AI languages 
just stands out. You know, this is AI. It might have some of 
it, part of it, but not completely.” [P5] 

Theme 3:  
Self-Monitoring & 
Professional 
Reflection 

“We do encourage them to use it for brainstorming. For example, we do 
encourage them to get ideas from it, so they are allowed to use it. They're not 
allowed to generate text from it.” [P6] 
“I mean, especially at the foundation level, you want them to use AI to help 
them. I think with the whole brainstorming process was kind of 
understanding maybe how the writing should look like, but. We don't want them 
to actually have it in the writing itself, if that makes sense. So to kind of use it to 
help prepare and kind of organise their thoughts, but we want their writing to be 
their writing as much as possible.” [P2] 

Theme 4: 
Verification through 
Interrogation 

“I would meet with the students and probably ask them about certain 
vocabularies... Could you tell, could you explain to me what you mean by this 
sentence, let's say, or what do you mean by this particular word?” [P2].  
“I bring them to my office and tell them, OK, write on something like what's 
your favorite coffee shop?” [P4]. 
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Appendix E. Summary of Analysis (Hands-On) 

Themes Subthemes Supporting Excerpts 

Theme 5:  
Use of external tools 

Subtheme 1: 
Triangulation using 
AI detectors 

“I would probably use two or three AI detection softwares 
just to kind of make sure.” [P2] 
“I usually go to more than one engine which I have 
experience with.” [P7] 

Subtheme 2: 
Grammar Checkers 
& Plagiarism 
Software 

“The first thing I check is plagiarism, frankly… The 
problem is when there is no plagiarism… If these mistakes 
are none, it's only structure, then it's an AI work.” [P4] 
“You can see that I have already Grammarly installed in 
my laptop, so the more highlights I have, it means the 
students didn't use any helping tool.” [P5] 

Subtheme 3: 
Reverse AI checks 

“I will go to ChatGPT or CoPilot and write the first line 
introduction... Either I would generate an essay or like just 
compare, and then I will get an answer from either of these 
applications. I've tried this way before, you will get 
similarities like 98 or 95% similar.” [P4] 
“I asked AI… I said can you write for me a three paragraph 
article about this topic? And it gave me the same 
structure… they have the same idea, the same argument.” 
[P5] 
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