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	Study
	Study design
	Sample or dataset
	Detection tool
	Text type
	Key findings

	Mizumoto A. (2026). Corpus-informed AI-likeness screening for L2 writing: A proof-of-concept field test and two flagged cases
	Qualitative study
	Under the same essay prompt and task conditions as Mizumoto et al., 142 first-year university students submitted 200–300-word argumentative essays online.
	AI-Likeness Inspector
	Student essays / assignments; L2 / multilingual writing; General human vs AI text
	transparent, task-specific screening can help identify atypical submissions for further checking, but this study does not estimate sensitivity, specificity, or false negative rates and should not be read as validation of a general-purpose detector. © 2026 The Author

	Masrour E.; Emi B.; Spero M. (2025). DAMAGE: Detecting Adversarially Modified AI Generated Text
	Qualitative study
	We study 19 AI humanizer and paraphrasing tools and qualitatively assess their effects and faithfulness in preserving the meaning of the original text.
	Not specified in abstract
	General human vs AI text
	Finally, we demonstrate a robust model that can detect humanized AI text while maintaining a low false positive rate using a data-centric augmentation approach. We attack our own detector, training our own fine-tuned model optimized against our detector’s predictions, and show that our detector’s cross-humanizer generalization is sufficient to remain robust to this attack. © 2025 International Conference on Computational Linguistics.

	Fisk G.D. (2025). AI or Human? Finding and Responding to Artificial Intelligence in Student Work
	Systematic review / evidence synthesis
	This use is ethical provided that the responses to problematic cases are approached with the goal of educational growth rather than punishment. © The Author(s) 2024.
	Not specified in abstract
	General human vs AI text; Short answers / responses
	Faculty should cautiously embrace the use of AI detection technologies with the understanding that false positive errors will occasionally occur. This use is ethical provided that the responses to problematic cases are approached with the goal of educational growth rather than punishment. © The Author(s) 2024.

	Zaripova R.R.; Danilov A.V.; Salekhova L.L.; Fazliakhmetov T.R.; Krylov E.G. (2025). Authorship Identification of AI-Generated Academic Texts: A Pilot Study in the Russian University Context
	Comparative / benchmark evaluation
	The article concludes by arguing for processoriented approaches in assessment, emphasizing documentation of the writing process, oral defenses, and student reflection on AI use. © 2025 IEEE.
	GPTZero; ZeroGPT
	Student essays / assignments; L2 / multilingual writing; General human vs AI text
	This paper examines the limitations of existing AI text detection tools and presents the results of a pilot experiment involving English as a Foreign Language (EFL) student essays tested against two widely used detectors, ZeroGPT and GPTZero. These findings suggest that detectors may be useful as supplementary indicators but cannot serve as independent proof of academic dishonesty.

	Luo B. (2025). Enhancing the Undetectability of AI-Generated Text: A Semantics-Preserving Evasion Technique
	Comparative / benchmark evaluation
	Through these innovations, our method demonstrates remarkable advantages in generating natural and hard-to-detect adversarial texts, providing new insights and directions for future research. © 2025 IEEE.
	LLM-based approach
	General human vs AI text; News/journalism text
	Experimental results show that our approach achieves the highest attack success rate while significantly lowering detection rates to below 50%, maintaining high semantic similarity and low grammatical error rates.

	Shamsi A.; Wang T.; Amraei M.; Raju N.V. (2026). Evaluating AI Text Detection Tools for Distinguishing Human-Written from AI-Generated Abstracts in Persian-Language Journals of Library and Information Science
	Comparative / benchmark evaluation
	Attribution License (CC BY 4.0). © 2026 by the author(s).
	GPTZero; ZeroGPT
	Academic/scientific writing; Abstracts; General human vs AI text
	The findings highlight the need for culturally and linguistically inclusive AI detection tools, as current systems such as ZeroGPT and GPTZero show limitations in diverse language contexts, underscoring the importance of improved algorithms and human-involved evaluation to ensure fairness and reliability in academic settings. Attribution License (CC BY 4.0). © 2026 by the author(s).

	Wakjira T.G.; Tijani I.A.; Alam M.S.; Mashal M.; Hasan M.K. (2025). Can We Trust AI Content Detection Tools for Critical Decision-Making?
	Model development / machine-learning study
	The findings highlight an urgent need for more transparent, accurate, and context-aware frameworks before these tools can be responsibly incorporated into critical institutional or societal processes. © 2025 by the authors.
	ZeroGPT; Undetectable AI; Crossplag
	Student essays / assignments; Academic/scientific writing; General human vs AI text
	The accuracy ranged from 14.3% (Tool B) to 71.4% (Tool D), with the precision and recall metrics showing inconsistent detection capabilities. The findings highlight an urgent need for more transparent, accurate, and context-aware frameworks before these tools can be responsibly incorporated into critical institutional or societal processes. © 2025 by the authors.

	Prykhodchenko S.D.; Prykhodchenko O.Y.; Shevtsova O.S.; Olishevskiy I.H. (2025). SOFTWARE DETECTION OF UKRAINIAN-LANGUAGE TEXTS GENERATED BY AI: METHODS, ESTIMATIONS, CHALLENGES; [Програмне виявлення україномовних текстів, згенерованих ШІ: методи, оцінки, виклики]
	Experimental study
	dataset of AI-generated and human-written academic texts is used to assess detection accuracy, with additional experiments conducted to analyze the influence of linguistic structures, transla
	NLP-based detector; Machine-learning classifier
	L2 / multilingual writing; General human vs AI text
	Additionally, the study identifies the impact of translation on detection accuracy and discusses the effectiveness of different linguistic and statistical approaches. The findings of this study are valuable for educators, researchers, and policymakers concerned with maintaining academic integrity in the era of generative AI.

	Sun L.; Yang Y.; Song Y. (2025). AI-Generated Essay Identification: A Machine Learning Approach and Fairness Analysis
	Experimental study
	Our experiments demonstrated that even though the models were built with caution to prevent overfitting, the essays written by those two international groups of writers were still more likely to be classified as AI-generated; the false positive rate can still be reduced to 10-20. © 2025 IEEE.
	Machine-learning classifier; LLM-based approach
	Student essays / assignments; L2 / multilingual writing; General human vs AI text
	However, a growing concern is the bias in these models, particularly against non-native English writers. Our experiments demonstrated that even though the models were built with caution to prevent overfitting, the essays written by those two international groups of writers were still more likely to be classified as AI-generated; the false positive rate can still be reduced to 10-20. © 2025 IEEE.

	Wang Y.; Liu Y.; Ding R.; Xiang L.; Xia Z.; Liao X. (2026). Harnessing Dual-Role Context: A Noise-Suppressed Framework for Hybrid Human-AI Text Detection
	Comparative / benchmark evaluation
	Extensive experiments on multiple hybrid text benchmarks demonstrate that the proposed method consistently outperforms state-of-the art baselines across diverse hybrid ratios and domains. © 2013 IEEE.
	Perplexity-based detection
	General human vs AI text
	Furthermore, our unified framework jointly performs segment localization and authorship classification, avoiding the error propagation in traditional two-stage pipelines. Extensive experiments on multiple hybrid text benchmarks demonstrate that the proposed method consistently outperforms state-of-the art baselines across diverse hybrid ratios and domains. © 2013 IEEE.

	Hazim L.R.; Ata O. (2026). HQML-NLP: A hybrid quantum machine learning framework for scholarly AI-text detection
	Comparative / benchmark evaluation
	The results of the experiments show the framework has consistent and good discriminative capability achieving AUROC scores of more than 0.96 on all datasets and excellent performance (AUROC = 1.000, ACC = 99.98 %) on the large-scale data.
	BERT
	Academic/scientific writing; General human vs AI text
	When compared against the transformer-based and ensemble-learning detectors, HQML-NLP comes out with an equivalent and competitive detection accuracy and calibration quality yet demands more than 2000× less trainable parameters. These findings imply that hybrid quantum-classical representations act as an effective and compact alternative for the detection of AI-text in scholarly journals. © 2026 Elsevier B.V.

	Elkhatat A.M.; Elsaid K.; Almeer S. (2023). Evaluating the efficacy of AI content detection tools in differentiating between human and AI-generated text
	Not clearly stated in abstract
	Fifteen paragraphs each from ChatGPT Models 3.5 and 4 on the topic of cooling towers in the engineering process and five human-witten control responses were generated for evaluation.
	GPTZero; Copyleaks; Crossplag
	General human vs AI text; Short answers / responses
	Findings reveal that the AI detection tools were more accurate in identifying content generated by GPT 3.5 than GPT 4.

	Ranathunga R.A.D.K.; Rupasingha R.A.H.M.; Kumara B.T.G.S. (2025). Identifying AI-generated and Human-written Answers in Sinhala Using a Deep Learning Approach
	Model development / machine-learning study
	The study begins with data collection, involving 1,000 academic questions, human-written answers, and AI-generated answers.
	Machine-learning classifier; Deep-learning classifier
	General human vs AI text; Short answers / responses
	Performance of the models shows that the proposed LSTM has a higher accuracy of 86% compared to the ANN accuracy 85%.

	Luttrell R.; Davis J.; Welch C. (2025). Bridging the Artificial Intelligence Divide in Journalism Through Detection Tools, Attribution, and Transparency
	Not clearly stated in abstract
	Not reported in abstract
	Not specified in abstract
	News/journalism text
	This chapter presents a selection of strategies that are being used to stem the tide of using AI analytics to detect AI-generated synthetic fake news. Developing prevention techniques, such as robust detection and attribution tools, can safeguard truth and transparency in journalism, ensure the availability of credible news reporting to worldwide audiences, ensure availability to worldwide audiences, and prevent additional gaps in access to authentic news. © 2026 by John Wiley & Sons, Inc.

	Popkov A.A.; Barrett T.S. (2025). AI vs academia: Experimental study on AI text detectors’ accuracy in behavioral health academic writing
	Comparative / benchmark evaluation
	The study assessed 100 research articles from 2016–2018 in behavioral health and psychiatry journals and 200 texts produced by AI chatbots (100 by “ChatGPT” and 100 by “Claude”).
	Originality.AI
	Academic/scientific writing; General human vs AI text
	This experimental study used a sample of behavioral health publications and found problematic false positive and false negative rates from both free and paid AI detection tools. The free AI detector showed a median of 27.2% for the proportion of academic text identified as AI-generated, while commercial software Originality.AI demonstrated better performance but still had limitations, especially in detecting texts generated by Claude.

	Rydell F.; Hansen P.; Kanestad L.; Ljungar A.; Öberg S. (2026). Low-resource single-pass paraphrasing attacks on AI-generated text detection
	Comparative / benchmark evaluation
	This family includes full-text and sentence-level paraphrasing, leveraging two language models with varying temperatures and repetition penalty settings—32 variants in total.
	LLM-based approach
	General human vs AI text
	Both substantially outperform the DIPPER paraphrasing baseline in detector evasion.

	Shportko A.; Verbitsky I. (2023). Paraphrasing Attack Resilience of Various Machine-Generated Text Detection Methods
	Model development / machine-learning study
	In this paper, we present the dichotomy of performance versus resilience in the world of AI text detection, which complicates the current perception of reliability among state-of-the-art techniques. © 2025 Association for Computational Linguistics.
	Binoculars; RoBERTa; Random Forest
	General human vs AI text
	We discovered that Binoculars-inclusive ensembles yield the strongest results, but they also suffer the most significant losses during attacks.

	Bevendorff J.; Dementieva D.; Fröbe M.; Gipp B.; Greiner-Petter A.; Karlgren J.; Mayerl M.; Nakov P.; Panchenko A.; Potthast M.; Shelmanov A.; Stamatatos E.; Stein B.; Wang Y.; Wiegmann M.; Zangerle E. (2026). Overview of PAN 2025: Voight-Kampff Generative AI Detection, Multilingual Text Detoxification, Multi-author Writing Style Analysis, and Generative Plagiarism Detection
	Comparative / benchmark evaluation
	PAN 2025 concluded successfully with 56 notebook papers. © The Author(s), under exclusive license to Springer Nature Switzerland AG 2026.
	Stylometric analysis
	L2 / multilingual writing; General human vs AI text
	In 2025, we organized four shared tasks: (1) generative AI detection, particularly in mixed and obfuscated authorship scenarios, (2) multilingual text detoxification, a continued task that aims re-formulate text in a non-toxic way for multiple languages, and (3) multi-author writing style analysis, a continued task that aims to find positions of authorship change, and (4) generative plagiarism detection, a new task that targets source retrieval and text alignment between generated text and source documents. PAN 2025 concluded successfully with 56 notebook papers. © The Author(s), under exclusive license to Springer Nature Switzerland AG 2026.

	Bassett M.A.; Bradshaw W.; Bornsztejn H.; Hogg A.; Murdoch K.; Pearce B.; Webber C. (2026). Heads we win, tails you lose: AI detectors in education
	Not clearly stated in abstract
	Academic integrity investigations must rely on evidence meeting the balance of probabilities standard, which generative AI detection scores do not satisfy. © 2026 The Author(s).
	Not specified in abstract
	Text type not clearly stated in abstract
	Attempts to validate results through linguistic markers, multiple tools, or comparisons with past work introduce confirmation bias rather than independent verification.

	Giray L.; Sevnarayan K.; Maphoto K.B. (2026). GPTZero and the challenges of AI detection in assessing writing
	Model development / machine-learning study
	Flagged content becomes a starting point for metacognitive dialogue, which supports trust-based pedagogies that emphasize student agency and intellectual accountability. © 2026 The Authors
	GPTZero
	Student essays / assignments; L2 / multilingual writing; Short answers / responses
	However, empirical findings on GPTZero's efficacy are notably mixed.

	Manning D.; Rourke S.O.; Morari V. (2026). Bot or not? Exploring if maths lecturers can detect AI solutions
	Conference study / method paper
	AI solutions written with full explanatory text were easily identified (93.8%), but “Maths Only” AI solutions were rarely detected (18.8%).
	Not specified in abstract
	Student essays / assignments; Short answers / responses
	Across 192 classifications, overall accuracy was 57.8%. However, this led to a net decrease in classification accuracy (10 incorrect switches compared to 8 correct switches). © 2026 International Conference on Higher Education Advances.

	Shiba N.C.; Masengo I.; Jewell L.L. (2025). AI in Higher Education: IRIS and Turnitin Challenges and Opportunities
	Conference study / method paper
	Not reported in abstract
	Turnitin; QuillBot; Grammarly
	L2 / multilingual writing; Short answers / responses
	Directions for further research are suggested. © Proceedings of the 2nd International Conference on Education Research, ICER 2025. All rights reserved.

	Zhou Y.; He B.; Sun L. (2024). Humanizing Machine-Generated Content: Evading AI-Text Detection through Adversarial Attack
	Model development / machine-learning study
	The empirical results reveal that the current detection models can be compromised in as little as 10 seconds, leading to the misclassification of machine-generated text as human-written content.
	LLM-based approach
	General human vs AI text
	The empirical results reveal that the current detection models can be compromised in as little as 10 seconds, leading to the misclassification of machine-generated text as human-written content. These findings shed light on the future development of AI-text detectors, emphasizing the need for more accurate and robust detection methods. © 2024 ELRA Language Resource Association: CC BY-NC 4.0.

	Vachharajani P. (2025). Literal Re-translation as a Method for AI Text Disguise and Detection Evasion
	Model development / machine-learning study
	This paper presents the PJs-team’s submission to the Voight-Kampff 2025 shared task, where we act as a "breaker" aiming to evade AI-generated text detection.
	LLM-based approach
	General human vs AI text
	Our official results show that the enhanced v2 system was significantly more effective, achieving a Brier score of 0.425 compared to the baseline’s 0.722.

	Giray L.; Caner H.N.; Amoozegar A. (2026). Harms and Ethical Risks of AI Detection Tools in Education: False Positives, Bias, Surveillance, and Student Rights
	Not clearly stated in abstract
	Since 2022, generative AI has become deeply embedded in educational contexts.
	Not specified in abstract
	L2 / multilingual writing
	Framed within the United Nations' Sustainable Development Goals, particularly SDG 4 (Quality Education) and SDG 10 (Reduced Inequalities), this dependence on AI detection tools threatens both educational quality and equity. This paper contributes to scholarship on AI in education by demonstrating that detection-centered approaches to academic integrity are structurally flawed, and to discussions on student rights by showing how these tools erode procedural fairness and disproportionately harm marginalized learners. © 2026 The Authors.

	Gonçalves B.F.; Gonçalves V. (2027). Tools for Detecting and Humanizing AI in Academic Work: An Exploratory Study
	Systematic review / evidence synthesis
	Humanization systems, in turn, can effectively circumvent detection mechanisms but raise serious ethical and academic concerns by undermining transparency, traceability, and trust in the authorship of texts. © The Author(s), under exclusive license to Springer Nature Switzerland AG 2027.
	Not specified in abstract
	Academic/scientific writing; L2 / multilingual writing; General human vs AI text
	Still, they reveal significant limitations when faced with hybrid content or content that has been manipulated through translation and paraphrasing strategies. In addition, there are significant false-positive rates, especially in productions by non-native authors, as well as inconsistencies in the results between different tools, which compromise their robustness.

	Giray L.; Sevnarayan K.; Ranjbaran Madiseh F. (2025). Beyond Policing: AI Writing Detection Tools, Trust, Academic Integrity, and Their Implications for College Writing
	Model development / machine-learning study
	By shifting from a policing mindset to a trust-based educational framework, this method aims to promote academic integrity, engagement, and responsible AI use in college writing. © 2024 The Author(s).
	Not specified in abstract
	L2 / multilingual writing
	Current AI detectors demonstrate significant technical limitations, including high false-positive and false-negative rates, and show bias against non-native English speakers.

	Maphoto K.B.; Giray L.; Sevnarayan K. (2026). Automated integrity or automated injustice? Turnitin's AI detection in multilingual writing contexts
	Model development / machine-learning study
	The article thus advances a linguistic approach to L2 assessment that acknowledges AI's presence while safeguarding student agency, integrity, and equity in writing evaluation. © 2026
	Turnitin; GPTZero; Copyleaks; OpenAI Classifier
	L2 / multilingual writing; General human vs AI text
	Although Turnitin and similar detectors (e.g., GPTZero, Copyleaks, Writer, and the OpenAI Classifier) claim high accuracy in identifying AI-generated text, recent evidence reveals systemic biases against multilingual writers, whose syntactic regularity and formulaic phrasing are frequently misclassified as AI-generated.

	Charef N.; El Ghazi S.; Qarmiche N.; Bourkhime H.; Omari M.; El Fakir S.; Otmani N. (2026). Artificial Intelligence in Medical Writing: A Systematic Review of Current Practices
	Systematic review / evidence synthesis
	Of 585 articles, 27 met inclusion criteria.
	GPTZero; Originality.AI; Sapling
	General human vs AI text
	Human reviewers showed limited ability to identify AI outputs. AI enhances efficiency and structure in medical writing but faces challenges in accuracy and originality.

	Gritsai G.; Voznyuk A.; Khabutdinov I.; Grabovoy A. (2025). Advacheck at GenAI Detection Task 1: AI Detection Powered by Domain-Aware Multi-Tasking
	Model development / machine-learning study
	The paper describes a system designed by Advacheck team to recognise machine-generated and human-written texts in the monolingual subtask of GenAI Detection Task 1 competition.
	Not specified in abstract
	General human vs AI text
	We further study obtained system through ablation, error and representation analyses, finding that multitask learning outperforms single-task mode and simultaneous tasks form a cluster structure in embeddings space. We release our code and model1 © 2025 International Conference on Computational Linguistics.

	Bevendorff J.; Fröbe M.; Greiner-Petter A.; Jakoby A.; Mayerl M.; Nakov P.; Plutz H.; Potthast M.; Stein B.; Ta M.N.; Wang Y.; Zangerle E. (2026). Overview of PAN 2026: Voight-Kampff Generative AI Detection, Text Watermarking, Multi-author Writing Style Analysis, Generative Plagiarism Detection, and Reasoning Trajectory Detection
	Comparative / benchmark evaluation
	Since PAN 2012, more than 1,100 submissions have been made this way via the TIRA experimentation platform [8]. © The Author(s), under exclusive license to Springer Nature Switzerland AG 2026.
	Stylometric analysis; Watermarking
	General human vs AI text
	As in previous years, PAN invites software submissions as easy-to-reproduce Docker containers for most of the tasks. Since PAN 2012, more than 1,100 submissions have been made this way via the TIRA experimentation platform [8]. © The Author(s), under exclusive license to Springer Nature Switzerland AG 2026.

	Andoniou C. (2026). The Cheating Crisis That Wasn't: AI, Academic Integrity, and the Evidence Gap
	Systematic review / evidence synthesis
	Research indicates students use AI technology extensively - between 40% and 90%.
	Not specified in abstract
	L2 / multilingual writing; General human vs AI text; News/journalism text
	The detection tools which companies promote as solutions have shown no effectiveness as they produce more than 60% false positive results when identifying non-native English speakers, while they fail to detect AI-generated content that has been rewritten. The current cheating crisis label fails to show the actual nature of the problem according to the current review.

	Xing Y.; Men Y.; Luo S.; Yang Z.; Zhou J.; Pan L. (2026). Highly generalizable cross-domain machine-generated text detection
	Experimental study
	Not reported in abstract
	Not specified in abstract
	General human vs AI text
	Experimental results show that, once trained on a single domain, HGCD achieves high detection accuracy in other domains without any fine-tuning, indicating its strong generalizability and broad applicability. Compared with the SOTA method, HGCD improves accuracy by up to 1.54% in in-domain scenarios and by up to 6.59% in cross-domain scenarios. © 2026 Elsevier B.V.

	Liu T.; Zhang Q. (2025). A Bert-based Model with Tsk Fuzzy Neural Network for Ai Comments Detection
	Experimental study
	The experimental results show that the proposed hybrid model BERT-TSK-H outperforms BERT-TSK and the fine-tuned BERT model in terms of most of the metrics, Accuracy, Precision, Recall and F1-score on the two datasets. © 2025 IEEE.
	BERT
	Academic/scientific writing; General human vs AI text; Social media / online text
	The experimental results show that the proposed hybrid model BERT-TSK-H outperforms BERT-TSK and the fine-tuned BERT model in terms of most of the metrics, Accuracy, Precision, Recall and F1-score on the two datasets. © 2025 IEEE.

	Hau M.F.; Vulpius J. (2026). AI literacy as metacommunicative agility: exploring users’ interpretive strategies in detecting and evaluating AI and human authorship
	Survey / cross-sectional study
	Using data from a two-year experimental study (N = 88) on blind assessments of paired human and AI-authored texts across three genres, we examine the interpretive strategies respondents mobilize.
	Not specified in abstract
	General human vs AI text; Short answers / responses
	Our results show that overall attribution accuracy seldom exceeds chance, and that reliance on surface-level heuristics, such as grammar checks and formatting cues, frequently backfires. These findings recast authorship attribution as a cultural practice rather than technical competency.

	Dugan L.; Zhu A.; Alam F.; Nakov P.; Apidianaki M.; Callison-Burch C. (2025). GenAI Content Detection Task 3: Cross-Domain Machine-Generated Text Detection Challenge
	Comparative / benchmark evaluation
	We find that multiple participants were able to obtain accuracies of over 99% on machine-generated text from RAID while maintaining a 5% False Positive Rate-suggesting that detectors are able to robustly detect text from many domains and models simultaneously.
	23 AI detectors
	General human vs AI text; Short answers / responses
	We find that multiple participants were able to obtain accuracies of over 99% on machine-generated text from RAID while maintaining a 5% False Positive Rate-suggesting that detectors are able to robustly detect text from many domains and models simultaneously.

	Firdoos S.; Ul Hassan M.S. (2025). Detecting Human vs AI-Generated Text in Urdu: A Comparative Study of Deep Learning and Transformer Models
	Comparative / benchmark evaluation
	Among them, multilingual BERT (mBERT) achieved the best performance with 91.67% accuracy and F1-score, surpassing UrduBERT and previous benchmarks like XLM-RoBERTa on the HLU corpus.
	RoBERTa; BERT
	L2 / multilingual writing; General human vs AI text
	Among them, multilingual BERT (mBERT) achieved the best performance with 91.67% accuracy and F1-score, surpassing UrduBERT and previous benchmarks like XLM-RoBERTa on the HLU corpus. These findings set up strong baseline results for Urdu AI-text detection and underscore the potential of multilingual transformers in low-resource settings. © 2025 IEEE.

	Boonsuk Y. (2026). “When the Editor Detected AI — But the ‘AI’ Was Me”: Algorithmic misjudgement and the crisis of authorship in TESOL publishing
	Qualitative study
	This qualitative study examines how false-positive AI detection disrupts authorship among 12 university-based TESOL scholars in Thailand whom Turnitin, GPTZero, and iThenticate wrongly flagged.
	Turnitin; GPTZero
	Academic/scientific writing; L2 / multilingual writing; General human vs AI text
	Second, linguistic bias disproportionately flags non-native English writing as artificial, transforming multilingual scholars’ legitimate use of tools into evidence of misconduct. These findings indicate that the boundary between generative and assistive AI use remains conceptually contested and is poorly addressed by current editorial frameworks.

	Zhu X.; Ren Y.; Cao Y.; Lin X.; Fang F.; Li Y. (2025). Reliably Bounding False Positives: A Zero-Shot Machine-Generated Text Detection Framework via Multiscaled Conformal Prediction
	Comparative / benchmark evaluation
	Dataset and code are available at https://github.com/Xiaoweizhu57/RealDet. © 2025 Association for Computational Linguistics.
	LLM-based approach
	General human vs AI text
	However, most existing detection methods focus excessively on detection accuracy, often neglecting the societal risks posed by high false positive rates (FPRs).

	Emi B.; Spero M.; Masrour E. (2025). Pangram at GenAI Detection Task 3: An Active Learning Approach to Machine-Generated Text Detection
	Model development / machine-learning study
	In our submission to the COLING Shared Task 3, we employ a two-stage training procedure to mitigate undertraining.
	Deep-learning classifier
	L2 / multilingual writing; General human vs AI text
	We employ several preprocessing strategies to improve the robustness of the model. As a result, we achieve the highest score on the adversarial attack portion of the RAID leaderboard. © 2025 International Conference on Computational Linguistics.

	Giray L. (2024). The Problem with False Positives: AI Detection Unfairly Accuses Scholars of AI Plagiarism
	Not clearly stated in abstract
	Not reported in abstract
	Not specified in abstract
	Academic/scientific writing; L2 / multilingual writing
	This results in unwarranted accusations that may cause significant harm to their academic careers. While scholars are dedicated to maintaining integrity in their writing, AI detection tools may tarnish their reputations by labeling them as cheaters or frauds based on some flawed AI detection results.

	Alhabsi S.; Balida D.A.R.; Elbadri H.; Al Bahri A.A. (2026). Reviewing High AI and High Similarity Cases: Global Institutional Practices
	Systematic review / evidence synthesis
	These steps are crucial in ensuring academic integrity in the modern educational space that is being shaped by AI developments. © The Author(s), under exclusive license to Springer Nature Switzerland AG 2026.
	Turnitin
	Short answers / responses
	Key findings reveal a diverse range of strategies, including integrating academic integrity education into curricula, adopting AI detection tools like Turnitin and SafeAssign, and implementing tiered penalty systems for proportional responses.

	Alaqad M.H.; Alkindi G.; Hussin M.; Sapar A.A.; Alaggad L.A. (2026). Benchmarking AI-Generated Text Detection Tools in Academic Writing: An Experimental Evaluation
	Comparative / benchmark evaluation
	This paper presents an experimental evaluation of five widely-used AI-generated text detection tools GPTZero, Turnitin AI Detection, Copyleaks, ZeroGPT, and Originality.ai assessed against a purpose-built corpus of 180 academic writing samples comprising human-written, AI-generated, and hybrid texts.
	Turnitin; GPTZero; Copyleaks; Originality.AI; ZeroGPT
	Academic/scientific writing; General human vs AI text
	False positive rates ranging from 15.6% to 30.6% raise substantial concerns for equitable academic integrity enforcement. These findings carry important implications for institutional policy on AI use in academic writing. © 2026 IEEE.

	Dalalah D.; Dalalah O.M.A. (2023). The false positives and false negatives of generative AI detection tools in education and academic research: The case of ChatGPT
	Experimental study
	However, it is vital to address the concerns regarding false detection of AI generated text and ensure that these models are used in ethical and responsible conduct. © 2023 Elsevier Ltd
	Not specified in abstract
	Abstracts; General human vs AI text; Short answers / responses
	It was found that the detected likelihoods of generative AI in articles’ abstracts is much lower than that found in paragraphs taken from the literature section of the selected articles. We show that despite these challenges, generative AI like ChatGPT continues to be a promising tool for communication and information retrieval.

	Fang H.; Chen W. (2026). Research on weight leakage input algorithm and artificial intelligence generated text detection
	Comparative / benchmark evaluation
	Eventually, under the same circumstances, the performance of the model optimized by the LLI algorithm is far superior to that of chatgpt-detector-roberta, with the Fscore relatively increased by 55.07%. © 2025 Copyright held by the owner/author(s).
	RoBERTa; BERT
	General human vs AI text; Short answers / responses
	However, after applying the LLI algorithm with the selected LLI parameters (1, 1), the model performance is significantly improved. Eventually, under the same circumstances, the performance of the model optimized by the LLI algorithm is far superior to that of chatgpt-detector-roberta, with the Fscore relatively increased by 55.07%. © 2025 Copyright held by the owner/author(s).

	Pellegrina D.; Helmy M. (2025). AI for scientific integrity: detecting ethical breaches, errors, and misconduct in manuscripts
	Conceptual / theoretical analysis
	Not reported in abstract
	Not specified in abstract
	Academic/scientific writing; General human vs AI text
	Our investigation shows that these developments are not yet sufficiently accurate or reliable yet for use in academic assessment, they mark an early but promising steps toward scalable, AI-assisted quality control in scholarly publishing. Copyright © 2025 Pellegrina and Helmy.

	André C.M.J.; Eriksen H.F.L.; Jakobsen E.J.; Mingolla L.C.B.; Thomsen N.B. (2023). Detecting AI Authorship: Analyzing Descriptive Features for AI Detection
	Model development / machine-learning study
	We produce a corpus of AI-generated counterparts to 2.100 research paper abstracts, in order to compare formal linguistic and stylometric characteristics such as perplexity, grammar, n-gram distributions and function word frequencies between human- and AI-generated texts.
	Random Forest
	Abstracts; General human vs AI text
	Key findings indicate that human-written abstracts tend to exhibit higher perplexity, greater grammatical error, and more diverse n-gram distributions.

	Labib M.; Ashraf N.; Fetouh A.M.; Nayel H. (2026). REGLAT at AbjadGenEval Shared Task: Multi-Model Ensemble Approach for Arabic AI-Generated Text Detection
	Conference study / method paper
	Our methodology incorporates Arabic text normalization, strategic data augmentation using 16,678 samples from external scientific abstracts, and threshold optimization prioritizing recall.
	BERT
	Abstracts; General human vs AI text
	On the official test set, our system achieved an F1-score of 0.763, an accuracy of 0.695, a precision of 0.624, and a recall of 0.980, demonstrating strong detection of machine-generated texts with minimal false negatives at the cost of elevated false positives.
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