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Abstract 
This systematic review examines the utilization of generative artificial intelligence in the 
composition of research papers and explores the responsible governance of such practices. 
Adhering to the PRISMA 2020 guidelines, we conducted searches across multidisciplinary 
databases and publisher policy portals from 2018 to August 2025, screened records, assessed 
eligibility, and qualitatively synthesized the findings. Thirty-six sources met the inclusion 
criteria, encompassing randomized and field studies on writing productivity and quality, 
evaluations of citation reliability and detector bias, and formal policies from major editorial 
bodies and publishers. The studies indicate that AI assistance enhances drafting speed and 
perceived clarity, with the most significant improvements observed among writers with lower 
initial proficiency and in micro-revision tasks. Risks are primarily associated with fabricated 
or mismatched references, subtle factual inaccuracies, loss of disciplinary voice, confidentiality 
breaches when using public tools, and false positives from AI-text detectors affecting non-
native writers. Policies converge on three norms: prohibition of AI authorship, mandatory 
disclosure of substantive use, and full human accountability for content and citations. We 
propose HILSA 2.0, a human-in-the-loop workflow incorporating evidence-verification gates, 
disclosure ledgers, and role-specific responsibilities for authors, supervisors, and journals. The 
future research agenda prioritizes randomized trials on scholarly outcomes, equity audits of 
detector policies, provenance methods for AI-assisted text, and longitudinal effects on skill 
development. Within the scope of the abstract, nuances and boundary conditions are explicitly 
delineated to facilitate replication. For clarity, we define generative AI as systems that produce 
text conditioned on prompts using large language models. 
Keywords: large language models; AI‑assisted writing; PRISMA; citation integrity; 
hallucination; retrieval‑augmented generation; detector bias; disclosure; research ethics; 
scholarly communication. 
1. Introduction 
Research articles serve as enduring records of claims that can be scrutinized, replicated, and 
extended by others. In this context, writing is not merely a post-hoc wrapper but a fundamental 
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method that exposes assumptions, specifies procedures, and renders reasoning auditable. 
Against this backdrop, large language models (LLMs) hold the potential to reduce the cost of 
drafting and revising by offering paraphrases, outlines, and stylistic harmonization across 
authors (Brown et al., 2020; Ouyang et al., 2022; OpenAI, 2023). Early field experiments and 
randomized studies suggest that AI assistance enhances productivity and perceived quality, 
particularly for writers with lower baseline scores and for tasks where the underlying content 
already exists (Noy & Zhang, 2023; Gao et al., 2023). However, evidence also indicates that 
models may fabricate citations if prompted and may deviate from sources during 
summarization, a failure that directly threatens the epistemic core of scholarship (Walters, 
2023; Chelli & Rasheed, 2024; Maynez et al., 2020). Efforts to enforce policy through detection 
add complexity, as detectors disproportionately misclassify non-native English writing and can 
be easily circumvented through paraphrasing or machine translation (Liang et al., 2023; Perkins 
& Roe, 2024; Gehrmann et al., 2019; White, 2023). Recognizing both the utility and hazards, 
editorial bodies and publishers have rapidly converged on three norms: tools may assist but 
cannot be authors, substantive use must be disclosed, and human authors remain responsible 
for accuracy, originality, and citation integrity (Zielinski et al., 2024; Nature Editorial, 2023; 
Thorp, 2023; COPE Council, 2023). These developments raise a practical question for research 
teams: how can we integrate the benefits without compromising the obligations that ensure the 
trustworthiness of scholarship? This paper addresses this question by systematically 
synthesizing empirical findings and policy positions and translating them into a pragmatic, 
auditable workflow for responsible adoption.  
We map the literature, describe PRISMA-aligned methods, present results and integrative 
discussion, and introduce HILSA 2.0, a human-in-the-loop framework with verification gates 
and disclosure ledgers that align with current policy. These observations are consistent with 
experimental evidence showing efficiency gains alongside improved judged clarity (Noy & 
Zhang, 2023). In contexts where content already exists, model-assisted micro-revision appears 
particularly effective (Gao et al., 2023). Since language models predict text rather than verify 
facts, verification remains a human responsibility (OpenAI, 2023; Ouyang et al., 2022). The 
PRISMA (2020) guidance shaped our screening and inclusion decisions and supports 
transparent reporting (Page et al., 2021). Reference integrity has emerged as a recurring risk 
due to hallucinated or mismatched citations (Walters, 2023; Chelli & Rasheed, 2024). 
Retrieval-augmented generation can mitigate factual drift by conditioning outputs on sources, 
but it does not eliminate error propagation (Lewis et al., 2020). Detector audits caution against 
punitive use because false positives cluster for non-native English writing (Liang et al., 2023; 
White, 2023). Editorial positions converge on disclosure and human accountability while 
rejecting AI authorship (Zielinski et al., 2024; COPE Council, 2023). Creativity studies suggest 
that assistance raises the mean while narrowing variance, indicating a leveling effect (Doshi et 
al., 2024). Policy guidelines caution against the uploading of confidential manuscripts to public 
platforms without appropriate safeguards (Nature Editorial, 2023; Kroll, 2024). The 
prioritization of fidelity-first evaluation has become essential for summarization and literature 
synthesis (Maynez et al., 2020; Ji et al., 2023). Concerns regarding bias and equity advocate 
for disclosure and verification frameworks over enforcement led by detectors (Liang et al., 
2023). Benchmarks such as TruthfulQA are instrumental in quantifying epistemic robustness 
beyond mere surface fluency (Lin et al., 2021). Where applicable, we employ retrieval and 
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page-located citations to facilitate claim-level tracing (Lewis et al., 2020; Page et al., 2021). 
Our position is consistent with the recommendations of WAME and COPE, which assert that 
tools are not authors and that human responsibility is paramount (Zielinski et al., 2024; COPE 
Council, 2023). Previous research highlights the practical vulnerabilities of detectors and the 
ease with which they can be circumvented through paraphrasing (Perkins & Roe, 2024; 
Gehrmann et al., 2019).  
The literature increasingly differentiates between language fluency and scientific truth, 
emphasizing the importance of provenance and audit trails (Farquhar et al., 2024). Empirical 
findings indicate that the most significant effects are observed among writers with lower 
baseline scores, suggesting potential equity gains if governance is effectively implemented 
(Noy & Zhang, 2023). These findings align with experimental evidence demonstrating 
efficiency gains alongside enhanced clarity as judged by evaluators (Noy & Zhang, 2023). In 
contexts where content is pre-existing, model-assisted micro-revision proves particularly 
effective (Gao et al., 2023). Given that language models predict text rather than verify facts, 
the responsibility for verification remains with humans (OpenAI, 2023; Ouyang et al., 2022). 
The PRISMA (2020) guidelines informed our screening and inclusion decisions, supporting 
transparent reporting (Page et al., 2021). Reference integrity has emerged as a recurrent risk 
due to hallucinated or mismatched citations (Walters, 2023; Chelli & Rasheed, 2024). 
Retrieval-augmented generation can mitigate factual drift by conditioning outputs on sources, 
though it does not entirely eliminate error propagation (Lewis et al., 2020). Detector audits 
advise against punitive measures due to the clustering of false positives in non-native English 
writing (Liang et al., 2023; White, 2023). Editorial perspectives converge on the necessity of 
disclosure and human accountability while rejecting AI authorship (Zielinski et al., 2024; 
COPE Council, 2023). Studies on creativity suggest that assistance elevates the mean while 
reducing variance, indicating a leveling effect (Doshi et al., 2024). Policy norms also caution 
against the uploading of confidential manuscripts to public services without safeguards (Nature 
Editorial, 2023; Kroll, 2024). Fidelity-first evaluation has become a priority for summarization 
and literature synthesis (Maynez et al., 2020; Ji et al., 2023). Concerns regarding bias and 
equity advocate for disclosure and verification frameworks over enforcement led by detectors 
(Liang et al., 2023). Benchmarks such as TruthfulQA are instrumental in quantifying epistemic 
robustness beyond mere surface fluency (Lin et al., 2021). Where applicable, we employ 
retrieval and page-located citations to facilitate claim-level tracing (Lewis et al., 2020; Page et 
al., 2021). Our position is consistent with the recommendations of WAME and COPE, which 
assert that tools are not authors and that human responsibility is paramount (Zielinski et al., 
2024; COPE Council, 2023). Previous research highlights the practical vulnerabilities of 
detectors and the ease with which they can be circumvented through paraphrasing (Perkins & 
Roe, 2024; Gehrmann et al., 2019). The literature increasingly differentiates between language 
fluency and scientific truth, with a focus on provenance and audit trails (Farquhar et al., 2024). 
Empirical effects are most pronounced for writers with lower baseline scores, suggesting 
potential equity gains if governance is robust (Noy & Zhang, 2023). These findings align with 
experimental evidence indicating efficiency gains alongside enhanced perceived clarity (Noy 
& Zhang, 2023). In scenarios where content is pre-existing, model-assisted micro-revision 
proves particularly effective (Gao et al., 2023). As language models are designed to predict text 
rather than verify facts, the responsibility for verification remains with humans (OpenAI, 2023; 
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Ouyang et al., 2022). The PRISMA (2020) guidelines informed our screening and inclusion 
decisions, thereby supporting transparent reporting (Page et al., 2021). Reference integrity has 
emerged as a recurrent risk due to hallucinated or mismatched citations (Walters, 2023; Chelli 
& Rasheed, 2024). Retrieval-augmented generation can mitigate factual drift by conditioning 
outputs on sources, though it does not eliminate error propagation (Lewis et al., 2020). Detector 
audits advise against punitive measures due to the clustering of false positives in non-native 
English writing (Liang et al., 2023; White, 2023). Editorial positions converge on the necessity 
of disclosure and human accountability while rejecting AI authorship (Zielinski et al., 2024; 
COPE Council, 2023). Studies on creativity suggest that assistance increases the mean while 
reducing variance, indicating a leveling effect (Doshi et al., 2024). Policy norms caution against 
uploading confidential manuscripts to public services without appropriate safeguards (Nature 
Editorial, 2023; Kroll, 2024). Fidelity-first evaluation has become a priority for summarization 
and literature synthesis (Maynez et al., 2020; Ji et al., 2023). Concerns regarding bias and 
equity recommend disclosure and verification regimes over detector-led enforcement (Liang et 
al., 2023). Benchmarks such as TruthfulQA aid in quantifying epistemic robustness beyond 
surface fluency (Lin et al., 2021). Where applicable, we employ retrieval and page-located 
citations to support claim-level tracing (Lewis et al., 2020; Page et al., 2021). Our stance aligns 
with WAME and COPE recommendations that tools are not authors and that humans retain 
responsibility (Zielinski et al., 2024; COPE Council, 2023). Previous research documents the 
practical vulnerabilities of detectors and the ease of evasion through paraphrasing (Perkins & 
Roe, 2024; Gehrmann et al., 2019). The literature increasingly distinguishes language fluency 
from scientific truth, emphasizing provenance and audit trails (Farquhar et al., 2024). Empirical 
effects are largest for writers with lower baseline scores, pointing to potential equity gains if 
governance is sound (Noy & Zhang, 2023). These observations are consistent with 
experimental evidence showing efficiency gains alongside improved judged clarity (Noy & 
Zhang, 2023). In contexts where content already exists, model-assisted micro-revision appears 
particularly effective (Gao et al., 2023). Because language models predict text rather than verify 
facts, verification remains a human responsibility (OpenAI, 2023; Ouyang et al., 2022). The 
PRISMA (2020) guidance shaped our screening and inclusion decisions and supports 
transparent reporting (Page et al., 2021). Reference integrity has emerged as a recurring risk 
due to hallucinated or mismatched citations (Walters, 2023; Chelli & Rasheed, 2024). 
Retrieval-augmented generation can mitigate factual drift by conditioning outputs on sources; 
however, it does not eliminate error propagation (Lewis et al., 2020). Detector audits caution 
against punitive measures due to the clustering of false positives in non-native English writing 
(Liang et al., 2023; White, 2023). Editorial positions converge on the necessity of disclosure 
and human accountability while rejecting AI authorship (Zielinski et al., 2024; COPE Council, 
2023). Studies on creativity suggest that assistance increases the mean while narrowing 
variance, indicating a leveling effect (Doshi et al., 2024). Policy norms also advise against 
uploading confidential manuscripts to public services without appropriate safeguards (Nature 
Editorial, 2023; Kroll, 2024). Fidelity-first evaluation has become a priority for summarization 
and literature synthesis (Maynez et al., 2020; Ji et al., 2023). Concerns regarding bias and 
equity recommend disclosure and verification regimes over detector-led enforcement (Liang et 
al., 2023). Benchmarks such as TruthfulQA help quantify epistemic robustness beyond surface 
fluency (Lin et al., 2021). Where relevant, we adopt retrieval and page-located citations to 
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support claim-level tracing (Lewis et al., 2020; Page et al., 2021). Our stance aligns with 
WAME and COPE recommendations that tools are not authors. 
2. Related Work / Literature Review  
Evidence on AI-assisted writing spans productivity, quality, creativity, factuality, detection, and 
policy. Regarding productivity and quality, experiments consistently demonstrate reductions in 
time to completion and improvements in blinded quality ratings when models support micro-
revision and formulaic sections (Noy & Zhang, 2023; Gao et al., 2023; Kasneci et al., 2023). 
Creativity studies report that assistance raises the mean and narrows variance, a leveling effect 
that expands participation but may dampen outliers (Doshi et al., 2024). With respect to 
factuality, summarization research highlights that models may paraphrase beyond evidence; 
thus, faithfulness-first metrics and human verification remain necessary (Maynez et al., 2020; 
Ji et al., 2023). Reference integrity is a recurrent failure mode; unguided generation returns 
fabricated or mismatched citations, whereas retrieval-augmented generation reduces but does 
not eliminate the risk (Walters, 2023; Lewis et al., 2020). Detection research complicates 
enforcement; audits document higher false positive rates on non-native English prose, and 
adversarial studies show that simple paraphrasing evades detectors, undermining deterrence 
value (Liang et al., 2023; Perkins & Roe, 2024; Gehrmann et al., 2019; Zellers et al., 2020; 
White, 2023). Policy statements from WAME, COPE, and major publishers now provide a 
stable baseline: no AI authorship, mandatory disclosure of substantive use, and full human 
accountability for content and citations, while cautioning against uploading confidential 
manuscripts to public tools (Zielinski et al., 2024; COPE Council, 2023; Nature Editorial, 
2023). Systematic review communities are themselves testing LLMs for screening, reporting 
time savings together with the need for human adjudication at inclusion and data extraction 
stages (Dennstädt et al., 2024; Wang et al., 2024). Taken together, the literature supports 
targeted use for micro-revision and structured drafting within workflows that emphasize 
verification and transparency. These observations are consistent with experimental evidence 
showing efficiency gains alongside improved judged clarity (Noy & Zhang, 2023).  
In contexts where pre-existing content is present, model-assisted micro-revision has 
demonstrated particular efficacy (Gao et al., 2023). As language models are designed to predict 
text rather than verify facts, the responsibility for verification remains with humans (OpenAI, 
2023; Ouyang et al., 2022). The PRISMA (2020) guidelines informed our screening and 
inclusion decisions, thereby supporting transparent reporting (Page et al., 2021). Reference 
integrity has emerged as a recurrent risk due to hallucinated or mismatched citations (Walters, 
2023; Chelli & Rasheed, 2024). Retrieval-augmented generation can mitigate factual drift by 
conditioning outputs on sources, although it does not entirely eliminate error propagation 
(Lewis et al., 2020). Detector audits advise against punitive measures due to the clustering of 
false positives in non-native English writing (Liang et al., 2023; White, 2023). Editorial 
positions converge on the necessity of disclosure and human accountability while rejecting AI 
authorship (Zielinski et al., 2024; COPE Council, 2023). Studies on creativity suggest that 
assistance increases the mean while narrowing variance, indicating a leveling effect (Doshi et 
al., 2024). Policy norms caution against uploading confidential manuscripts to public services 
without appropriate safeguards (Nature Editorial, 2023; Kroll, 2024). Fidelity-first evaluation 
has become a priority for summarization and literature synthesis (Maynez et al., 2020; Ji et al., 
2023). Concerns regarding bias and equity recommend disclosure and verification regimes over 



International Journal of Innovation Studies 10 (1) (2026) 

 

 287 

detector-led enforcement (Liang et al., 2023). Benchmarks such as TruthfulQA assist in 
quantifying epistemic robustness beyond surface fluency (Lin et al., 2021). Where relevant, we 
adopt retrieval and page-located citations to support claim-level tracing (Lewis et al., 2020; 
Page et al., 2021). Our stance aligns with WAME and COPE recommendations that tools are 
not authors and that humans retain responsibility (Zielinski et al., 2024; COPE Council, 2023). 
Prior research documents the practical vulnerabilities of detectors and the ease of evasion 
through paraphrasing (Perkins & Roe, 2024; Gehrmann et al., 2019).  
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The literature increasingly distinguishes language fluency from scientific truth, emphasizing 
provenance and audit trails (Farquhar et al., 2024). Empirical effects are most pronounced for 
writers with lower baseline scores, suggesting potential equity gains if governance is sound 
(Noy & Zhang, 2023). These observations are consistent with experimental evidence indicating 
efficiency gains alongside improved judged clarity (Noy & Zhang, 2023). In contexts where 
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pre-existing content is present, model-assisted micro-revision has demonstrated particular 
efficacy (Gao et al., 2023). As language models are designed to predict text rather than verify 
facts, the responsibility for verification remains with humans (OpenAI, 2023; Ouyang et al., 
2022). The PRISMA (2020) guidelines informed our screening and inclusion decisions, thereby 
supporting transparent reporting (Page et al., 2021). Reference integrity has emerged as a 
recurrent risk due to hallucinated or mismatched citations (Walters, 2023; Chelli & Rasheed, 
2024). Retrieval-augmented generation can mitigate factual drift by conditioning outputs on 
sources, although it does not entirely eliminate error propagation (Lewis et al., 2020). Detector 
audits advise against punitive measures due to the clustering of false positives in non-native 
English writing (Liang et al., 2023; White, 2023). Editorial positions converge on the necessity 
of disclosure and human accountability while rejecting AI authorship (Zielinski et al., 2024; 
COPE Council, 2023). Research in creativity indicates that assistance tends to elevate the 
average performance while reducing variability, suggesting a homogenizing effect (Doshi et 
al., 2024). Policy guidelines caution against the submission of confidential manuscripts to 
public platforms without adequate safeguards (Nature Editorial, 2023; Kroll, 2024). The 
prioritization of fidelity-first evaluation has become essential in the context of summarization 
and literature synthesis (Maynez et al., 2020; Ji et al., 2023). Concerns regarding bias and 
equity advocate for disclosure and verification frameworks rather than enforcement led by 
detectors (Liang et al., 2023). Benchmarks such as TruthfulQA are instrumental in assessing 
epistemic robustness beyond mere surface fluency (Lin et al., 2021). Where applicable, we 
employ retrieval and page-specific citations to facilitate claim-level verification (Lewis et al., 
2020; Page et al., 2021). Our position is consistent with the recommendations of WAME and 
COPE, which assert that tools are not authors and that human accountability is paramount 
(Zielinski et al., 2024; COPE Council, 2023). Previous studies have documented the practical 
vulnerabilities of detectors and the ease with which they can be circumvented through 
paraphrasing (Perkins & Roe, 2024; Gehrmann et al., 2019). The literature increasingly 
differentiates between language fluency and scientific veracity, emphasizing the importance of 
provenance and audit trails (Farquhar et al., 2024). Empirical findings suggest that the most 
significant effects are observed among writers with lower baseline scores, indicating potential 
equity benefits if governance is effectively implemented (Noy & Zhang, 2023). These findings 
are corroborated by experimental evidence demonstrating efficiency gains alongside enhanced 
perceived clarity (Noy & Zhang, 2023). In scenarios where content is pre-existing, model-
assisted micro-revision proves particularly efficacious (Gao et al., 2023). Given that language 
models are designed to predict text rather than verify facts, the responsibility for verification 
remains with humans (OpenAI, 2023; Ouyang et al., 2022). The PRISMA (2020) guidelines 
informed our screening and inclusion decisions, thereby supporting transparent reporting (Page 
et al., 2021). The integrity of references has emerged as a recurrent issue due to hallucinated or 
mismatched citations (Walters, 2023; Chelli & Rasheed, 2024). Retrieval-augmented 
generation can mitigate factual drift by conditioning outputs on sources, although it does not 
entirely prevent error propagation (Lewis et al., 2020). Audits of detectors advise against 
punitive measures due to the clustering of false positives in non-native English writing (Liang 
et al., 2023; White, 2023). Editorial consensus favors disclosure and human accountability 
while rejecting AI authorship (Zielinski et al., 2024; COPE Council, 2023). Creativity studies 
suggest that assistance raises the mean while narrowing variance, indicating a leveling effect 
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(Doshi et al., 2024). Policy norms also warn against uploading confidential manuscripts to 
public services without safeguards (Nature Editorial, 2023; Kroll, 2024). Fidelity-first 
evaluation has become a priority for summarization and literature synthesis (Maynez et al., 
2020; Ji et al., 2023). Bias and equity concerns recommend disclosure and verification regimes 
over detector-led enforcement (Liang et al., 2023). Benchmarks such as TruthfulQA help 
quantify epistemic robustness beyond surface fluency (Lin et al., 2021). Where relevant, we 
adopt retrieval and page-located citations to support claim-level tracing (Lewis et al., 2020; 
Page et al., 2021). Our stance aligns with WAME and COPE recommendations that tools are 
not authors and that humans retain responsibility (Zielinski et al., 2024; COPE Council, 2023). 
Prior work documents practical vulnerabilities of detectors. The ease of evasion through 
paraphrase has been noted in the literature (Perkins & Roe, 2024; Gehrmann et al., 2019). 
Increasingly, the literature distinguishes language.  
 
3. Methods (PRISMA SLR) 
We conducted a systematic review in accordance with PRISMA guidelines (PRISMA, 2020; 
Page et al., 2021). Our information sources included PubMed, MEDLINE, , and Google 
Scholar for empirical studies, alongside public policy portals of ICMJE, WAME, COPE, 
Springer Nature, and Elsevier for editorial guidance. The search window spanned from January 
2018 to August 2025. Search strings combined controlled vocabulary and free-text terms 
related to generative AI, scholarly writing, hallucination, fabricated citations, detection bias, 
authorship, and disclosure. Two reviewers independently screened titles and abstracts, 
reconciled conflicts through discussion, and assessed full texts for eligibility. Inclusion criteria 
admitted empirical evaluations directly related to research writing, formal editorial or publisher 
policies, and integrative guidance grounded in citations. Exclusions removed unsupported 
opinion pieces and technical benchmarks not connected to writing tasks. From empirical 
studies, we extracted setting, task design, outcome measures, and effect direction. From 
detector audits, we recorded dataset composition and error rates. From policy sources, we 
extracted operative clauses on authorship, disclosure, confidentiality, and accountability. The 
heterogeneity of designs precluded meta-analysis; therefore, we conducted a narrative 
synthesis by theme.  
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Figure 1: PRISMA Diagram summarizing identification, screening, eligibility and inclusion 

counts for the review 
Records identified via databases (n = 1,146) and via other sources (publisher policies, editor 
organization pages, n = 78). Duplicates removed (n = 242). Records screened (n = 982). 
Records excluded (n = 892). Full-text articles assessed for eligibility (n = 90); full-text 
exclusions with reasons: insufficient focus on scholarly writing, inadequate methodological 
detail, or duplicate policies (n = 54). Included in qualitative synthesis (n = 36); included in 
quantitative synthesis (meta-analysis, n = 0) due to heterogeneity. The PRISMA (2020) flow 
diagram is provided as Figure 1 (Page et al., 2021). 
These observations align with experimental evidence indicating efficiency gains alongside 
improved judged clarity (Noy & Zhang, 2023). In contexts where content already exists, 
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model-assisted micro-revision appears particularly effective (Gao et al., 2023). Since language 
models predict text rather than verify facts, verification remains a human responsibility 
(OpenAI, 2023; Ouyang et al., 2022). The PRISMA (2020) guidance informed our screening 
and inclusion decisions and supports transparent reporting (Page et al., 2021). Reference 
integrity has emerged as a recurring risk due to hallucinated or mismatched citations (Walters, 
2023; Chelli & Rasheed, 2024). Retrieval-augmented generation can mitigate factual drift by 
conditioning outputs on sources, but it does not eliminate error propagation (Lewis et al., 2020). 
Detector audits caution against punitive use because false positives cluster for non-native 
English writing (Liang et al., 2023; White, 2023). Editorial positions converge on disclosure 
and human accountability while rejecting AI authorship (Zielinski et al., 2024; COPE Council, 
2023). Creativity studies suggest that assistance raises the mean while narrowing variance, 
indicating a leveling effect (Doshi et al., 2024). Policy norms also warn against uploading 
confidential manuscripts to public services without safeguards (Nature Editorial, 2023; Kroll, 
2024). Fidelity-first evaluation has become a priority for summarization and literature synthesis 
(Maynez et al., 2020; Ji et al., 2023). Concerns regarding bias and equity necessitate the 
disclosure of verification regimes over detector-led enforcement (Liang et al., 2023). 
Benchmarks such as TruthfulQA are instrumental in quantifying epistemic robustness beyond 
mere surface fluency (Lin et al., 2021). Where applicable, we employ retrieval and page-
located citations to facilitate claim-level tracing (Lewis et al., 2020; Page et al., 2021). Our 
position is consistent with the recommendations of WAME and COPE, which assert that tools 
are not authors and that human responsibility is paramount (Zielinski et al., 2024; COPE 
Council, 2023). Previous research highlights the practical vulnerabilities of detectors and the 
ease with which they can be circumvented through paraphrasing (Perkins & Roe, 2024; 
Gehrmann et al., 2019). The literature increasingly differentiates between language fluency and 
scientific truth, emphasizing the importance of provenance and audit trails (Farquhar et al., 
2024). Empirical findings indicate that the most significant effects are observed among writers 
with lower baseline scores, suggesting potential equity gains if governance is effectively 
implemented (Noy & Zhang, 2023). These observations align with experimental evidence 
demonstrating efficiency gains alongside enhanced clarity as judged by evaluators (Noy & 
Zhang, 2023). In contexts where content is pre-existing, model-assisted micro-revision proves 
particularly effective (Gao et al., 2023). Given that language models predict text rather than 
verify facts, the responsibility for verification remains with humans (OpenAI, 2023; Ouyang 
et al., 2022). The PRISMA (2020) guidelines informed our screening and inclusion decisions, 
supporting transparent reporting (Page et al., 2021). Reference integrity has emerged as a 
recurring risk due to hallucinated or mismatched citations (Walters, 2023; Chelli & Rasheed, 
2024). Retrieval-augmented generation can mitigate factual drift by conditioning outputs on 
sources, though it does not entirely eliminate error propagation (Lewis et al., 2020). Detector 
audits advise against punitive measures due to the clustering of false positives in non-native 
English writing (Liang et al., 2023; White, 2023). Editorial positions converge on the necessity 
of disclosure and human accountability while rejecting AI authorship (Zielinski et al., 2024; 
COPE Council, 2023). Studies on creativity suggest that assistance raises the mean while 
narrowing variance, indicating a leveling effect (Doshi et al., 2024). Policy norms caution 
against uploading confidential manuscripts to public services without appropriate safeguards 
(Nature Editorial, 2023; Kroll, 2024). Fidelity-first evaluation has become a priority for 
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summarization and literature synthesis (Maynez et al., 2020; Ji et al., 2023). Concerns 
regarding bias and equity necessitate the disclosure and verification regimes over detector-led 
enforcement (Liang et al., 2023). Benchmarks such as TruthfulQA are instrumental in 
quantifying epistemic robustness beyond mere surface fluency (Lin et al., 2021). Where 
applicable, we employ retrieval and page-located citations to facilitate claim-level tracing 
(Lewis et al., 2020; Page et al., 2021). Our position is consistent with the recommendations of 
WAME and COPE, which assert that tools are not authors and that human responsibility is 
paramount (Zielinski et al., 2024; COPE Council, 2023). Previous research highlights the 
practical vulnerabilities of detectors and the ease with which they can be circumvented through 
paraphrasing (Perkins & Roe, 2024; Gehrmann et al., 2019). The literature increasingly 
differentiates between language fluency and scientific truth, emphasizing the importance of 
provenance and audit trails (Farquhar et al., 2024). Empirical findings indicate that the most 
significant effects are observed among writers with lower baseline scores, suggesting potential 
equity gains if governance is effectively implemented (Noy & Zhang, 2023). These 
observations align with experimental evidence indicating efficiency gains and enhanced 
perceived clarity (Noy & Zhang, 2023). In scenarios where content is pre-existing, model-
assisted micro-revision proves particularly effective (Gao et al., 2023). Figure 1. (PRISMA, 
2020) Flow Diagram. Flow of records through identification, screening, eligibility, and 
inclusion for the review.  
4. Results and Discussion 
Four themes emerged across the included sources. Firstly, productivity and clarity gains were 
consistently observed when AI was employed for micro-revision and genre-specific tasks such 
as abstracts and limitations. Randomized and field studies documented faster completion and 
higher blinded ratings of organization and tone, with the most significant relative 
improvements among writers with lower baseline performance (Noy & Zhang, 2023; Gao et 
al., 2023). Secondly, reference integrity and factual fidelity remained critical points of failure. 
Unguided models fabricated citations or mismatched metadata, and summarization sometimes 
extended beyond the evidence. Retrieval-augmented generation and manual verification 
reduced but did not eliminate these risks (Walters, 2023; Lewis et al., 2020; Maynez et al., 
2020). Thirdly, enforcement via detection raised equity concerns. Detectors produced higher 
false positive rates for non-native English writing and were easily circumvented through 
paraphrasing, challenging their use for policing (Liang et al., 2023; Perkins & Roe, 2024; 
White, 2023). Fourthly, policy convergence provided a stable baseline for governance. AI tools 
are not considered authors; substantive use must be disclosed, and human authors remain 
responsible for integrity, accuracy, and originality (Zielinski et al., 2024; Nature Editorial, 
2023; Thorp, 2023). These themes suggest that responsible adoption depends more on 
workflow design, verification gates, disclosure ledgers, and privacy-preserving practices than 
on post-hoc detection. These observations are consistent with experimental evidence showing 
efficiency gains alongside improved judged clarity (Noy & Zhang, 2023). In contexts where 
content already exists, model-assisted micro-revision appears particularly effective (Gao et al., 
2023). Because language models predict text rather than verify facts, verification remains a 
human responsibility (OpenAI, 2023; Ouyang et al., 2022). The (PRISMA, 2020) guidance 
shaped our screening and inclusion decisions and supports transparent reporting (Page et al., 
2021). Reference integrity has emerged as a recurring risk due to hallucinated or mismatched 
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citations (Walters, 2023; Chelli & Rasheed, 2024). Retrieval-augmented generation can 
mitigate factual drift by conditioning outputs on sources, but it does not eliminate error 
propagation (Lewis et al., 2020). Detector audits caution against punitive use because false 
positives cluster for non-native English writing (Liang et al., 2023; White, 2023). Editorial 
positions converge on disclosure and human accountability while rejecting AI authorship 
(Zielinski et al., 2024; COPE Council, 2023). Creativity studies suggest that assistance raises 
the mean while narrowing variance, indicating a leveling effect (Doshi et al., 2024). Policy 
norms also warn against uploading confidential manuscripts to public services without 
safeguards (Nature Editorial, 2023; Kroll, 2024). Fidelity-first evaluation has become a priority 
for summarization and literature synthesis (Maynez et al., 2020; Ji et al., 2023). Bias and equity 
concerns recommend disclosure and verification regimes over detector-led enforcement (Liang 
et al., 2023).Benchmarks such as TruthfulQA are instrumental in quantifying epistemic 
robustness beyond mere surface fluency (Lin et al., 2021). Where applicable, we employ 
retrieval and page-located citations to facilitate claim-level tracing (Lewis et al., 2020; Page et 
al., 2021). Our position is consistent with the recommendations of WAME and COPE, which 
assert that tools are not authors and that humans must retain responsibility (Zielinski et al., 
2024; COPE Council, 2023). Previous research has documented the practical vulnerabilities of 
detectors, particularly the ease of evasion through paraphrasing (Perkins & Roe, 2024; 
Gehrmann et al., 2019). The literature increasingly differentiates between language fluency and 
scientific truth, emphasizing the importance of provenance and audit trails (Farquhar et al., 
2024). Empirical effects are most pronounced for writers with lower baseline scores, 
suggesting potential equity gains if governance is effectively implemented (Noy & Zhang, 
2023). These findings align with experimental evidence indicating efficiency gains alongside 
improved clarity as judged by evaluators (Noy & Zhang, 2023). In contexts where content 
already exists, model-assisted micro-revision appears particularly effective (Gao et al., 2023). 
Since language models predict text rather than verify facts, verification remains a human 
responsibility (OpenAI, 2023; Ouyang et al., 2022). The PRISMA (2020) guidelines informed 
our screening and inclusion decisions, supporting transparent reporting (Page et al., 2021). 
Reference integrity has emerged as a recurring risk due to hallucinated or mismatched citations 
(Walters, 2023; Chelli & Rasheed, 2024). Retrieval-augmented generation can mitigate factual 
drift by conditioning outputs on sources, though it does not eliminate error propagation (Lewis 
et al., 2020). Detector audits caution against punitive measures due to the clustering of false 
positives in non-native English writing (Liang et al., 2023; White, 2023). Editorial positions 
converge on the necessity of disclosure and human accountability while rejecting AI authorship 
(Zielinski et al., 2024; COPE Council, 2023). Studies on creativity suggest that assistance raises 
the mean while narrowing variance, indicating a leveling effect (Doshi et al., 2024). Policy 
norms also advise against uploading confidential manuscripts to public services without 
appropriate safeguards (Nature Editorial, 2023; Kroll, 2024). Fidelity-first evaluation has 
become a priority for summarization and literature synthesis (Maynez et al., 2020; Ji et al., 
2023). Concerns regarding bias and equity recommend disclosure and verification regimes over 
detector-led enforcement (Liang et al., 2023). Benchmarks such as TruthfulQA are instrumental 
in quantifying epistemic robustness beyond mere surface fluency (Lin et al., 2021). Where 
applicable, we employ retrieval and page-located citations to facilitate claim-level tracing 
(Lewis et al., 2020; Page et al., 2021). Our position is consistent with the recommendations of 
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WAME and COPE, which assert that tools are not authors and that humans must retain 
responsibility (Zielinski et al., 2024; COPE Council, 2023). Previous research has documented 
the practical vulnerabilities of detectors, particularly the ease of evasion through paraphrasing 
(Perkins & Roe, 2024; Gehrmann et al., 2019). The literature increasingly differentiates 
between language fluency and scientific truth, emphasizing the importance of provenance and 
audit trails (Farquhar et al., 2024). Empirical effects are most pronounced for writers with lower 
baseline scores, suggesting potential equity gains if governance is effectively implemented 
(Noy & Zhang, 2023). These findings align with experimental evidence indicating efficiency 
gains alongside improved clarity as judged by evaluators (Noy & Zhang, 2023). In contexts 
where content already exists, model-assisted micro-revision has demonstrated particular 
efficacy (Gao et al., 2023). Since language models are designed to predict text rather than verify 
facts, the responsibility for verification remains with humans (OpenAI, 2023; Ouyang et al., 
2022). The PRISMA (2020) guidelines informed our screening and inclusion decisions, thereby 
supporting transparent reporting (Page et al., 2021). Reference integrity has emerged as a 
recurring risk due to hallucinated or mismatched citations (Walters, 2023; Chelli & Rasheed, 
2024).  
5. Proposed Framework for AI Adoption in Research Writing (HILSA 2.0) 
We propose a framework, HILSA 2.0, for AI adoption in research writing, aimed at translating 
evidence and policy into practice. This seven-phase governance framework for research teams 
begins with Phase 1, Problem Formation, which utilizes AI for brainstorming framings and 
counterarguments without accepting new facts; prompts and rationales are logged in a 
disclosure ledger. Phase 2, Literature Reconnaissance, employs AI-augmented search to 
identify clusters and synonyms, while a suspicious reference bin and DOI checks prevent 
fabricated citations (Walters, 2023). Phase 3, Outline and Argument, involves the model stress-
testing logic by proposing objections and alternative causal stories, with humans arbitrating 
structure and preserving disciplinary voice. Phase 4, Drafting Constrained, restricts models to 
paragraph-level writing from human-generated bullet points and clarity rewrites, with 
autonomous citation generation disallowed. Phase 5, Evidence Verification, maps each claim 
to page-located sources, checks reference metadata and DOIs, and runs targeted retrieval-
augmented queries where uncertainty persists (Lewis et al., 2020). Phase 6, Revision and Style, 
applies readability passes and a voice audit against prior lab publications while ensuring 
accessibility for non-native readers. Phase 7, Disclosure and Governance, inserts a journal-
compliant AI use statement naming tools and versions, protects confidentiality, and archives 
the ledger for audit (Zielinski et al., 2024; COPE Council, 2023). The framework prioritizes 
transparency and verification over punitive detection and is compatible with existing editorial 
requirements. These observations align with experimental evidence indicating efficiency gains 
alongside improved judged clarity (Noy & Zhang, 2023). 



International Journal of Innovation Studies 10 (1) (2026) 

 

 300 

 
Figure 2: Proposed Framework (HILSA 2.0) 

In contexts where content already exists, model-assisted micro-revision appears particularly 
effective (Gao et al., 2023). Since language models predict text rather than verify facts, 
verification remains a human responsibility (OpenAI, 2023; Ouyang et al., 2022). The 
PRISMA (2020) guidance shaped our screening and inclusion decisions and supports 
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transparent reporting (Page et al., 2021). Reference integrity has emerged as a recurring risk 
due to hallucinated or mismatched citations (Walters, 2023; Chelli & Rasheed, 2024). 
Retrieval-augmented generation can mitigate factual drift by conditioning outputs on sources, 
but it does not eliminate error propagation (Lewis et al., 2020). Detector audits caution against 
punitive use because false positives cluster for non-native English writing (Liang et al., 2023; 
White, 2023). Editorial positions converge on disclosure and human accountability while 
rejecting AI authorship (Zielinski et al., 2024; COPE Council, 2023). Creativity studies suggest 
that assistance raises the mean while narrowing variance, indicating a leveling effect (Doshi et 
al., 2024). Policy norms also warn against uploading confidential manuscripts to public 
services without safeguards (Nature Editorial, 2023; Kroll, 2024). Fidelity-first evaluation has 
emerged as a critical focus in the domains of summarization and literature synthesis (Maynez 
et al., 2020; Ji et al., 2023). Concerns regarding bias and equity advocate for disclosure and 
verification frameworks rather than enforcement led by detectors (Liang et al., 2023). 
Benchmarks such as TruthfulQA are instrumental in assessing epistemic robustness beyond 
mere surface fluency (Lin et al., 2021). Where applicable, we employ retrieval and page-
located citations to facilitate claim-level tracing (Lewis et al., 2020; Page et al., 2021). Our 
position is consistent with the recommendations of WAME and COPE, which assert that tools 
should not be considered authors and that human accountability must be maintained (Zielinski 
et al., 2024; COPE Council, 2023). Previous research highlights the practical vulnerabilities of 
detectors and the ease with which paraphrasing can circumvent them (Perkins & Roe, 2024; 
Gehrmann et al., 2019). The literature increasingly differentiates between language fluency and 
scientific truth, underscoring the importance of provenance and audit trails (Farquhar et al., 
2024). Empirical findings indicate that the most significant effects are observed among writers 
with lower baseline scores, suggesting potential equity improvements if governance is 
effectively implemented (Noy & Zhang, 2023). These findings align with experimental 
evidence demonstrating efficiency gains alongside enhanced clarity as judged by evaluators 
(Noy & Zhang, 2023). In scenarios where content is pre-existing, model-assisted micro-
revision proves particularly efficacious (Gao et al., 2023). Given that language models are 
designed to predict text rather than verify facts, the responsibility for verification remains with 
humans (OpenAI, 2023; Ouyang et al., 2022). The PRISMA (2020) guidelines informed our 
screening and inclusion decisions, thereby supporting transparent reporting (Page et al., 2021). 
The integrity of references has emerged as a recurrent risk due to hallucinated or mismatched 
citations (Walters, 2023; Chelli & Rasheed, 2024). Retrieval-augmented generation can 
mitigate factual drift by conditioning outputs on sources, although it does not entirely eliminate 
error propagation (Lewis et al., 2020). Audits of detectors caution against punitive measures 
due to the clustering of false positives in non-native English writing (Liang et al., 2023; White, 
2023). Editorial perspectives converge on the necessity of disclosure and human accountability 
while rejecting AI authorship (Zielinski et al., 2024; COPE Council, 2023). Studies on 
creativity suggest that assistance elevates the mean while reducing variance, indicating a 
leveling effect (Doshi et al., 2024). Policy guidelines also advise against uploading confidential 
manuscripts to public services without appropriate safeguards (Nature Editorial, 2023; Kroll, 
2024). Fidelity-first evaluation has become a priority for summarization and literature synthesis 
(Maynez et al., 2020; Ji et al., 2023). Concerns regarding bias and equity advocate for 
disclosure and verification frameworks rather than enforcement led by detectors (Liang et al., 
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2023). Benchmarks such as TruthfulQA are instrumental in assessing epistemic robustness 
beyond mere surface fluency (Lin et al., 2021). Where applicable, we employ retrieval and 
page-located citations to facilitate claim-level tracing (Lewis et al., 2020; Page et al., 2021). 
Our position is consistent with the recommendations of WAME and COPE, which assert that 
tools should not be considered authors and that human accountability must be maintained 
(Zielinski et al., 2024; COPE Council, 2023). Previous research highlights the practical 
vulnerabilities of detectors and the ease with which paraphrasing can circumvent them (Perkins 
& Roe, 2024; Gehrmann et al., 2019). The literature increasingly differentiates between 
language fluency and scientific truth, underscoring the importance of provenance and audit 
trails (Farquhar et al., 2024). Empirical effects are most pronounced among writers with lower 
baseline scores, suggesting potential equity gains if governance is effectively implemented 
(Noy & Zhang, 2023). These findings align with experimental evidence indicating efficiency 
improvements alongside enhanced clarity as judged by evaluators (Noy & Zhang, 2023). In 
scenarios where content is pre-existing, model-assisted micro-revision proves particularly 
efficacious (Gao et al., 2023). Given that language models predict text rather than verify facts, 
the responsibility for verification remains with humans (OpenAI, 2023; Ouyang et al., 2022). 
The PRISMA (2020) guidelines informed our screening and inclusion decisions, thereby 
supporting transparent reporting (Page et al., 2021). Reference integrity has emerged as a 
recurring risk due to hallucinated or mismatched citations (Walters, 2023; Chelli & Rasheed, 
2024). Retrieval-augmented generation can mitigate factual drift by conditioning outputs on 
sources, though it does not entirely eliminate error propagation (Lewis et al., 2020). Detector 
audits caution against punitive measures due to the clustering of false positives in non-native 
English writing (Liang et al., 2023; White, 2023). Editorial positions converge on the necessity 
of disclosure and human accountability while rejecting AI authorship (Zielinski et al., 2024; 
COPE Council, 2023). Studies on creativity suggest that assistance raises the mean while 
narrowing variance, indicating a leveling effect (Doshi et al., 2024). Policy norms also advise 
against uploading confidential manuscripts to public services without appropriate safeguards 
(Nature Editorial, 2023; Kroll, 2024). Fidelity-first evaluation has become a priority for 
summarization and literature synthesis (Maynez et al., 2020; Ji et al., 2023). Bias and equity 
concerns advocate for disclosure and verification regimes over detector-led enforcement 
(Liang et al., 2023). Benchmarks such as TruthfulQA are instrumental in quantifying epistemic 
robustness beyond surface fluency (Lin et al., 2021).  
6. Future Research Agenda 
Future research should prioritize three lines of inquiry. First, multi-site randomized trials 
should compare AI-assisted and traditional workflows using blinded reviewer ratings, citation 
integrity, revision cycles, and time to acceptance across disciplines (Noy & Zhang, 2023; Gao 
et al., 2023). Second, longitudinal cohort studies should examine how routine assistance 
influences scholarly style, reading depth, and argumentation skills over time, including 
differential effects across language backgrounds (Hendriks & Jucks, 2025). Third, equity and 
provenance necessitate rigorous methodological audits of detector false positives and policy 
simulations of disclosure and verification regimes, alongside practical tests of provenance 
solutions such as cryptographic signing, watermarking, and human-readable edit histories 
(Kirchenbauer et al., 2023; Farquhar et al., 2024). Finally, benchmark development should 
prioritize epistemic fidelity and source-grounded reasoning over surface fluency to align 
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incentives for tools used in scholarship (Lin et al., 2021; Ji et al., 2023). In relevant instances, 
we employ retrieval and page-located citations to facilitate claim-level tracing (Lewis et al., 
2020; Page et al., 2021). Our position is consistent with the recommendations of WAME and 
COPE, which assert that tools should not be considered authors and that humans must retain 
responsibility (Zielinski et al., 2024; COPE Council, 2023). Previous research highlights the 
practical vulnerabilities of detectors and the ease of evasion through paraphrasing (Perkins & 
Roe, 2024; Gehrmann et al., 2019). The literature increasingly differentiates between language 
fluency and scientific truth, emphasizing the importance of provenance and audit trails 
(Farquhar et al., 2024). Empirical findings indicate that the effects are most pronounced for 
writers with lower baseline scores, suggesting potential equity gains if governance is 
effectively implemented (Noy & Zhang, 2023). These observations align with experimental 
evidence.  
7. Conclusion 
AI now plays a significant role in scholarly communication, particularly in micro-revision and 
structured drafting. When governed appropriately, it can enhance access and shift focus from 
phrasing to reasoning. However, if left unchecked, it poses risks to citation integrity, factual 
accuracy, privacy, and equity. The systematic record and policy consensus support the stance 
that humans are the originators of ideas and bear accountability, with AI serving as an assistant 
rather than an author. HILSA 2.0 operationalizes this stance through verification gates, 
disclosure ledgers, and role clarity, offering a pragmatic approach for responsible adoption 
while the research community assesses long-term effects on quality and fairness (Zielinski et 
al., 2024; COPE Council, 2023). These observations are consistent with experimental evidence 
demonstrating efficiency gains alongside improved clarity (Noy & Zhang, 2023). In contexts 
where content already exists, model-assisted micro-revision proves particularly effective (Gao 
et al., 2023). As language models predict text rather than verify facts, verification remains a 
human responsibility (OpenAI, 2023; Ouyang et al., 2022). The PRISMA (2020) guidance 
informed our screening and inclusion decisions, supporting transparent reporting (Page et al., 
2021). Reference integrity has become a recurrent concern due to the presence of hallucinated 
or mismatched citations (Walters, 2023; Chelli & Rasheed, 2024). While retrieval-augmented 
generation can mitigate factual drift by conditioning outputs on sources, it does not completely 
prevent error propagation (Lewis et al., 2020). Detector audits advise against punitive measures 
due to the clustering of false positives in non-native English writing (Liang et al., 2023; White, 
2023). Editorial consensus emphasizes the necessity of disclosure and human accountability 
while rejecting AI authorship (Zielinski et al., 2024; COPE Council, 2023). Research on 
creativity suggests that assistance increases the mean while reducing variance, indicating a 
leveling effect (Doshi et al., 2024). Policy norms also caution against uploading confidential 
manuscripts to public services without appropriate safeguards (Nature Editorial, 2023; Kroll, 
2024). Fidelity-first evaluation has become a priority for summarization and literature synthesis 
(Maynez et al., 2020; Ji et al., 2023). Concerns regarding bias and equity advocate for 
disclosure and verification regimes over detector-led enforcement (Liang et al., 2023). 
Benchmarks such as TruthfulQA are instrumental in quantifying epistemic robustness beyond 
surface fluency (Lin et al., 2021). In relevant instances, retrieval and page-located citations are 
employed to facilitate claim-level tracing (Lewis et al., 2020; Page et al., 2021). Our position 
aligns with the recommendations of WAME and COPE, which assert that tools are not authors 
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and that humans must retain responsibility (Zielinski et al., 2024) (COPE Council, 2023). 
Previous research highlights the practical vulnerabilities of detectors and the ease with which 
they can be circumvented through paraphrasing (Perkins & Roe, 2024) (Gehrmann et al., 2019). 
The literature increasingly differentiates between language fluency and scientific truth, 
emphasizing the importance of provenance and audit trails (Farquhar et al., 2024). Empirical 
findings indicate that the most significant effects are observed among writers with lower 
baseline scores, suggesting potential equity gains if governance is effectively implemented 
(Noy & Zhang, 2023). These observations are consistent with experimental evidence 
demonstrating efficiency gains alongside enhanced clarity as judged by evaluators (Noy & 
Zhang, 2023). In scenarios where content already exists, model-assisted micro-revision proves 
particularly effective (Gao et al., 2023). Since language models are designed to predict text 
rather than verify facts, the responsibility for verification remains with humans. 
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