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Abstract

Human- artificial intelligence (Al) collaboration is transforming academic writing by enabling rapid
literature screening, summarization, and draft generation. Despite these benefits, concerns remain
regarding factual accuracy, contextual interpretation, transparency, and research integrity, reflecting
inconsistent governance and uneven institutional guidance. This study develops an evidence-informed
governance framework, the Scholarly Human Intelligence—Artificial Intelligence (HI-Al) Loop, to
structure human oversight in Al-assisted academic writing. A structured narrative review of peer-
reviewed literature published between 2020 and 2025 was conducted to examine Al- assisted scholarly
workflows, the extent of human involvement, and reported ethical and institutional governance practices.
Of the 87 records identified through database searches, 38 studies met the eligibility criteria. The
reviewed literature indicated that Al was most frequently used for literature screening, summarization,
and draft preparation, with reported reductions in time and effort required. Common limitations included
citation inaccuracies, limited contextual interpretation, and inconsistent disclosure of Al use, with such
disclosure absent in 12 of the 38 included studies. More than half of the studies described hybrid
workflows integrating Al assistance with structured human oversight, whereas fewer reported Al-only
approaches. Across the reviewed literature, structured human oversight is generally associated with
improved factual accuracy, interpretive coherence, and ethical accountability. Based on this synthesis,
the proposed seven-stage Scholarly HI Al Loop offers a governance-oriented framework for
systematically integrating human judgment into Al-assisted scholarly workflows, with potential
applicability across disciplines and institutional settings.

1. Introduction

The expansion of scholarly publishing has increased the demand for academic writing and literature
synthesis, particularly in disciplines where evidence synthesis informs clinical practice, policy, and
research decision-making [1], [2]. Systematic reviews and narrative syntheses remain central to
evidence-based research; however, the growing volume and complexity of the literature are making
traditional methods less practical, requiring considerable time and resources [3], [4]. In response,
researchers and institutions have adopted computer-assisted tools to support literature retrieval,
summarization, and early stage drafting [5], [6]. Advances in language-based artificial intelligence (Al)
systems have enabled faster abstract screening, thematic clustering, and text generation, thereby
supporting the handling of large volumes of information [7]. However, evidence indicates that these
systems frequently generate outputs with limited contextual understanding and variable citation
accuracy, raising concerns regarding their reliability and scholarly integrity [8]. Improvements in linguistic
fluency have not addressed the underlying limitations of interpretive reasoning, disciplinary nuance, and
ethical judgment [9].

Consequently, Al-only approaches remain insufficient for tasks that require evidence appraisal,
interpretive judgment, and accountability. Recent studies suggest that hybrid models, which combine Al
assistance with human oversight, are becoming more common, positioning Al as a supportive tool rather
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than an autonomous academic entity [10], [11]. Despite this shift, the editorial, ethical, and institutional
implications of hybrid workflows remain poorly defined [12], [13]. The use of Al in academic writing is
further complicated by unresolved questions concerning authorship attribution, plagiarism prevention,
intellectual property rights, and equitable access [14]-[17]. Although publishers and professional
organizations have issued guidance on Al use, current recommendations remain inconsistent and lack a
cohesive operational framework for embedding human judgment across different stages of academic
writing.

Accordingly, there remains an unmet need for a structured approach that explicitly defines how human
involvement and responsibility should be embedded in Al-assisted academic writing and literature
synthesis. This study addresses this gap by synthesizing existing evidence to propose the Scholarly
Human Intelligence—Artificial Intelligence (HI-Al) Loop, a governance-oriented framework designed to
guide the systematic integration of human judgment into Al-assisted scholarly workflows.

Established perspectives on human—Al collaboration, including hybrid intelligence and human-in-the-
loop models, provide a useful context for understanding how cognitive responsibility and accountability
are shared between humans and Al systems [18]-[21]. Sociotechnical perspectives further show how Al-
assisted writing is shaped by the institutional norms, editorial practices and governance structures of
scholarly publishing [22]. Although the Scholarly HI-Al Loop proposed here is derived from a synthesis
of the literature rather than from a single theory, these perspectives offer a conceptual backdrop that
reinforces the ethical case for structured human oversight in Al-assisted academic writing.

2. Materials and Methods

This study adopted a narrative review design to develop the Scholarly HI-Al Loop, a conceptual
governance framework for human—Al collaboration in academic writing and literature summarization
tasks. The review followed structured procedures to ensure transparency and reproducibility, including
predefined eligibility criteria, multistage screening, dual-reviewer assessment, and systematic record
tracking. The study selection process is summarized in a Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) 2020 flow diagram (Fig. 1) [23], [24].

2.1. Database and Search Strategy

A multi-database search was conducted across Scopus, Web of Science, PubMed, and Google Scholar to
capture literature spanning biomedical, technological, and social science perspectives on human-Al
collaboration in academic writing literature. The search terms combined three concept domains:

("Al-assisted summarization" OR "machine-assisted literature review" OR "large language model
summarization” OR "large language models")

AND
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("human-in-the-loop" OR "editorial oversight" OR "hybrid workflow")
AND
("scholarly publishing" OR "academic writing")

The search strings were adapted to the indexing syntax of each database. In addition to standard
database searches, the Consensus Al discovery engine was used to identify additional peer-reviewed
studies using semantic relevance and citation-aware ranking to guide the selection process. Additional
search terms included human-in-the-loop summarization, Al-assisted literature review, large language
models (LLMs) collaboration in academic writing, and hybrid human—machine knowledge production.
Studies identified through this process were screened using the same eligibility criteria as the database-
derived records [4], [12], [21].

2.2. Time Frame

Studies published between January 2020 and December 2025 were included. This period captures the
rapid emergence and widespread adoption of LLM in academic workflows and corresponds to the most
active phase of research on human-Al collaboration in scholarly writing and literature synthesis [3], [6].

2.3. Inclusion and Exclusion Criteria

Eligible studies included peer-reviewed journal articles, conference papers, editorials, and case studies
that examined human—Al collaboration in academic writing, literature synthesis or related scholarly
tasks. Studies were included if they explicitly described human oversight activities such as fact-
checking, critical appraisal, editorial decision-making, ethical review, or interpretive validation. Only
English-language full-text publications providing sufficient methodological or conceptual details were
eligible. Studies focusing exclusively on technical model development without human involvement or
real-world scholarly application, non-peer-reviewed publications, and articles lacking adequate
methodological or ethical transparency were excluded from the review.

2.4. Screening Process

Records identified through database searches and supplementary sources underwent a two-stage
screening process comprising title and abstract screening, followed by a full-text eligibility assessment.
Screening was conducted independently by two reviewers, with disagreements resolved through
discussion and, where necessary, adjudication by a third reviewer. The study selection process is
summarized in Fig. 1, which is adapted from the PRISMA 2020 framework [23], [24].

2.5. Data Extraction

Data were extracted using a structured data charting form to ensure consistency across studies. The
extracted variables included bibliographic characteristics, Al tool type, workflow classification (Al-only or
hybrid human—Al), human oversight activities, disclosure practices, reported outcomes, limitations, and
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governance-related challenges associated with Al-assisted academic writing. Data extraction was
performed independently by two reviewers, and discrepancies were resolved through consensus.

2.6. Quality Control

Independent dual-reviewer screening and data extraction, together with third-reviewer adjudication of
disagreements, enhanced methodological consistency and minimized selection bias across study
selection, data extraction and thematic classification.

2.7. Al Use Transparency

Consensus Al was used during the literature search to assist in identifying potentially relevant
publications. Generative artificial intelligence (GenAl) tools were not used for study selection, data
extraction, evidence interpretation, framework development, or autonomous content generation. GenAl-
assisted editing was limited to improving grammar, readability, and presentation of author-generated
text. All conceptual development, literature synthesis, interpretation, and final approval were undertaken
by the authors, who accept full responsibility for the content of this manuscript.

3. Results

A total of 38 peer-reviewed studies were included in the narrative synthesis, examining the use of Al
tools in academic writing and literature summarization across biomedical sciences, public health,
information science, and related fields. Five consistent thematic patterns emerged across the reviewed
literature: (i) epistemic friction and early editorial responses to Al-assisted writing, (ii) the roles and
capabilities of Al tools, (iii) the extent and forms of human editorial oversight, (iv) ethical guidelines and
disclosure practices, and (v) institutional readiness and barriers to adoption. Each theme is discussed
below.

3.1. Narrative Synthesis

3.1.1. Epistemic Friction and Editorial Pushback (2020-
2023)

Studies published between 2020 and 2023 consistently report tension between the expanding use of Al
tools and concerns about epistemic reliability. Early applications of models such as Generative Pre-
trained Transformer 2 (GPT-2) and GPT-3 focused on outlining, paraphrasing, and summarizing literature.
Several studies have reported improvements in writing speed and surface coherence but have also
identified weak source grounding and limited evidentiary verification [3]. Following the public release of
ChatGPT in late 2022, its use has increased rapidly across different fields [7], [25]. Simultaneously,
several studies have documented recurring problems, such as hallucinated citations, fake references,
and failure to distinguish credible from non-credible sources [4], [7], [25]. These issues have prompted
scrutiny from journals, universities, and funding organizations.
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By 2023, the editorial responses had become more explicit. Major publishers have issued policies
prohibiting the attribution of authorship to large language models or restricting the use of Al-generated
content [14], [15], [26]. Scholarly reactions were mixed: some studies supported these restrictions as
necessary for accountability, while others questioned their consistency, given existing editorial
outsourcing practices [16]. Guidance issued during this period remained fragmented and reactive [17],
[16], [14]. Collectively, the literature reflects a shift from exploratory use toward governance-focused
discussions emphasizing structured human oversight [19], [22], [27].

3.1.2. Al Tool Roles and Capabilities

Across the reviewed studies, Al tools in academic summarization have evolved from extractive to
abstractive approaches. Early extractive systems primarily selected verbatim text segments, offering
efficiency but limited thematic integration and contextual interpretation [1]. The introduction of large
language models, such as GPT-4 and ChatGPT, has enabled abstractive summarization with improved
narrative flow and linguistic coherence [5], [10], [25]. However, multiple studies continue to report factual
inaccuracies, hallucinated citations, and poor alignment with methodological standards, particularly in
evidence-based domains [4], [11].

Several studies have described efforts to address these limitations using domain adaptation and hybrid
architectures. Fine-tuning models on discipline-specific corpora improved adherence to reporting
standards, such as PRISMA [6], [3]. However, concerns regarding model opacity, data provenance, and
reproducibility persist, particularly for proprietary systems [22], [27], [28]. Despite these concerns,
retrieval-augmented workflows that combine LLMs with structured databases have demonstrated
improved factual consistency in pharmacotherapy reviews, library science, and public health applications
[8], [20], [29]. Across studies, interpretive judgment and contextual framing remained dependent on
human input.

3.1.3. Human Editorial Oversight

Human involvement has been consistently described as integral to Al-assisted academic writing rather
than a post-processing step [4], [12], [29]. Across studies, human contributors performed fact-checking,
narrative restructuring, bias identification, and contextual alignment to ensure disciplinary accuracy and
ethical compliance [4], [11]-[12]. One pharmacotherapy review documented the iterative refinement of
Al-generated drafts by clinical experts to align the content with therapeutic standards and domain-
specific terminology [29]. Other studies have characterized similar practices as “intellectual
interventions,” emphasizing the role of human judgment in shaping scholarly coherence and credibility
[12].

In parallel, several publishers, including Elsevier, Springer, and SAGE, have introduced policies requiring
the disclosure of Al use and clarification of human oversight [30]. These practices align with governance
models such as Artificial Intelligence—Conscious to Conscience (Al-C2C), which positions human
validation as an embedded checkpoint within hybrid knowledge workflows [27]. Equity-focused critiques
further emphasize the need for training and transparent oversight to prevent the concentration of

Page 7/25



responsible Al use within well-resourced institutions [31]. The core editorial roles identified across the
studies are summarized in Table 1.

Table 1
Human editorial roles in Al-assisted academic writing across reviewed studies
Editorial Role Description Representative
Studies
Content Curation Selecting, organizing, and prioritizing Al-generated [3]
outputs for relevance and inclusion.
Fact-Checking & Verifying the accuracy of Al-produced content, [4]
Validation correcting errors, and cross-referencing with source
materials.
Narrative Refining Al drafts to enhance readability, logical flow,  [12], [29]
Restructuring and disciplinary framing.
Bias Identification & Detecting and addressing cultural, disciplinary, or [11], [28].
Mitigation systemic biases in Al-generated content.
Ethical & Editorial Ensuring compliance with ethical frameworks, [27], [30]
Oversight publisher policies, and scholarly integrity standards.
Contextualization Embedding Al-generated content within appropriate [22], [32]

theoretical, cultural, or clinical contexts.

Note. Roles synthesized from recurring practices across the 38 included studies; “editorial oversight”
encompasses ethical review and compliance with publisher policies.

3.1.4. Ethical and Disclosure Practices

The ethical integration of Al tools is closely linked to transparency and attribution across the reviewed
literature [30], [33]. Among the 38 included studies, 12 did not disclose Al use, despite a clear reliance on
generative tools [6], [20]. In studies that reported Al involvement, the level of detail varied substantially.
Several studies disclosed only the tool name without specifying whether Al contributed to drafting,
synthesis, citation management or editorial review [15]. This lack of reporting granularity limits
reproducibility and complicates peer review [34]. Beyond attribution, studies have reported risks related
to hallucinated citations, implicit bias, and the reinforcement of dominant epistemic frames, particularly
in biomedicine and policy research [3], [16], [29]. Governance approaches, such as Al-C2C, emphasize
structured human validation to mitigate these risks [27]. In response, some journals have introduced
structured disclosure templates requiring the specification of Al tools, functions, and oversight
mechanisms [15], [30], [33]. The identified disclosure practices are summarized in Table 2.
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Table 2
Disclosure and ethical practices in Al-assisted academic writing across reviewed studies

Practice Description Representative
Sources
Al Use Disclosure Explicitly stating the Al tool used and its role in the [30], [33]
review process.
Granularity of Detailing whether Al contributions were limited to [15]
Reporting drafting or extended to synthesis, restructuring, or
citation management.
Structured Use of journal-mandated disclosure forms specifying [30], [33]
Templates tools, tasks, and oversight mechanisms.
Ethical Oversight Incorporating deliberate human validation of Al outputs [27], [29]
for accuracy, context, and ethical alignment.
Bias & Human review to detect and correct Al-generated [16], [28].
Hallucination inaccuracies, hallucinated references, and cultural or
Mitigation disciplinary biases.

Note: Practices drawn from publisher guidance and reviewed studies.

3.1.5. Institutional Readiness and Barriers

Several studies have reported that Al-assisted summarization reduces manual workload and supports
higher-order scholarly tasks, particularly in healthcare, education, and policy research [7], [21], [29].
Hybrid workflows enable the redistribution of effort toward contextual interpretation and ethical
validation [1], [3], [6]. Early-career researchers have noted pedagogical benefits, such as enhanced
comprehension of source integration and narrative construction facilitated by supervised Al applications
[4]. Potential benefits were also noted for low- and middle-income countries, where hybrid workflows
may reduce labor barriers and expand participation in global scholarship [12].

However, institutional adoption remains uneven. Many organizations lack formal protocols for Al
disclosure and oversight, raising concerns about transparency and reproducibility [16], [30]. Technical
limitations persisted, with instances of hallucination and domain misrepresentation reported even in
fine-tuned models [25], [29]. While governance frameworks such as Al-C2C offer mechanisms for
embedding human accountability [27], their implementation remains limited, particularly in settings
affected by infrastructural and training constraints [12]. The comparative characteristics of the
traditional, Al-only, and hybrid workflows are summarized in Table 3.
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Table 3

Comparison of traditional, Al-only, and hybrid approaches in academic writing workflows

Criteria Traditional Al-Assisted (Minimal Hybrid (Human + Al)
Human Oversight)
Speed Low (weeks— High (minutes—hours) Moderate (hours-
months) days)
Accuracy High (expert- Variable (model-dependent)  High (expert-
reviewed) validated)
Contextual Strong Moderate Strong (human-
Understanding augmented)
Citation Integrity Reliable Variable; requires Reliable (post-
verification verification)
Human Effort Required  High Low Moderate
Risk of Hallucination Low High Low—moderate
Ethical Oversight Explicit and Variable; often limited Integrated
central throughout
Scalability Limited High High
Suitability for Niche High Limited High
Domains
Note. Criteria adapted from [3] and [6]. [1] and [27].

3.2. Conceptual Contribution: The Scholarly HI-Al Loop

Based on the patterns identified in the narrative synthesis, this study proposes the Scholarly HI-Al Loop,
a conceptual framework for structuring hybrid human—Al collaboration in academic literature
summarization. The framework responds to three recurring needs reported across the reviewed studies:
efficiency, achieved through Al-assisted screening and drafting [3], [5], scholarly rigor, achieved through
human-led validation and contextualization [29], and ethical accountability, achieved through governance
mechanisms such as AI-C2C [22], [27]. The HI-Al Loop is organized into seven interdependent stages
that formalize points of human involvement across scoping, screening, drafting, refinement,
contextualization, ethical validation, and publication. The stages and associated human and Al roles are
summarized in Table 4, and the bidirectional collaboration between the contributors and Al tools is
illustrated in Fig. 2.
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Table 4

Stages of the Scholarly HI-Al Loop for literature summarization

Stage

Stage 1: Scoping
and Selection

Stage 2:
Screening and
Shortlisting

Stage 3: Draft
Summarization

Stage 4: Human-
in-the-Loop
Refinement

Stage 5: Editorial
Contextualization

Stage 6: Ethical
Validation and
Disclosure

Stage 7: Polishing
and Publication

Purpose

Define review
objectives,
inclusion/exclusion
criteria, and search
strategy.

Identify studies for
detailed review.

Generate preliminary

evidence summaries.

Improve factual
accuracy and
contextual depth.

Align content with
scholarly and
disciplinary
standards.

Ensure transparency,
integrity, and
responsible Al use.

Prepare the
manuscript for
submission.

Human Roles

Authors and
editors define the
scope, refine
search queries,
and ensure
disciplinary
relevance.

Reviewers
validate Al-
generated
shortlists and
assess
borderline cases.

Review outputs,
identify
inaccuracies, and
assess
coherence.

Verify facts,
strengthen
interpretation,
restructure
narratives, and
incorporate
disciplinary
expertise.

Integrate
theoretical
perspectives,
harmonize
terminology, and
strengthen
interpretation.

Verify citations,
assess
originality, and
prepare Al-use
disclosures.

Proofread,
ensure journal
compliance, and
complete final
quality checks.

Al Roles

Expand search
queries, cluster
keywords, and
identify
potentially
relevant
sources.

Deduplicate
records, screen
titles and
abstracts, and
cluster topics.

Produce
structured
abstractive or
extractive
summaries.

Support
iterative
revision and
language
refinement.

Support
section
organization
and stylistic
consistency.

Assist citation
verification and
generate
disclosure
records.

Improve
grammar,
formatting, and
language
consistency.

Expected
Outputs

Defined
review
protocol and
search
strategy.

Curated set
of eligible
studies.

Initial Al-
generated
summaries.

Contextually
enriched and
validated
summaries.

Discipline-
aligned
scholarly
manuscript.

Ethically
validated
manuscript.

Submission-
ready
manuscript.

Note: Author-developed framework informed by hybrid intelligence theory, human-in-the-loop models,
and Al-enhanced collaborative theory.
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Figure 2. visualizes the Scholarly HI-Al Loop, illustrating the bidirectional, co-regulated collaboration
between human contributors and Al tools across the seven summarization stages, as detailed in Table 4.

By embedding structured human participation throughout the workflow, particularly during
contextualization, ethical review, and disclosure, the Scholarly HI-Al Loop addresses the epistemic,
editorial, and institutional gaps identified in the reviewed literature [4], [16]. The framework positions
scholars as active agents who oversee Al-assisted processes rather than as passive validators of
machine-generated output, thereby reinforcing human accountability, interpretive judgment, and
responsible governance throughout the scholarly writing process [17], [26].

4. Discussion
4.1. Framing the Future: What This Study Adds

This study contributes a governance-oriented perspective to the debates on Al use in academic writing
by shifting attention from tool performance to the epistemic and institutional conditions under which
human-Al collaboration occurs. The literature increasingly suggests that governance has become as
important as technological capability. [14], [19], [27]. The Scholarly HI-Al Loop introduced in this review
provides a seven-stage framework for structuring human—Al collaboration across the academic writing
life cycle. Rather than positioning Al as a shortcut or substitute for scholarly labor, the framework
situates it within a guided workflow that depends on transparency and active human oversight from
scoping to disclosure. This approach aligns with hybrid intelligence perspectives that emphasize shared
cognition and feedback between human and machine actors [18], [35], as well as recent formulations of
Al-enhanced collaborative theory.

Beyond conceptual categorization, the HI-Al Loop functions as a governance structure for implementing
Al-integrated academic practices [22]. It addresses a recurring gap identified in the literature: the
absence of interdisciplinary, multi-actor models that operationalize human-in-the-loop scholarship in the
context of GenAl [19], [27]. This offers a practical reference point for researchers, editors, and institutions
navigating Al-supported scholarly work.

4.2. Repositioning the Human: Editorial and Epistemic
Imperatives

As large language models increasingly approximate scholarly prose, questions arise regarding their role
in academic knowledge systems. The evidence synthesized in this review indicates that LLMs cannot
function as autonomous epistemic agents because of their technical, ethical, and epistemic limitations.
These systems lack contextual sensitivity, moral reasoning, and value alignment, and operate as
probabilistic generators rather than accountable actors [9], [11], [16], [36]. Accordingly, human oversight
is not a corrective add-on but rather a structural requirement. Within the Scholarly HI-Al Loop, human
contributors act as curators, validators, and interpreters, filtering outputs, identifying errors or
hallucinations, and aligning content with disciplinary and ethical standards [37]. This role is particularly
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salient in fields shaped by interpretive and normative nuances, including the humanities, clinical ethics,
and social sciences [38].

Empirical examples across the reviewed literature demonstrate that even advanced LLMs frequently
require substantial human correction at various stages of the scholarly workflow. As summarized in
Table 5, failures related to citation accuracy, authorship agency, and rhetorical coherence were reported
from query expansion through the final proofreading. Across these cases, the maintenance of academic
integrity depended on active human involvement. These observations reinforce the need to position
humans as embedded epistemic actors, rather than passive validators of Al output.

Table 5
Use cases and pitfalls in Al-assisted academic writing across the HI-Al Loop
HI-Al Loop Human Oversight Required For Observed Al Issue or Success Reference
Stage
1. Query Domain-specific search term LLMs enhanced recall but lacked [10]
Expansion refinement and contextual sensitivity to discipline-specific
relevance filtering jargon and emergent topics
2. Auto- Validation of Al retrieved high-relevance [21]
Screening inclusion/exclusion decisions abstracts but failed to identify
and semantic clustering critical niche sources
3. Draft Identification of hallucinated Al-generated summaries included [7]
Summary statements, source fabricated citations and, in some
misrepresentation, and cases, displaced human authorship
authorship agency through passive adoption
4. Fact- Correction of scientific errors Human reviewers substantially [7]
Checking and restoration of factual revised Al outputs to meet editorial
integrity and domain standards
5. Style Restoration of scholarly tone, LLMs produced grammatically [26]
Tuning argumentative flow, and smooth but rhetorically uniform and
disciplinary nuance depersonalized prose
6. Citation Verification of citation presence,  Tools like Elicit missed key [4]
Scan relevance, and accuracy references and occasionally
introduced uncited material
7. Proof Final integration, ethical MetaWriter accelerated review [39]
Polish framing, and preservation of drafting but raised concerns about
reviewer agency over-reliance and authorship

4.3. Reimagining Authorship and Attribution

The increasing capacity of GenAl to produce fluent academic prose complicates the existing definitions
of authorship and plagiarism. Ethical uncertainty arises when Al-assisted paraphrasing occurs without
disclosure or attribution, risking the misrepresentation of machine-generated content as human insight
[14], [15], [40]. Questions of intellectual ownership are similarly unsettled, particularly for hybrid outputs
co-produced by human users and models trained on large-scale corpora [26].
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To address these challenges, codified attribution protocols are required that specify the role of Al (e.g.,
drafting, summarization, citation management), delineate the division of labor, and mandate structured
disclosure, analogous to conflict-of-interest reporting. As shown in Table 2, current practices remain
inconsistent across publishers and disciplines. Ethics-by-design mechanisms, such as interaction logs,
citation audits, and authorship checklists, can further support accountability by making otherwise
invisible contributions explicit. This reframing shifts the emphasis from output ownership to process
transparency, recognizing Al as a contributory but non-moral agent in knowledge production.

4.4. Is the Traditional Literature Review Dead? Or just
changing

The increasing use of LLMs in screening and summarizing the literature raises questions about the
evolving role of traditional literature reviews. Fully automated approaches risk reducing synthesis to
surface-level extraction, with limited attention to interpretive framing, theoretical depth or ethical
reflexivity [40]. The evidence reviewed here indicates that even fluent Al-generated summaries frequently
lack conceptual nuance and overlook minority or non-dominant perspectives [4], [10]. Hybrid models,
such as the Scholarly HI-Al Loop, retain the interpretive strengths of human scholarship while leveraging
Al for scalability. Rather than displacing the literature review, Al reshapes it into a reflective, context-
aware synthesis. This perspective aligns with broader critiques highlighting the risk of epistemic
injustice when generative systems privilege dominant paradigms and marginalize alternative
epistemologies [38].

The reviewed evidence suggests that literature reviews remain fundamentally an interpretive scholarly
practice. Operationalizing the HI-Al Loop translates its stages into concrete responsibilities for authors,
editors, reviewers, and institutions, embedding accountability across the review life cycle. Such models
position responsible Al adoption as a normative commitment, grounded in fairness, inclusivity, and
institutional trust.

4.5. Designing Human—Al Collaboration for Trust and
Value

Evidence from education, creative writing, and human—machine interaction suggests that the quality of
human-Al collaboration depends on clear role delineation, iterative interaction, and a shared
understanding of system limitations. Outcomes improve when humans focus on interpretation and
contextualization, while Al supports speed, pattern recognition, and draft generation [19]. In contrast,
one-shot prompting approaches are frequently associated with generic or weakly grounded outputs.

Therefore, trust in hybrid workflows is anchored in transparent processes rather than output fluency
alone [41]. Collaborative literacy—encompassing prompt design, critical interpretation of Al responses,
and reflective revision— has emerged as a necessary skill set for researchers [26], [38], [39], [42]. These
findings point to a broader shift from viewing Al as a utility to recognizing it as a cognitive partner
embedded within epistemic workflows [26], [35].
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4.6. Stakeholder Guidance and Real-World Readiness

The Scholarly HI-Al Loop is intended as a practical framework for embedding responsible Al
collaboration in the scholarly publishing ecosystem. Its implementation requires distributed
accountability across researchers, editors, reviewers, institutions, publishers, ethical bodies, readers and
tool developers. Researchers are primarily responsible for ensuring interpretive precision, validating Al-
generated outputs, and providing accurate attribution [4], [26]. Editors and peer reviewers play crucial
roles in enforcing disclosure standards and evaluating Al-generated content [16], [22], [33].

Institutional support is especially important in low- and middle-income countries (LMICs), where
differences in infrastructure and training can worsen existing inequities [12], [27]. Therefore, publishers
must take the lead in establishing standardized policies regarding Al disclosure and authorship
guidelines [14], [15], [30]. Developers should prioritize explainability, bias reduction, and auditability in
tool design [19]. Ethical oversight bodies, readers, and funders further contribute by defining the
thresholds for acceptable use and supporting inclusive access. The stakeholder responsibilities aligned
with the HI-Al Loop are summarized in Table 6.
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Table 6

Governance recommendations for stakeholders in Al-assisted scholarly publishing

Stakeholder

Researchers and
Authors

Editors

Peer Reviewers

Institutions

Publishers and
Journals

Readers and
Knowledge Users

Ethics Oversight
Bodies

Al Tool
Developers and
Platforms

Funders and
Policy Agencies

Key Responsibilities

Apply hybrid human—Al workflows with critical oversight;
validate Al-generated content; ensure narrative coherence;
disclose Al use; and maintain responsible attribution.

Enforce Al disclosure policies; incorporate governance
checklists into editorial and peer-review processes; and clarify
the respective roles of authors and Al systems to maintain
scholarly integrity.

Assess the transparency and quality of Al-assisted content;
identify hallucinations, bias, and unverifiable citations; and
evaluate compliance with Al disclosure requirements.

Provide training in responsible human—Al collaboration;
establish institutional Al governance policies; and promote
equitable access to trustworthy Al tools, particularly in low- and
middle-income country settings.

Standardize editorial policies on Al use; require transparent
disclosure of Al assistance; and define acceptable boundaries
for Al contributions in scholarly publishing.

Critically evaluate Al-assisted scholarly outputs; expect
transparent disclosure of Al use; and report inaccuracies,
citation errors, or concerns regarding research integrity.

Develop guidance for responsible Al use in scholarly
communication; clarify authorship boundaries; establish audit
responsibilities; and support ethical governance of Al-assisted
research.

Design transparent, explainable, and human-centered Al
systems; mitigate algorithmic bias; and provide audit trails and
governance features to support responsible scholarly use.

Require Al transparency and governance plans in funded
research; support equitable access to trustworthy Al
infrastructure; and promote responsible Al innovation through
policy and funding mechanisms.

References

[4], [14],
[26]
[16], [33]

16], [22],

12], [27],

[14], [15],
[30]
[25], [28]

[18], [22]

[19]

[12], [28]

Note: The recommendations are aligned with the seven stages of the proposed Scholarly HI-Al Loop:
scoping, retrieval, synthesis, validation, narrative construction, disclosure, and ethical governance.

4.7. Co-Producing Scholarly Integrity in the Al Era

The integration of GenAl into academic practices demands a reevaluation of authorship, peer review, and
accountability. The Scholarly HI-Al Loop provides a governance structure that emphasizes

coproduction, shared cognition, and editorial responsibility. This approach, rather than replacing

established academic principles, underscores the importance of human judgment in maintaining

scholarly trust, thereby rejecting dichotomies such as automation and authenticity. This model reflects

broader transformations within knowledge-intensive fields, where Al-driven methodologies are reshaping
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scholarly workflows, decision-making, and standards of ethical responsibility [43]. The practical
integration of ethical Al requires the establishment of comprehensive policies, training initiatives, and
governance frameworks that involve all relevant stakeholders [17]. Consequently, ethical co-production is
a fundamental requirement, not a discretionary element. [36]. The HI-Al Loop provides a structured
approach for maintaining meaning-making responsibility with human scholars as Al accelerates the
production of knowledge.

4.8. Limitations and Future Directions

This narrative review and the diversity of the included studies precluded a quantitative synthesis. The
generalizability of the findings is constrained by variations in the Al tools evaluated, disciplinary contexts,
and methodological approaches used in the included studies. Furthermore, restricting the review to
English-language publications may have introduced cultural and linguistic biases. The rapid evolution of
Al technologies and the continual refinement of editorial and institutional policies also mean that some
practices described in this review may change. Importantly, the proposed Scholarly HI-Al Loop is a
conceptually derived governance framework informed by synthesized literature rather than an empirically
validated model. Consequently, future implementation and evaluation studies are needed to assess its
feasibility, usability, effectiveness, and impact across different disciplines and institutional contexts.

Future research should also investigate hybrid human—Al workflows using standardized evaluation
metrics for accuracy, transparency, interpretive quality, and ethical accountability. The development of
discipline-specific ethical checklists and real-world implementation studies could further support
consistent evaluation. Moreover, advancing ethical Al literacy requires training programs that integrate
technical competencies with critical analytical thinking. As human—Al collaboration in academic writing
becomes increasingly common, institutions must establish robust and enforceable policies governing
disclosure, fairness, accountability, and peer-review standards to sustain trustworthiness and inclusivity
in scholarly communication.

5. Conclusion

This study examined the current use of Al-assisted systems in academic writing and developed an
evidence-informed governance framework for their responsible integration. The synthesis of 38 peer-
reviewed studies indicates that, although Al can effectively support literature screening, summarization,
drafting, and organization, scholarly quality and research integrity depend on sustained human oversight.
Across the reviewed literature, human judgment remains essential for contextual interpretation, critical
evaluation, ethical reasoning, and accountability. In response to these findings, this study proposes the
Scholarly HI-Al Loop, a seven-stage governance framework that formalizes human oversight points
throughout the academic writing process. Rather than positioning Al as an autonomous epistemic agent,
the framework embeds Al within a human-led workflow in which intellectual responsibility, ethical
judgment, and final accountability rest with the human author. By translating governance principles into a
structured scholarly workflow, the framework provides a practical approach to promote transparency,
responsible Al use, and authorship integrity. More broadly, the findings shift the focus from Al capability
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alone to the governance structures required for trustworthy human—Al collaborations. Future research
should empirically evaluate the implementation, usability, and effectiveness of the Scholarly HI-Al Loop
across disciplinary and institutional contexts, thereby strengthening evidence-based governance for
responsible Al-assisted academic communication.
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Figure 1

PRISMA 2020 study selection flow diagram [23], [24].
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Figure 2

The proposed Scholarly HI-Al Loop framework for Al-assisted academic writing.

Note: A seven-stage framework for hybrid human—AI collaboration in academic writing and review
workflows. LLM-assisted tasks (in orange) include query expansion, summarization, and revision
suggestions; human-led stages (in blue) ensure contextual, disciplinary, and ethical integrity throughout the
process.
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