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Abstract

The growing volume of scientific output and the pace of AI advancement create a dual
challenge: traditional systematic reviews take twelve to eighteen months to complete,
risking obsolescence before publication, while the technology needed to accelerate them
is itself advancing faster than it can be reviewed. This work addresses both sides of that
challenge simultaneously—presenting an agentic systematic literature review of AI-assisted
reviewing, conducted using the same agentic pipeline it evaluates, across 122 primary
studies published between 2022 and 2026. LLM performance proves to be sharply stage-
specific: screening and structured extraction are tractable under human supervision, quality
appraisal remains near-chance, and no published pipeline meets the bar for unsupervised
end-to-end deployment. The review proposes a seven-layer reference architecture and
identifies three prerequisite investments for production readiness: a shared benchmark,
validated risk-of-bias performance, and a mandatory AI reporting standard.

Keywords: systematic review; large language models; agentic AI; PRISMA 2020; screening
automation; data extraction; risk of bias; reporting transparency; human in the loop

1. Introduction
1.1. The Obsolescence of the Twelve-Month Systematic Review

The systematic review has long served as the epistemic foundation of evidence-based
practice, providing the highest-quality signal available to clinicians, policymakers, and
researchers by exhaustively retrieving, appraising, and synthesising all available evidence
on a defined question. Yet the infrastructure on which that signal rests is under acute
strain. The primary scientific literature is expanding at a rate that fundamentally outpaces
traditional review methodology: the scientific corpus doubles every 9 years [1], with more
than 2.5 million papers published annually across approximately 30,000 accredited jour-
nals worldwide [2]. The growth is not confined to biomedicine; in applied linguistics,
for instance, relevant search returns more than doubled between 2009 and 2024 [3].

Consequently, traditional manual systematic literature reviews (SLRs) are labour-
intensive, error-prone, and increasingly unsustainable, demanding substantial investments
of time, resources, and financial capital [4]. A typical review requires an average of
67.3 weeks from inception to completion, with the screening phase alone consuming
hundreds of person-hours: one comparative case study estimated 564.4 h to complete
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both the title/abstract and full-text screening phases for an initial pool of 14,439 records,
while another team required 96–110 h to screen just 3258 [1,5]. Reviewers working at this
scale sustain significant fatigue, a recognised source of systematic error at the eligibility
screening stage [6].

The scalability crisis is not uniform across the pipeline. Three large-scale methodologi-
cal reviews map the AI development landscape and converge on a structural asymmetry in
automation effort: Köhler et al. [7] (54 studies) finds screening most covered (79.6%) and
quality appraisal least (18.5%); Scherbakov et al. [8] (172 citations) places search (34.9%),
extraction (31.4%), and title/abstract screening (25.0%) ahead of full-text screening (8.1%),
quality appraisal (7.0%), and drafting (12.8%); Lieberum et al. [9] (37 studies) reports
41%/38%/30% for search/screening/extraction against 14%/5.4% for appraisal/reporting.
All three converge: early-stage tasks dominate development effort, while quality appraisal
and manuscript reporting remain neglected.

Figure 1 illustrates this asymmetry across all three mapping reviews: screening con-
sistently receives the greatest investment while quality appraisal remains the most under-
served stage (7.0–18.5% coverage across the three reviews).
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Figure 1. Stage asymmetry in AI-assisted systematic reviewing: the proportion of corpus studies ap-
plying AI assistance at each PRISMA-defined stage, across three large-scale methodological mapping
reviews [7–9].

This uneven penetration is consequential. At the screening stage—where AI develop-
ment effort has concentrated most heavily—LLMs achieve high sensitivity but at the cost
of low precision, generating substantial false positives that require human adjudication.
Performance metrics span a wide continuum across model configurations and deployment
contexts, as detailed in Section 4.2. The challenge is therefore not whether LLMs can screen,
but under what conditions and configurations they do so safely.
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1.2. From AI-Assisted to Agentic Systematic Reviews

The studies above largely exemplify AI-assisted reviewing: a human delegates one
defined sub-task to a language model, evaluates the output, and retains decision authority.
The more ambitious agentic paradigm has an AI system plan and execute multiple stages
sequentially, passing outputs between stages and invoking tools without continuous hu-
man intervention. Köhler et al. [7] employ a four-level taxonomy—Human-Centric (29.6%),
Human-in-the-Loop (40.7%), AI-Driven with Human Validation (27.8%), Autonomous AI
(1.9%)—showing true autonomous execution is exceedingly rare. Luo et al. [4] contrast con-
versational chatbots with LLM-driven autonomous agents capable of screening, extraction,
and composition, while cautioning that strategic planning and complex problem solving
remain open challenges. Early multi-stage demonstrations are uneven: Sollini et al. [10]
spans search through synthesis with universal failure at PRISMA-compliant drafting;
Purewal et al. [11] reports near-perfect pooling accuracy; Roy et al. [12] tackles query
formulation and retrieval. Performance varies sharply by stage within every multi-step
system evaluated (Section 7).

The corpus converges emphatically on the necessity of human-in-the-loop configura-
tions: hallucination and the unreliable execution of nuanced tasks remain pervasive [13–16],
compounded by processing constraints such as context-window limits [13,14,16] and pro-
hibitive API document-upload costs [15]. Pooled meta-analytic evidence shows overall
sensitivity and specificity approaching 90% [17], with highly variable workload reduc-
tions ranging from 33% to 93% for a second human reviewer in hybrid title and abstract
screening configurations [18] (Sections 4.2–7). A further deployment barrier is the absence
of mandatory AI reporting standards in PRISMA 2020 [19]: temperature is disclosed in
<2% of papers and verbatim prompts in <10% (Section 6.3), leaving large fractions of the
evidence base non-reproducible.

1.3. Research Questions and Contributions

Against this backdrop, four research questions motivate this systematic review:

RQ1 What capabilities have LLMs demonstrated at each of the seven principal stages
of a PRISMA-defined systematic review (search-query generation, screening, data
extraction, quality appraisal, evidence synthesis, reporting, and end-to-end agentic
execution), and what are the documented performance metrics and failure modes at
each stage?

RQ2 Which LLM architectures, prompt engineering strategies, and tool configurations
produce the highest task performance at each stage, and do those findings generalise
across domains and review types?

RQ3 What evaluation frameworks, benchmarks, and reporting standards currently govern
AI-assisted and agentic systematic review, and how adequate are they?

RQ4 What are the necessary technical, methodological, and regulatory preconditions for a
validated, general-purpose agentic systematic review system, and what is the evidence-
based path to realising them?

This review makes five contributions to the literature.
First, it provides the first systematic stage-by-stage mapping of LLM applications to

all seven PRISMA-defined SLR stages across a corpus of 122 primary studies published
between 2022 and 2026. The mapping reveals a pronounced stage asymmetry that, as noted
in Section 1.1, is consistent across all three large-scale methodological reviews: early-stage
tasks are most frequently automated, while quality appraisal and manuscript reporting
remain comparatively neglected.

Second, it produces a taxonomic classification of the 122 corpus papers by automation
depth—single-stage AI assistance, multi-stage AI coordination, and end-to-end agentic
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execution—anchored by Köhler et al.’s [7] four-level taxonomy—and demonstrating that
fully autonomous agentic execution currently represents a small fraction of the literature,
which shares no common evaluation standard.

Third, it conducts the first systematic comparison of LLM performance across SLR
stages using a common analytic lens, allowing head-to-head comparison of tool ecosystems
(GPT-4/GPT-4o, Claude, Gemini, DeepSeek, Llama, and open-source fine-tuned models)
and identifying which model families dominate which stages.

Fourth, drawing on the convergent gaps identified across all four research questions,
the review derives a structured research agenda specifying the benchmarking infrastructure,
reporting standards, and architectural requirements that must be established before agentic
systematic review can be considered fit for unsupervised deployment.

Fifth, and most distinctively, the review does not merely document the gap—it par-
tially fills it. The pipeline used to conduct this review is itself an operational instantiation
of the seven-layer reference architecture proposed in Section 10.2: an MCP-connected
agentic workflow spanning automated multi-database search, multi-stage hybrid screen-
ing, retrieval-augmented synthesis grounded exclusively in an uploaded paper corpus,
and a two-stage citation audit applied to every in-text claim, with human author oversight
and sign-off at every stage. The methodology therefore constitutes the first documented
attempt to execute a PRISMA-compliant systematic review using a fully specified agen-
tic architecture—making the paper simultaneously a study of agentic reviewing and an
example of it.

1.4. Roadmap

The remainder of this paper is organised as follows. Section 2 describes the systematic
search strategy and review protocol. Sections 3–7 present corpus characterisation and
thematic results by SLR stage, culminating in a cross-stage synthesis matrix (Section 8).
Section 9 interprets findings against the four research questions, and Section 10 states conclu-
sions, proposes a seven-layer reference architecture, and documents how the methodology
of this review constitutes an early operational instantiation of that architecture.

2. Methods
2.1. Protocol and Registration

This systematic literature review (SLR) was conducted and reported following
PRISMA 2020 guidance [19]. The review protocol was not pre-registered on PROS-
PERO; this constitutes a limitation acknowledged in Section 9.2, arising from the ex-
ploratory and methodologically heterogeneous scope of the corpus, which precluded the
specification of a sufficiently precise a priori protocol before the search was executed.
No eligibility changes were made post-search. To mitigate the absence of prospective
registration, the review protocol as executed—eligibility criteria, information sources,
and the selection process—is provided as a timestamped, publicly citable document (Zen-
odo, DOI 10.5281/zenodo.22691555). The study uses narrative thematic synthesis fol-
lowing Thomas and Harden [20], which was selected because the corpus spans multiple
methodological designs and LLM architectures that cannot be meaningfully pooled through
meta-analytic statistics.

2.2. Eligibility Criteria

Studies were eligible for inclusion if they satisfied all five inclusion criteria (IC1–IC5)
and none of the five exclusion criteria (EC1–EC5), as specified in Table 1. Criteria were
operationalised prior to screening and applied consistently throughout.
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The central discriminating criterion was IC4: the paper must explicitly apply, evaluate,
or propose use of an LLM or generative AI tool (e.g., ChatGPT, GPT-4, Claude, Gemini,
Llama, Elicit, Rayyan AI) in one or more stages of a systematic review, scoping review,
or evidence synthesis. Two principal false-positive categories were excluded: papers
reviewing LLMs as a subject rather than as a methodological tool, and papers using only
traditional ML/NLP (BERT, SVM) without a generative component (EC1).

Table 1. Inclusion and exclusion criteria.

Type Code Label Criterion

Inclusion IC1 Study type Peer-reviewed journal article, conference paper (≥4 pages), or SR protocol

Inclusion IC2 Language English language only

Inclusion IC3 Date Published January 2022–March 2026

Inclusion IC4 AI content Explicitly applies, evaluates, or proposes use of an LLM or GenAI tool in
≥1 stage of an SR, scoping review, or evidence synthesis

Inclusion IC5 Empirical Reports ≥1 empirical outcome (performance metric, efficiency measure,
error rate, usability score, or qualitative assessment)

Exclusion EC1 Traditional ML Uses only traditional ML/NLP (BERT, SVM, random forest) without a
generative AI component

Exclusion EC2 Bibliometrics Focused solely on reference management or bibliometrics without AI
review tasks

Exclusion EC3 Study type Editorial, opinion, letter, book chapter, thesis, or non-peer-reviewed

Exclusion EC4 Language Not in English

Exclusion EC5 Peripheral AI AI tools mentioned only peripherally (e.g., grammar checking only, not
SR tasks)

2.3. Information Sources and Search Strategy

Three bibliographic databases were searched: Scopus (multidisciplinary), PubMed
(health sciences), and IEEE Xplore (computing/engineering). These databases were se-
lected to balance topical coverage with search reproducibility: Scopus offers broad mul-
tidisciplinary indexing that substantially overlaps Web of Science and indexes a large
proportion of IEEE and ACM venues, PubMed covers the health and biomedical literature,
and IEEE Xplore ensures complete coverage of core computing and engineering venues
(coverage limitations are discussed in Section 9.2). No grey literature or preprint servers
were included (Section 9.2). The search was executed in March 2026, covering January 2022–
March 2026 (lower bound coinciding with the period in which general-purpose LLMs first
became widely accessible to the research community [21]).

Search strings were constructed around three orthogonal concept blocks combined
with Boolean AND operators: (i) evidence synthesis process terms—“systematic review”,
“scoping review”, “evidence synthesis”, “literature review”; (ii) AI tool terms—“large lan-
guage model”, “LLM”, “generative AI”, “ChatGPT”, “GPT-4”, “GPT-3”, “Claude”, “Gem-
ini”, “Llama”, “Elicit”, “Consensus”, “Rayyan”, “foundation model”, “instruction-tuned”;
(iii) SR task terms—“screen*”, “extract*”, “apprais*”, “search strateg*”, “synthesis”, “au-
tomat*”, “evidence table*”. Database-specific field tags (TITLE-ABS-KEY for Scopus; [tiab]
for PubMed; document-type and language filters for all three) were applied as appropri-
ate. The full Boolean search strings for all three databases are provided in the Supple-
mentary Materials (Appendix S1) and openly deposited in a citable repository (Zenodo,
DOI 10.5281/zenodo.22691555).

The initial search yielded 1786 records: Scopus (n = 1174), PubMed (n = 561),
and IEEE Xplore (n = 51). Records were exported in RIS format and processed pro-
grammatically. Cross-database deduplication was performed using DOI as the primary
matching key (present in 99.0% of records) and normalised title + year as the secondary
key; 22 duplicate records were identified and removed, with the Scopus version retained
where a record appeared in multiple databases.
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2.4. Software Tools and AI-Assisted Review Pipeline

AI assistance was integrated at three pipeline stages and documented in accordance
with emerging reporting standards for AI-assisted reviews [22]: (1) Pre-screening: Claude
(Anthropic, claude-sonnet-4-6) operating via the Model Context Protocol (MCP) executed
regex-based IC4-signal detection on the full RIS corpus (Section 2.5); all classifications
were reviewed by the human author team. (2) Synthesis: Google NotebookLM served
as a constrained retrieval-augmented generation (RAG) environment; the 122 included
papers were partitioned across six thematic notebooks (T1–T6; Section 2.7), with each
queried with APA 7 citation-preamble prompts (Appendix A). (3) Co-drafting: Claude
(claude-sonnet-4-6) via MCP assisted with citation key mapping and manuscript drafting;
all text was reviewed and approved by the human author team. The citation audit log is
summarised in Appendix B. The underlying architecture is described in Section 2.10.

Figure 2 provides an overview of the three-phase AI integration pipeline and the
human oversight gates that governed all AI-assisted decisions.

PHASE 1
PRE-SCREENING

PHASE 2
EVIDENCE SYNTHESIS

PHASE 3
CO-DRAFTING

Database search
Scopus · PubMed · IEEE Xplore

1788 records identified

IC4 signal detection
Claude via MCP

1766 unique records

Two-pass hybrid screening
Auto-EXCLUDE + human review

144→ 122 included

Partition corpus
122 papers→ 6 thematic notebooks

T1–T6 (NotebookLM)

Constrained RAG queries
APA-7 citation preamble
per-section synthesis

Citation accuracy audit
612 key-slots verified

against T1–T6 notebooks

Citation key mapping
Zotero 7 + Claude
references.bib

Manuscript drafting
claude-sonnet-4-6

via MCP

Correction & revision
All text reviewed by
human author team

HUMAN OVERSIGHT LAYER

All AI-generated content reviewed and approved by the author team before acceptance

Applied at every phase: eligibility decisions · synthesis claims · citation verification · manuscript text

LEGEND

AI-executed step (Claude via MCP / NotebookLM) Human author review and approval gate Sequential step flow Inter-phase handoff

Abbreviations: MCP, Model Context Protocol; RAG, retrieval-augmented generation; IC4, Inclusion Criterion 4 (explicit LLM/GenAI use in a systematic-review stage).

Figure 2. AI-assisted review pipeline used in this study. The three integration phases (pre-screening,
evidence synthesis, co-drafting) and the corresponding tools are shown alongside the mandatory
human oversight gates that validate all AI-generated content before acceptance.

2.5. Study Selection

Study selection was conducted in two sequential stages following the PRISMA 2020
screening protocol.

Stage 1 (title-and-abstract screening) was performed on the 1764 remaining records
using a two-pass hybrid approach. In the first pass, an algorithmic pre-screener applied a
suite of regular-expression signals designed to detect IC4-eligible content (LLM/GenAI
tool applied to an SR stage) and to flag known false-positive patterns (e.g., the verb “elicit”,
SLR-topic papers mentioning AI in clinical domains). Records meeting no positive IC4
signal and no ambiguity trigger were classified as EXCLUDE; records matching IC4 signals
were classified as INCLUDE or UNCERTAIN. In the second pass, the author team reviewed
all 10 UNCERTAIN records with the decision to include all 10; in addition, a random 10%
sample of auto-EXCLUDE records was manually reviewed to verify recall, applying the
IC/EC criteria to title and abstract text. This recall check re-screened a random 10% sample
of the auto-EXCLUDE records (n = 161) against IC1–IC5; no eligible record was identified
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as missed, giving an estimated false-negative rate of 0% (one-sided 95% upper bound ≈
1.9% by the rule of three, 3/161). Final inclusion/exclusion decisions at Stage 1 rested
entirely with the human reviewers, rendering 144 papers.

Stage 2 (full-text eligibility review) was conducted for the 144 records surviving
Stage 1. Full-text PDFs were retrieved via institutional access to verify IC4 and IC5; 12
of the 144 records could not be retrieved (institutional and open-access routes exhausted)
and were excluded, leaving 132 reports assessed for eligibility. A further 10 reports were
excluded at full-text review for failing IC4 or IC5, yielding a final corpus of 122 papers
(PRISMA 2020 flow diagram, Section 3.1). The full list of full-text exclusions with reason
codes is provided in the Supplementary Materials (Table S2).

The use of AI assistance in the first-pass pre-screening is transparently acknowledged
as a methodological feature of this review—and is itself an example of the practice under
study. This creates a limited form of circularity (the review uses an LLM to partly conduct
an LLM-in-SR review) that the authors treat as a strength from a reflexivity standpoint and
a limitation from an independence standpoint; both aspects are discussed in Section 9.2.

Stage 1 produced the following counts by database (Table 2):

Table 2. Title-and-abstract screening results by database.

Database Screened INCLUDE EXCLUDE UNCERTAIN Include Rate

Scopus 1174 116 1056 2 9.9%

PubMed 561 25 530 6 4.4%

IEEE Xplore 51 3 46 2 5.9%

Total retrieved 1786 144 1632 10 8.1%

After deduplication † 1764 144 1610 10 8.2%
† A total of 22 cross-database duplicate records were removed prior to screening (19 PubMed–Scopus;
3 IEEE–Xplore–Scopus); the Scopus version was retained in all cases. All counts in the “After
deduplication” row reflect the unique 1764 records that were actually screened.

The dominant exclusion reason was that IC4 was not met (AI or LLM is the subject of
a review, not a tool used in its conduct), which accounted for 99.3% of all excluded records
(n = 1599). Exclusions under EC1 (traditional ML/NLP without generative component,
n = 4) and EC3 (non-peer-reviewed, n = 7) accounted for the remainder.

2.6. Data Extraction

Data extraction was conducted through an agentic workflow in which Claude (An-
thropic, claude-sonnet-4-6, San Francisco, CA, USA), operating via the Model Context
Protocol (MCP), queried each paper’s dedicated NotebookLM notebook (T1–T6; Section 2.4)
using a pre-agreed query plan aligned to a defined study structure specified by the au-
thors. For each included paper the agent extracted: bibliographic metadata, AI tool(s)
and model version, SR stage(s) targeted, study design type, performance metrics reported,
evaluation corpus size, subject domain, presence of a human comparator (yes/partial/no),
and principal finding. All extracted fields were reviewed and approved by the human
author team before acceptance; any discrepancy flagged by the agent was resolved through
direct inspection of the source paper.

2.7. Thematic Synthesis

Thematic synthesis followed the three-stage framework of Thomas and Harden [20]:
(1) inductive coding of each paper to identify SR stage(s) targeted and AI contribution
type; (2) grouping into thematic clusters; and (3) development of analytical themes mapped
to RQ1–RQ4. Six thematic clusters emerged (Table 3). T5 is heterogeneous by design,
grouping multi-stage automation papers, critical appraisals, and governance frameworks.
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A cross-cutting Human–AI Teaming (HAT) flag was applied to papers reporting quantitative
LLM–human agreement (n = 54, 44.3%).

Table 3. Thematic taxonomy applied to the 122 included papers.

Code Theme Definition n %

T1 Screening & Study Selection LLMs/GenAI applied to title/abstract screening,
citation triage, or full-text study selection 35 28.7

T2 Search Strategy & Query Generation LLMs used to construct Boolean search strings,
PICO queries, or MeSH terms 8 6.6

T3 Data Extraction & Evidence Synthesis LLMs used to extract PICO elements, populate
evidence tables, or generate synthesis 13 10.7

T4 Quality Assessment & Methodological
Appraisal

LLMs applied to RoB 2, ROBINS-I, AMSTAR-2,
PRISMA adherence, or CONSORT 7 5.7

T5 Integrated Pipelines, Frameworks &
Critical Overviews

Multi-stage automation frameworks, cross-task
benchmarks, or conceptual frameworks for
responsible AI in evidence synthesis

36 29.5

T6 Domain-Specific AI-Conducted Reviews
LLM used as primary agent to execute or
substantially assist an SR in a specific subject
domain

23 18.9

Total 122 100.0

Papers were assigned to their primary thematic cluster based on the stage at which
LLM assistance was the principal methodological contribution. Where a paper addressed
two or more SR stages approximately equally, it was assigned to T5. This single-assignment
approach was chosen for clarity of presentation; thematic overlap is discussed qualitatively
in Section 9.

2.8. Notation and Nomenclature

This review uses four distinct labelling systems. To prevent ambiguity—in particular,
any confusion between automation levels and architecture layers—they are summarised
in Table 4. The prefixes are kept deliberately distinct: thematic clusters use T1–T6, review
stages use Stage A–G, automation levels use L0–L3, and the reference-architecture layers
are written out in full as Layer 1–7 (never abbreviated to “L”), so that “L” always denotes
an automation level.

Table 4. Notation used throughout this review.

Labelling System Notation Meaning and Where Defined

Thematic clusters T1–T6 Six corpus themes grouped by SR task (Table 3, Section 2.7).

Review stages Stage A–G
PRISMA-ordered stages (canonical, per Figure 1): A Search, B Screening,
C Full-text selection, D Quality appraisal, E Extraction, F Synthesis &
reporting, G Agentic pipelines (Section 3.3).

Automation levels L0–L3 Degree of AI autonomy, from L0 (manual) to L3 (fully autonomous)
(Section 7).

Architecture layers Layer 1–7
The proposed seven-layer reference architecture: 1 Protocol, 2 Search,
3 Screening, 4 Extraction, 5 Quality appraisal, 6 Synthesis, 7 Transparency
(Section 10.2).

2.9. Quality Assessment of Included Studies

Given the heterogeneity of study designs, formal meta-analytic pooling was not
appropriate. A modified MMAT v2018 [23] was applied to each paper, primarily under
the quantitative descriptive and mixed methods categories. MMAT scores were not used as
exclusion thresholds but rather to contextualise confidence in individual findings reported
in Sections 3–9; the full per-study MMAT ratings are provided in the Supplementary
Materials and openly deposited (Zenodo, DOI 10.5281/zenodo.22691555).
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2.10. Proposed Agentic AI-Assisted Review Architecture

The review was implemented as a tool-augmented, agentic architecture in which
Claude (Anthropic) operates via the Model Context Protocol (MCP)—an interoperabil-
ity framework enabling direct LLM interaction with external data sources, file systems,
and analytical tools. Unlike conventional prompt-based workflows, the MCP-enabled agent
maintains persistent state across interactions and invokes tools dynamically, executing
multi-step tasks (query formulation, pre-screening, classification, data extraction) without
manual mediation between steps.

The architecture, illustrated in Figure 3, is organised around a central MCP-enabled
orchestrating agent—Cowork—which manages Query Execution, Screening Logic, Classifi-
cation, and Task Orchestration across all review stages. Bibliographic data sources (Scopus,
PubMed, and IEEE Xplore) feed into the agent on the left, providing the raw retrieval cor-
pus. On the right, the agent produces three classes of structured output: a Screened Corpus,
an Extracted Dataset, and a Manuscript Draft. Below the agent, three Tool-Augmented
Processing Modules extend its capabilities: Zotero handles Reference Management, Dedu-
plication, and Metadata Storage; VOSviewer 1.6.20 supports Bibliometric Mapping and
Cluster Detection; and NotebookLM provides a Full-Text Corpus environment, Thematic
Synthesis, and an Extended RAG interface for grounded generation. Human-in-the-Loop
Validation and Control operates above the entire system, with bidirectional Oversight and
Feedback arrows linking the human author team to the agent at every stage; all decisions,
extraction outputs, and synthesised content are validated by the human author team before
acceptance, supporting PRISMA 2020-guided reporting [19].

L1
Data Acquisition

Scopus · PubMed · IEEE Xplore

1788 records identified→ 122 included

L2
Knowledge Management

Zotero v7 · Deduplication · BibTeX

22 cross-database duplicates removed

L3
Analytical

VOSviewer v1.6.20 · Bibliometric mapping

Co-occurrence networks · topic clusters

L4
Cognitive Synthesis

NotebookLM (Google) · Constrained RAG

6 thematic clusters T1–T6

[ A ]

LLM AGENT
Claude (Anthropic)

MCP-enabled
Tool-augmented
State-persistent

L5

Human-in-the-Loop

Human author validates all decisions

Manual override capability

Applied at every phase · PRISMA 2020 compliant

L6

Verification Layer

612 citation key-slots audited

Agent→ Notebook query→ Verdict

Human→ review→ Correction cycle

93.9% accurate · 32 .tex edits applied

Model Context Protocol (MCP) — Interoperability Backbone

Direct tool invocation · Persistent state · No manual import/export

LEGEND

AI tool layer (L1–L4) Human layer (L5–L6) Tool invocation / data flow Human oversight / validation Correction feedback

The MCP backbone enables the LLM agent to invoke all four tool layers (L1–L4) directly, while human oversight (L5) and verification (L6) remain mandatory before any output is accepted.

Figure 3. MCP-enabled agentic review architecture. Cowork (central hub) orchestrates Query
Execution, Screening Logic, Classification, and Task Orchestration via the Model Context Protocol.
Bibliographic data sources (Scopus, PubMed, IEEE Xplore) supply the retrieval corpus (left); Tool-
Augmented Processing Modules—Zotero, VOSviewer, NotebookLM—extend agent capabilities
(below); structured outputs (Screened Corpus, Extracted Dataset, Manuscript Draft) are produced
on the right; Human-in-the-Loop Validation and Control provides bidirectional oversight above the
entire system.
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2.11. Transparency and Artificial Intelligence Disclosure

This review was partially executed using large language model assistance. Full
transparency is provided in accordance with PRISMA 2020 item 24 and the emerging
consensus on minimum reporting standards for AI-assisted reviews, as characterised by
the included studies themselves.

Tools and models used. Claude Sonnet 4.6 (Anthropic, claude-sonnet-4-6; accessed
March–April 2026) served as the primary synthesis engine throughout the project. Google
NotebookLM (accessed April 2026) was used as the corpus-management and evidence-
retrieval platform: all 122 included papers were uploaded to six thematic notebooks
(T1–T6 as documented in the project protocol), and each synthesis query was submitted
to the relevant notebook with a mandatory full-paper reading preamble requiring the
system to read introduction, methods, results, discussion, and conclusions of every source
before answering. Claude in Chrome (Anthropic; accessed April 2026) provided browser
automation enabling systematic multi-tab query execution across all six notebooks in
parallel. No AI tool was used in the final study selection process: title/abstract and full-text
inclusion/exclusion decisions were made by the human author team.

Stages automated and stages retained by humans. AI assistance was applied to:
(a) drafting synthesis paragraphs from structured notebook query outputs; (b) populating
data extraction tables from notebook-confirmed evidence; (c) generating initial section
drafts subsequently revised by human authors against the primary studies; (d) executing
complete Phase 3 rewrites of all results and discussion sections from live NotebookLM
synthesis queries, each grounded exclusively in the uploaded paper corpus; and (e) a
systematic Phase 4 citation accuracy audit in which every in-text citation key-slot across
all sections was individually verified by a live NotebookLM query before acceptance. All
interpretive claims and the overall argumentative framing of the review were produced and
approved by the human author team. Study eligibility decisions, risk-of-bias judgements,
and final conclusions were made exclusively by human reviewers.

Prompt disclosure. A representative selection of the NotebookLM query prompts
used during synthesis is provided in Appendix A, including the mandatory full-paper
reading preamble that prefaced each query. Phase 4 citation-audit query–response pairs are
summarised in Appendix B and the accompanying Citation_Audit_Log.xlsx workbook.

Model parameters. Claude Sonnet 4.6 was accessed via the Anthropic API at default
parameters (temperature not explicitly set; Anthropic default-applies at inference time).
NotebookLM queries were submitted via the standard web interface; NotebookLM does
not expose temperature or top-p parameters to end users. Only two studies in our corpus
disclose inference parameters: Tripathi et al. [5] reports temperature = 0.1 and top-p = 0.95;
Yun et al. [24] reports top-p = 0.7 and max_length = 2048. Additionally, Soprano et al. [25]
explicitly mapped the stages of their AI-assisted pipeline to PRISMA 2020 items 4–10b,
13a, 16a, 20a–d, 21, and 22. While several corpus studies provided standard PRISMA 2020
checklists in their supplementary materials, the present review exceeds the median corpus
practice on all three transparency dimensions: PRISMA item mapping, prompt disclosure,
and model parameter reporting.

2.12. Citation Audit and Verification Protocol

A two-stage citation audit protocol was implemented as an independent verification
layer operating after synthesis and before finalisation, addressing the provenance-tracking
limitation inherent in generative AI systems [24,26].

In Stage 1 (agent-based verification), the LLM agent submitted each citation’s sur-
rounding paragraph to the source notebook (T1–T6), recording a structured verdict: Sup-
ported (claim fully stated in cited paper), Partially supported (over-attribution detected),
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Unsupported (claim contradicts or is absent from the cited paper), or Cannot verify (paper
not loaded in the queried notebook).

In Stage 2 (human validation), the human author team recorded an independent
determination for every key-slot in the audit log’s Status field—not only those the agent
flagged. The 535 slots the agent judged Accurate were each confirmed by a human reviewer
against the cited paper (Status: Verified); the 35 Partially Accurate and 20 Needs Correction
slots were re-read and resolved (Status: Corrected or Accepted); and the 22 Cannot Verify
slots—citations to complementary references outside the 122-paper corpus that the authors
introduced for additional context—were checked against those complementary sources and
accepted. Every citation key-slot therefore passed through independent human verification,
so the reported accuracy is a human-validated result rather than a self-assessment by
the agent.

The two-stage protocol ran to completion across all sections of the manuscript and
Appendix C. All 612 citation key-slots were audited and human-validated; the 36 slots
requiring correction were revised in the source, and the human determination for every
slot is recorded in the Status field of the audit log.

The two-stage workflow is summarised in Figure 4. All audit records are maintained
in Citation_Audit_Log.xlsx (one row per citation key-slot; schema in Table 5). Per-section
aggregate results are provided in Supplementary Table S7.
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T1 · T2 · T3 · T4 · T5 · T6

thematic clusters (NotebookLM)

query NotebookLM query
full paragraph · APA-7 preamble

read full paper before answering

VERDICT

A Accurate — fully supported 575

P Partially accurate 11

F Needs correction 23

? Cannot verify 3

Citation_Audit_Log.xlsx

§3.2 Kim25 A T1 OK

§4.1 Adam24 P T2 fix

§6.2 Liu23 F T5 fix

§9.1 Trad25 A T1 OK

every verdict logged (1 row per key-slot)

record

Accurate?
(verdict = A)

YES Status = Verified [A]
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NO (P or F)
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grounded in the notebook's verbatim response

log correctionStatus = Corrected
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update row
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[P] 11
[F] 23

[?] 3

Verdict codes: [A] Accurate · [P] Partially accurate · [F] Needs correction · [?] Cannot verify. All non-[A] verdicts routed to Stage 2 and fully resolved before submission.

Figure 4. Two -stage citation verification workflow. Stage 1 (agent-based): the LLM agent queries each
paper’s source notebook (T1–T6) and records a structured verdict per citation key-slot. Stage 2 (human
validation): the author team records an independent determination for every key-slot, applies corrections
to the .tex source, and accepts the resolved key-slot. All 612 citation key-slots completed both stages.

Table 5. Citation audit log column schema (Supplementary Materials, Citation_Audit_Log.xlsx, Sheet 1).

Col Header Content

A Section Sections 1–10

B Subsection/Para LaTeX heading and paragraph number

C Claim (Verbatim) Full paragraph text in which this key appears

D Citation Key Single BibTeX key; one key per row

E Verdict Accurate/Partially Accurate/Needs Correction/Cannot Verify

F Issue Identified Verbatim notebook response if verdict ̸= Supported

G Recommended Correction Revised .tex text or “None required”

H Verification Source Notebook label (T1–T6) + date

I Status Verified/Corrected/Accepted
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The Present Review as a Proof-of-Concept Articulation

Taken together, the methodological stages described in Sections 2.1–2.12 constitute
an early articulation of the seven-layer reference architecture proposed in Section 10.2.
The mapping is direct: the structured PICO/PCC eligibility criteria injected into every
downstream agent prompt correspond to Layer 1 (Protocol); the LLM-assisted Boolean
query generation with mandatory human sign-off to Layer 2 (Search); the two-pass hy-
brid screener to Layer 3 (Screening); the MCP-connected Claude extraction workflow to
Layer 4 (Extraction); the fully human quality appraisal and study classification to Layer 5
(Appraisal); the NotebookLM retrieval-augmented synthesis with human author review to
Layer 6 (Synthesis); and the two-stage citation audit, verbatim audit-evidence files, and the
AI-disclosure subsection (Section 2.11) to Layer 7 (Transparency). The present review
therefore serves not only as an analysis of agentic systematic review in the literature but as
a worked instantiation of the architecture it proposes—one conducted under continuous
human oversight and subject to the same verification standards recommended for future
production deployments.

2.13. Evaluation Metrics

All metrics reported in Sections 3–8 are those actually used in the included papers;
Table 6 summarises the principal metrics by SR stage.

Table 6. Principal evaluation metrics by SR stage (corpus-derived).

Stage Primary Metrics Representative Citations

Screening Sensitivity (recall), specificity, precision, F1, Cohen’s κ [27–30]

Data extraction Accuracy, F1-score, Cohen’s κ, hallucination rate [31–34]

Quality appraisal Cohen’s κ, ICC, macro F1, confidence-stratified accuracy [17,35,36] a

a Srinivasan et al. evaluate reporting quality (CONSORT compliance) rather than traditional risk-of-
bias appraisal.

3. Corpus Characterisation
3.1. Selection Process

The study selection process described in Section 2.5 yielded 122 studies from an initial
1786 records across three databases. The PRISMA 2020 flow diagram is presented as
Figure 5.

3.2. Temporal Distribution and Growth

The corpus spans five calendar years: 2022 (n = 4), 2023 (n = 12), 2024 (n = 27), 2025
(n = 63), and 2026 (n = 16; partial year to March 2026). The year-on-year growth rate
between 2022 and 2025 is 200%, 125%, and 133% respectively, confirming the exponential
acceleration noted qualitatively in the introduction (Figure 6). Studies published in the first
quarter of 2026 alone (n = 16) already exceed the entire output of 2023 (n = 12), suggesting
that the trajectory has not yet plateaued. The sharp post-2024 acceleration corresponds to
the public release of GPT-4o (May 2024), Claude 3 (March 2024), and Gemini 1.5 (February
2024), each of which lowered the technical barrier to LLM integration into review workflows.
Agentic end-to-end frameworks are disproportionately concentrated in 2025–2026: of the
seven studies classified as Stage G (end-to-end agentic), five were published after January
2025, consistent with the hypothesis that agentic capability requires the long-context and
tool-use features that became generally available only in 2024.
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Figure 5. PRISMA 2020 flow diagram for study selection [19]. Records identified from Scopus
(n = 1174), PubMed (n = 561), and IEEE Xplore (n = 51); 10 UNCERTAIN records reviewed by
human author team (all 10 included); 22 cross-database duplicates removed; 12 records excluded at
full-text stage (PDF not retrievable); final corpus N = 122.

3.3. Corpus Taxonomy by Review Stage

Table 7 classifies each corpus paper against the seven-stage taxonomy defined in
Section 2.1. Multi-stage papers appear in more than one cell. Stage B (Screening) is the
most densely populated, containing approximately 50 distinct paper–stage assignments
(41% of corpus), followed by Stage E (Extraction, 38 assignments, 31%), Stage A (Search,
28 assignments, 23%), Stage F (Synthesis & reporting, 15 papers, 12%), Stage D (Quality
appraisal, 7 papers, 6%), and Stage G (Agentic pipelines, 7 papers, 6%); Stage C (Full-text
selection) is reported within screening and not separately enumerated. The asymmetry
is consistent with the theoretical argument in Section 1.1: screening is the most tractable
SLR stage for LLM automation because it reduces to a classification problem with a binary
outcome and a clear gold standard, whereas quality appraisal and synthesis require expert
judgement that is harder to formalise as an LLM inference task.

Figure 7 maps the 122 papers across all seven stages and six thematic clusters, making
the stage asymmetry immediately visible: Stage B (Screening) is the most densely populated
cell across all clusters, while Stage D (Quality Appraisal) remains sparse throughout.
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Figure 6. Annual growth of AI-assisted systematic review publications in the corpus (N = 122). Bars
show publications per year; the dashed line marks the ChatGPT release (November 2022) as the field
inflection point; the teal line shows the cumulative total.

Table 7. Corpus taxonomy by review stage. Multi-stage papers appear in more than one row. Stage
codes (canonical, per Figure 1): A = Search; B = Screening; C = Full-text Selection; D = Quality
Appraisal/Risk of Bias; E = Extraction; F = Synthesis & Reporting; G = Agentic Pipelines (≥3 stages).

Stage Representative Papers (Selected)
A—Search/query generation [12,37–50]
B—Screening/study selection [1,5,6,13–15,17,18,26–30,48,51–85]
C—Full-text selection Reported within screening (Stage B); not separately enumerated.
D—Quality appraisal/risk of bias [35,36,61,86–92]
E—Extraction/charting [3,6,13,15,31,50,53,56,89,93–100]
F—Synthesis & reporting [2,24,49,96,101–105]
G—Agentic pipelines (≥3 stages) [2,8,86,90,106]

3.4. LLM Families and Evaluation Designs

Table 8 distributes the corpus by LLM family. OpenAI’s GPT series dominates (49
of 122 studies), consistent with a contemporaneous scoping review finding GPT-family
models in 89% of LLM-assisted review evaluations [9]. Open-source models (LLaMA 2/3,
Mistral, Vicuna, Falcon, BERT variants, Galactica) appear in 16 studies; their impetus is
reproducibility and cost, deployed locally [69] or via free-tier APIs [62]. Claude (Claude 2–
3.7 Sonnet) appears in 10 studies and is consistently strong on structured extraction: in the
six-model benchmark of Sollini et al. [10], Claude 3.7 Sonnet was the only model to produce
a proper reference section during drafting; Silva and Wickramaarachchi [107] similarly
highlight Claude.ai and ChatGPT as structured-summary producers across ten evaluated
tools. Gemini appears in six studies [15]; early Gemini/Bard evaluations were unfavourable
(91.4% reference-list hallucination rate vs. 28.6% for GPT-4 and 39.6% for GPT-3.5 [108]),
but recent versions have improved—Gemini 2.5 Pro with Deep Research identified 13 of 18
eligible papers with zero hallucinations in the same benchmark. DeepSeek appears in three
(all post-2024) studies, principally for text-understanding and extraction [50].
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Figure 7. Distribution of the 122 included studies across PRISMA-defined review stages (columns)
and thematic notebook clusters (rows). Cell values indicate paper–stage assignments; column and
row margins show stage and cluster totals. The dominance of Stage B (screening) and the near-absence
of Stage D (quality appraisal) in most clusters reflect the field’s structural automation asymmetry.

Evaluation designs split as follows: case-study/single-review retrospective designs
dominate (68 studies, 56%); multi-review benchmark evaluations account for 29 studies
(24%), including Delgado-Chaves et al. [18], Syriani et al. [71], and the contamination-
aware framework of Kusa et al. [109]; prospective and near-prospective designs account
for 16 studies (13%), with Gartlehner et al. [93] advocating the Study Within A Review
(SWAR) design, Scherbakov et al. [8] deploying a custom LLM plugin in an ongoing review,
Homiar et al. [27] evaluating workload reductions retrospectively against living systematic
review updates, and Sung et al. [70] retrospectively evaluating ranking reliability and
review workload against recently published Cochrane systematic reviews. The remaining
nine (7%) are tool demonstrations without a quantitative comparator.

Table 8. LLM family and evaluation design distribution across the corpus (n = 122). Multi-model
papers appear in more than one LLM family row. Percentages computed over the 122 corpus papers.

LLM Family n Selected Papers

GPT (OpenAI)—GPT-3.5, GPT-4, GPT-4o,
GPT-4o-mini 49 [1–3,6,8,10,11,15,17,18,24,26–28,30,37,40–45,48–

51,54,55,57,58,61–67,70,77,78,86,88,91,94,98,106,110–112]

Open-source (LLaMA, Mistral, Vicuna, Galactica,
BERT variants) 16 [2,10,13,18,24,37,55,59,61,62,69,73,75,91,98,112]

Claude (Anthropic)—Claude 2, Claude 3, Claude
3.5/3.7 Sonnet 10 [9,10,26,28,30,43,51,55,77,107]

Gemini (Google)—Gemini 1.5, 2.0, 2.5 6 [5,10,15,30,51,108]

DeepSeek 3 [10,50,63]

Proprietary/tool-wrapped (Elicit, Copilot,
Consensus, Rayyan, SciSpace) 11 [1,6,8,50,65,74,95,96,107,111,113]

Not disclosed/undisclosed 5 [studies in which the underlying LLM was not identified
by authors]

Note. Multi-model studies appear in multiple rows; the total exceeds 122.

3.5. Domain Coverage and Review Type

The corpus spans a broad range of academic disciplines, confirming that LLM-assisted
reviewing is not restricted to any single field. Biomedical and clinical science accounts
for the largest share (41 papers (34%)), comprising evaluations of LLM pipelines applied
to clinical medicine broadly [16,86], methodological tutorials and evaluations covering
cardiology [90], orthodontics [114], and LLM-assisted evidence synthesis for burn wound
assessment [101]. The concentration in biomedical settings reflects the field’s pre-existing
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infrastructure for evidence-based practice and the availability of large, publicly accessible
screening benchmark datasets used in technology-assisted review evaluation.

Figure 8 illustrates that no single model family achieves uniformly high performance
across all review stages, reinforcing the case for hybrid architectures that deploy different
models at different pipeline stages rather than a single end-to-end LLM; general-purpose
models excel at search and screening, while domain-fine-tuned models lead at extrac-
tion and appraisal. Because the underlying studies report heterogeneous metrics (accu-
racy, recall, F1, Cohen’s κ) against different datasets and gold standards, the axes are not
pooled onto a common numerical scale; each indicates a model family’s qualitative relative
strength within a task rather than a directly comparable magnitude (cf. the benchmark-
incomparability limitation, Section 9.2). Computer science and information systems is
the second largest domain (28 papers (23%)), comprising LLM-assisted screening evalua-
tions [14] and studies treating systematic reviewing as a computational problem. Social
sciences, education, and public health collectively account for 22 papers (18%), including
evaluations of LLM assistance in second-language acquisition reviews [53], relationship ed-
ucation [15], social work practice [52], qualitative research methodology [97], and disability
studies [13]. Engineering and environmental science—including reviews of photovoltaic
power plant site selection [50], contaminated soil remediation [115], and vehicle automation
energy consumption [116]—constitute the remainder alongside health economics [73] and
legal/patent analysis [117].
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Figure 8. Qualitative, relative performance comparison of large language model families across
systematic review task categories: search query generation, title/abstract screening, full-text screening,
data extraction, quality appraisal, and synthesis. Axes show relative ordinal positioning, not directly
comparable magnitudes (see text and Section 9.2).

Several papers in the corpus are methodological studies, scoping-review protocols,
or horizon-scanning analyses that discuss AI adoption in reviews without implementing an
AI tool to produce novel empirical findings. Teperikidis et al. [90] provide a comprehensive
tutorial on performing systematic literature reviews using ChatGPT 4.0 for cardiologists,
presenting a methodological roadmap and theoretical examples across all review stages
rather than reporting new clinical findings. Demir et al. [114], however, diverge from
these non-empirical reports by conducting a quantitative evaluation of ChatGPT models,
specifically measuring their accuracy in automating the initial search stage through PICO
formulation and Boolean query generation. Additionally, a scoping review protocol by
Ndukwe and Otukpa [118] details a planned methodology for examining how large lan-
guage models are audited and tailored for use within healthcare education and public
health learning spaces. A further variant is represented by papers that are themselves
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systematic reviews of AI applications in a specific domain, conducted using traditional
human-led methods: Jung and Jin [119] synthesise 28 studies on the role of generative AI
as a collaborator in educational knowledge construction, characterising how students and
educators leverage generative AI tools in learning environments, without deploying AI for
any stage of the review process itself.

Of the 116 empirical papers, 74 (64%) evaluate a single SLR stage in isolation—
including studies where a planned second-stage AI evaluation was abandoned due to
poor performance [15]; 20 (17%) evaluate two stages using AI-assisted approaches, whether
as separate independent tasks or integrated pipelines [53,56]; and 22 (19%) evaluate three
or more stages, though these remain human-directed augmented pipelines rather than
fully autonomous end-to-end agentic systems. This distribution underscores the principal
structural gap in the literature: most empirical work addresses the SLR pipeline as a series
of disconnected sub-problems rather than as an integrated system.

4. Search-Query Generation and Screening
4.1. LLM-Generated Search Strategies

The eight papers in the search-strategy sub-corpus (T2) collectively address a foun-
dational question: can a large language model construct or refine a systematic review
search string to the standard required for PRISMA-compliant retrieval? The empirical
answer is markedly sensitive to the evaluation design, the database targeted, the prompting
strategy deployed, and crucially, the comparison baseline—with every study finding that
LLM-generated queries underperform librarian-authored strategies on recall, even as they
offer substantial savings in expert labour.

Evaluating a LoRA-fine-tuned Mistral-Instruct-7b model, Adam et al. [37] demonstrate
that it achieves an 86% median sensitivity against a librarian-authored gold standard,
though at a much lower precision, producing a number needed to read (NNR) of 908
compared to an NNR of 580 for human experts. Systematic prompt-strategy comparisons
reveal a trajectory of significant improvement: while initial evaluations found that the
best-performing prompts achieved an average recall of only 0.50 to 0.52 [42], a recent
reproducibility study across ten post-2023 models demonstrates that advanced reasoning
architectures (such as OpenAI-o1) have significantly narrowed the gap to approximately
15% behind manual human queries [43]. Knowledge-base augmentation [41] improves
median recall to 69.2% (IQR: 43.8–88.9%) across two databases (PubMed and Embase), while
PRESS-framework evaluations [44] show that GPT-4 and GPT-3.5 scored identically in an
initial round of zero-shot testing, but GPT-4 outperformed GPT-3.5 on syntax and controlled
vocabulary in a second round of iterative evaluation, with both models still requiring
human expert review. A critical practical limitation is session-to-session irreproducibility:
Park et al. [40] document unstable keyword inventories across independent sessions given
identical tasks. Per-study metrics are provided in the Supplementary Materials (Table S5).

Failure Modes in LLM-Generated Search Strategies

Five recurrent failure modes are documented across the T2 sub-corpus: hallucinated
or misapplied controlled vocabulary (e.g., non-existent MeSH terms) [38], database-syntax
violations (unclosed brackets, invalid Boolean sequences), inappropriate over-narrowing
via unrequested date/language/design filters, omission of vital synonyms, and overmatch-
ing through indiscriminate subject-heading explosion. The convergent implication is that
no current configuration produces a search string suitable for independent use without
expert information-specialist review: post-generation peer review and guided seed-study
formulation are necessary safeguards rather than optional checks.
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4.2. Title-and-Abstract and Full-Text Screening

The screening sub-corpus (T1, 35 papers) constitutes the most densely evidenced
stage in the corpus, accounting for approximately 41% of the corpus (≈50 paper–stage
assignments; Section 3.3). This concentration of research effort reflects the structural
tractability of screening as an LLM inference task: it reduces to a binary classification
problem (include/exclude) with a well-defined gold standard in the form of the final
included study set.

4.2.1. Headline Performance and Determinants

LLMs reach 100% sensitivity in a variety of configurations—conservative inclusion
instructions [58], low-rating thresholds, ensemble majority voting, and zero-shot prompt-
ing [84]—though peak sensitivity is sometimes inflated by benchmarking against post-full-
text inclusions rather than the initial corpus [27]. The cost is precision: it regularly falls
below 20% because of false-positive volume (Supplementary Table S1). Agreement metrics
span a wide continuum: Cohen’s κ ranges from 0.27 on average [29] and 0.35–0.43 [63]
through 0.79 at title/abstract and 0.61 at full-text screening for a fine-tuned model [78],
up to 0.69 in broader searches [82]; F1 ranges from 0.27 (abstract) to 0.90 (full-text) under
short-prompt conditions [28]. Specificity is sensitive to model generation—GPT-4 outper-
forms GPT-3.5 by up to 47 pp on the same corpus [30,64]—to prompt design [66,71], and to
domain and pretraining [68]; NPVs, in contrast, consistently exceed 99.5% and frequently
reach a perfect 100% under optimal prompting conditions [28,58], providing the structural
basis for the deployment consensus in Section 4.3. When LLMs assist rather than replace re-
viewers (PICOS-extraction for human adjudication), human–machine collaboration reaches
100% sensitivity, 99.9% specificity, and κ = 0.98 (PABAK 0.998), allowing junior researchers
to outperform unassisted experts [72]. The challenge is therefore not whether LLMs can
screen, but under what conditions and configurations they do so safely.

4.2.2. Meta-Analyses, Ensembles, and Large-Scale Evaluations

The one formal meta-analysis [17] pools 14 LLMs and finds sensitivity and specificity
converging near 90%, with near-perfect sensitivity requiring a steep specificity trade-off.
Delgado-Chaves et al. [18] compared 18 models across three reviews and identified GPT-4o,
GPT-4o-mini, and GPT-3.5-turbo as the most balanced configurations, reducing human
workload by up to 93% on the recommendation that LLM exclusions be trusted only when
confirmed by an independent human reviewer. Wang et al. [75] show that a calibrated
ensemble of zero-shot open-source models (LLaMA, Falcon, Alpaca variants) reliably
meets pre-set recall targets without task-specific fine-tuning. Ensembling more generally
maximises recall and offsets individual model biases [51]: a three-model majority vote
(GPT-4o-mini + Llama 3.1 8B + Gemma 2 9B) reaches 93.1% balanced accuracy at a 50-rating
threshold [69], and a post hoc Claude/Gemini union ensemble achieves 99.0% sensitivity
with 70.0% specificity [67], with union strategies systematically trading specificity for recall.

4.2.3. Calibration and Real-World Performance

LLM screening performance is not fixed at a single operating point but highly sensitive
to scoring thresholds. Seed-study calibration uses token probabilities to pre-specify and
guarantee target recall levels [75]; a complementary one-shot “inclusivity adjustment”
counts inclusion/exclusion criteria per abstract without re-inferring the full corpus [61]; and
Likert/0–100 rating scales enable granular threshold manipulation [29,69]. Retrospective
simulations document the brittleness of these operating points under real-world conditions:
LLM sensitivity drops to 58% between update rounds of a living review [27], and replicating
25 Cochrane reviews shows that some included articles are ranked so poorly that up to
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96% of the corpus would require manual screening to recover them [70]—confirming that
human review of all abstracts remains necessary. A counterpoint is Scherbakov et al. [8],
whose custom LLM plugin for a methodological review substantially reduced manual
workload without loss of accuracy.

Figure 9 plots the sensitivity–specificity operating points for all documented configu-
rations. Fine-tuned models cluster in the target operating zone, whereas general-purpose
models achieve high sensitivity at the cost of low specificity; the pronounced horizontal
spread at high sensitivity confirms that calibration—not raw model capability—is the
primary determinant of practical utility.
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Figure 9. Sensitivity–specificity trade-off across LLM-assisted title/abstract screening configurations
(n > 20 configurations from the T1 sub-corpus). Point colour indicates model family; the shaded
rectangle marks the target operating zone (sensitivity ≥ 0.95, specificity ≥ 0.70).

4.3. Safety, Deployment Conditions, and Systematic Failure Modes
4.3.1. The Deployment Consensus and Failure Modes

The consensus across the screening literature is unambiguous: LLMs are not yet
safe for fully autonomous, unsupervised deployment and must serve as triage tools, first-
pass filters, or second reviewers in a hybrid human–AI workflow. The conclusion rests
on two structural findings: the near-universal failure of LLMs to match dual-reviewer
consensus reliability at title/abstract [77,82] and systematic over-inclusion that inflates
manual workload (Section 4.2). The consensus does not forbid trusting LLM exclusions: at
NPVs of 99–100%, efficiency is achieved precisely by trusting exclusions while concentrating
human verification on the high-false-positive include pool [58] and on disagreements
between the LLM and a primary human reviewer.

Three systematic failure modes recur. Information-extraction deficits: LLMs fail when
eligibility-relevant data are not stated explicitly in the abstract, tending to over-exclude
because they conflate abstract with full record [48,61,64]. Ambiguity paralysis: disagreements
among multiple LLMs and between LLMs and human reviewers cluster around borderline
abstracts with insufficient context or domain-specific terminology [27,68]—useful as a
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routing signal for hybrid pipelines. Over-inclusivity under sensitivity-maximising prompts:
sensitivity-optimised prompts [30], criteria omissions [69], or union-ensemble aggrega-
tion [67] flood the full-text stage with false positives—addressable by threshold calibration
but ultimately a precision–recall trade-off unresolved by prompt engineering alone.

4.3.2. Agentic Screening Pipelines

A subset of T1 papers describe screening within multi-stage pipelines that incorpo-
rate automated handoff between stages. Nordmann et al. [65] evaluated ChatGPT 4.0’s
feasibility for actual title and abstract screening, finding that despite achieving 88–89%
sensitivity and substantial workload savings, the model produced an 11% false-negative
rate and demonstrated only “slight” inter-rater agreement (κ = 0.12–0.13) with human
reviewers, making human oversight paramount. Furthermore, Nordmann and Fischer [66]
demonstrated that while ChatGPT possesses “substantial” internal consistency across re-
peated screening rounds (κ = 0.76), its reasoning about inclusion rules remains highly
sensitive to how humans structure the criteria, requiring researchers to carefully combine
differently scoped criteria to safely identify ambiguous cases for human review. These find-
ings establish that even the preparatory stage preceding screening itself—eligibility-criteria
formalisation—requires human oversight, reinforcing the conclusion that fully autonomous
agentic screening pipelines remain a medium-term rather than near-term prospect.

Offering an alternative design that avoids black-box AI classification entirely, Robleto
and Shehadeh [120] deploy Claude 4 and ChatGPT strictly as coding assistants to write
and modify Python 3.12.7 keyword-matching scripts, which then execute rule-based two-
phase screening—title/abstract followed by full text—without direct LLM inference on
abstracts; this workflow eliminates machine-learning dependencies, reduces API costs,
and produces a fully auditable screening trail, which was demonstrated across cardiac fatty
acid oxidation and e-cigarette cardiopulmonary case studies. Giunti and Doherty [121]
adopt a comparable coding-assistant model, using conversational exchanges with ChatGPT
to co-create a Python script that automates keyword-searching and data extraction for a
systematic review of mobile health applications from the Google Play Store—demonstrating
that LLMs can serve as collaborative programming tools to build custom corpus-assembly
pipelines for researchers with limited coding skills, without delegating any classification
decisions to the model.

5. Data Extraction and Quality Appraisal
5.1. Structured Data Extraction from Primary Studies

Data extraction—the stage at which reviewers abstract standardised fields from full-
text sources—has attracted the second largest body of work in the corpus, with approxi-
mately 31% of paper–stage assignments (Section 3.3). The 13 papers in the T3 extraction
sub-corpus span PICO field extraction, numerical outcome abstraction, clinical data chart-
ing, and machine-translated record processing, collectively permitting a nuanced characteri-
sation of where LLM-based extraction reliably succeeds and where it characteristically fails.

5.1.1. Headline Accuracy and Field-Level Variation

The most frequently cited extraction benchmark is that of Gartlehner et al. [31], who
used Claude 2 with zero-shot, plain-language queries to extract 16 data elements from
10 randomised controlled trials included in a systematic review of treatments for plaque
psoriasis. Prompts were iteratively engineered to specify exact output constraints (e.g.,
requesting numerical data reported to specific decimal places). Overall accuracy was 96.3%
(F1 = 0.98), with a human-extracted reference standard verified by a second investigator
against the source PDF. However, accuracy varied markedly by field type: 100% for
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basic study metadata (first author, study name, funder) and for participant flow counts,
but dropping to 80% for primary outcome effect estimates. The study recorded six errors in
total, of which two (33.3%) were hallucinations—one fabricating an exclusion criterion and
one fabricating a primary outcome estimate—while a companion study (Konet et al. [122])
testing GPT-4 on the same 10 trials produced one hallucination out of 49 total errors—
though 35 of these errors (71.4%) were explicitly caused by the third-party PDF-parsing
plug-in required for document access rather than the language model itself [122].

Motzfeldt Jensen et al. [32] evaluate ChatGPT-4o on a systematic review of exercise
interventions to reduce fall risk. The model was highly accurate for Intervention and Com-
parator fields (99.2%), General Information (98.2%), and Population (92.9%), but accuracy
dropped markedly to 73.9% for Outcome data. The hallucination rate across all fields
was 5.2% (95% CI: 3.4–7.4%), meaning that approximately 1 in 20 extracted data points
contained a value entirely absent from the source document. The model most commonly
hallucinated when specific data points were not explicitly reported in the article, prompting
it to fabricate plausible-looking values rather than flag a missing-data entry.

Figure 10 presents both the field-level extraction accuracy profile (Panel A) and the
quality appraisal agreement landscape (Panel B), confirming that while extraction is broadly
reliable for most field types, quality appraisal agreement remains near-chance across all
evaluated instruments.
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Figure 10. LLM performance in data extraction and quality appraisal. (A) Field-level extraction
accuracy (%) for GPT-4 and Claude relative to the human baseline (dashed line); effect estimates are
the most error-prone field. (B) Cohen’s κ for four quality appraisal instruments; the red dashed line
marks the minimum acceptable threshold (κ = 0.60).

Khan et al. [123] conducted a multi-model comparison of GPT-4-turbo and Claude-3-
Opus on extraction tasks with cross-critique of discordant responses. Hallucinations were
present in 2.3% of GPT-4-turbo responses and 2.8% of Claude-3-Opus responses. Analysis
of hallucination mechanisms revealed a qualitative distinction between the two models:
GPT-4-turbo hallucinated primarily due to misinterpretation at the variable level (62% of its
hallucinations), whereas Claude-3-Opus hallucinated primarily due to extracting from the
wrong section of the document (56% of its hallucinations), suggesting that because these
models possess distinct processing patterns, they offer complementary perspectives that
make a collaborative, cross-critique workflow highly effective at mitigating errors overall.

5.1.2. Schema-Constrained Decoding and Prompt Engineering

Several extraction studies demonstrate that constraining the model’s output format
reduces error rates substantially relative to free-text generation. Addressing the context-
window barrier that constrains full-text extraction, Landschaft et al. [124] implement a
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GPT-4 pipeline with retrieval-augmented generation (RAG) via LangChain—splitting full-
text PDFs into 1200-character chunks stored in a ChromaDB vector database and retrieved
via multi-query prompts—achieving near-perfect inter-rater agreement at the abstract-
screening stage (Cohen’s κ = 0.890–0.971; F1 = 0.950) but observing a performance drop
during full-text extraction (accuracy = 0.870; F1 = 0.769). Per-study accuracy results
for the 13 T3 extraction studies are provided in the Supplementary Materials (Table S6);
Section 5.2 details the field-level failure modes that structured output constraints most
directly address.

5.2. Extraction Failure Modes: Complex Tables, Supplementary Materials, and Qualified Claims

Three failure categories recur across the sub-corpus. Complex tables: models omit
available information (trial registry numbers, inclusion criteria) or occasionally hallucinate
primary outcome estimates [31], and full-text segmentation to bypass character limits
disrupts textual coherence [94]. Supplementary Materials and companion publications: when
tools cannot access appendices, information is incorrectly marked as “not available” [125];
TrialMind produced 10 such “unavailable data” errors alongside only three hallucinations,
with the authors framing this positively as evidence of robustness [43]. Conditional, qualified,
or implicit claims: Kasireddy et al. [33] document a 10% error rate on “Estimate Value” (arm-
level versus population-level data) and a further 10% on “Blinding” (defaulting to “open
label” rather than “not reported”); Liu et al. [126] report 62.24% of participant-number
errors arise from failure to infer implicit data. The primary treatment of hallucination rates
and mitigations is Section 6.2.

5.3. Risk-of-Bias and Quality Appraisal

Quality appraisal—the formal assessment of methodological risk of bias using vali-
dated instruments—has received the least automation effort of any PRISMA-defined stage:
only approximately 6% of papers in this corpus address quality appraisal as a primary
focus (Section 3.3). Of the seven papers with a Stage D assignment, five are concentrated in
the T4 thematic notebook because their primary contribution is quality-appraisal tool evalu-
ation; the remaining two address quality appraisal as part of broader multi-stage pipelines
and are analysed in Section 7. The five papers in the T4 quality-appraisal sub-corpus
evaluate LLMs against the Cochrane Risk of Bias 2 (RoB 2) tool, the ROBINS-I instrument
for non-randomised studies, AMSTAR-2 for systematic reviews of systematic reviews,
GRADE evidence profiling, and domain-specific quality checklists, uniformly reporting
performance substantially below the levels documented for screening and extraction.

5.3.1. Agreement with Human Assessors and Instrument-Specific Performance

Table 9 summarises the five corpus studies that evaluated LLMs for risk-of-bias and
quality appraisal. Di Pumpo et al. [87] provide the most granular empirical analysis,
evaluating ChatGPT-4 deployed as custom GPTs against a reference review’s original RoB 2
and Levels of Engagement Reached (LOER) classifications for 36 RCTs with a double-
repetition verification strategy. RoB 2 agreement was 47.2% (17/36, κ = 0.0455; per-domain
κ ∈ [−0.19, 0.21]); LOER agreement was 27.8% (κ = 0.0445). A systematic central-tendency
bias accompanies these low κ values: for RoB 2, the model classified only 13.9% of studies
as “high risk” vs. 25.0% by humans, overrepresenting “some concern”; for LOER, the
bias reversed, with 91.7% placed in the “Collaborate” tier vs. 25.0% by humans. Hasan
et al. [88] report a consistent pattern on ROBINS-I: overall κ ≈ 0.13, with the highest raw
agreement on intervention classification (71%) and the lowest on deviations from intended
interventions (31%) and selective reporting (36%). Per-domain κ values ranging 0.02–0.28
confirm that LLMs cannot currently replace independent human reviewers for complex
risk-of-bias assessments.
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Table 9. LLM studies for risk-of-bias and quality appraisal (n = 5). RoB 2 = Cochrane Risk of Bias 2;
ROBINS-I = Risk Of Bias In Non-randomised Studies; AMSTAR = A MeaSurement Tool to Assess
systematic Reviews; LOER = Levels of Engagement Reached; CT = central tendency.

Author (Year) LLM Instrument Agreement (κ) Calibration

[87] ChatGPT-4
(custom GPT) RoB 2; LOER RoB 2: κ = 0.0455; LOER:

κ = 0.0445
CT bias: under-risk,
over-engagement

[88] GPT-4 ROBINS-I

Low overall (κ ≈ 0.13);
highest on intervention
classification (71%);
lowest on deviations from
intended interventions
(31%)

Low κ likely reflects
skewed distribution of
ratings

[36] GPT-4o-mini
CONSORT 2010
(human reporting
compliance)

F1 = 0.86; precision = 0.97
as evaluator of human
reporting quality

High precision with lower
recall; evaluates human
authors, not LLM
appraisal

[35]

QWEN; Gemini
2.0 Flash;
ChatGPT-4o;
DeepSeek

ROBIS;
AMSTAR 2

ROBIS: κ = 0.297 (Gemini,
best); AMSTAR-2: mean
κ = 0.451 across 4 LLMs
(range 0.169–0.605)

Central-tendency bias
(QWEN defaults to
“moderate” for 90% of
ROBIS answers);
AMSTAR-2 varies widely
by model

[90] ChatGPT (version
unspecified) AMSTAR 2

Tutorial coverage;
quantitative evaluation
not reported

Guidance provided;
calibration not formally
measured

[92] GPT-4 AMSTAR 2 High internal consistency
(85%); κ not reported

Hallucination rate
“moderately low”

5.3.2. Calibration Behaviour and Confabulated Rationales

The central-tendency bias above is confirmed independently: Forero et al. [35] report
QWEN defaulting to “moderate” for 90% of its ROBIS answers regardless of actual study
quality, paralleling the LOER and RoB 2 patterns of Di Pumpo et al. [87]. On fabricated
rationales—LLMs producing justifications not supported by the study text—Yao et al. [92]
characterise hallucination in quality appraisal as a “well-described” but “moderately low”
risk, with 85% internal consistency across iterations.

6. Evidence Synthesis, Reporting, and Transparency
6.1. Narrative Synthesis and Meta-Analysis Preparation

Evidence synthesis—aggregating, interpreting, and writing up extracted evidence
across included studies—represents approximately 6% of paper–stage assignments in the
corpus (Section 3.3) and is the stage where the gap between LLM capability and the ex-
pert reviewer standard is most consequential: a hallucinated synthesis claim propagates
through the entire review product and may influence clinical or policy decisions. The
corpus ranges from highly targeted synthesis deployments to full manuscript automa-
tion, with the breadth of applications already spanning every narrative writing task in a
systematic review.

Applications range from conservative, bounded uses to near-complete pipeline au-
tomation. At the conservative end, Lieberum et al. [9] deployed Claude 3.5 Sonnet ex-
clusively for writing plain-language summary sections, while Holm et al. [101] used an
LLM to draft a literature-synthesis orientation decision tree subsequently reviewed by two
consultant burn surgeons. These targeted applications represent the deployment model
most synthesis-stage reviewers follow: LLMs are inserted into a single, well-bounded
subtask with human experts retaining decision authority.

At the opposite end, pipeline systems generate structured LATEX review documents or
draft complete manuscript sections across multi-model benchmarks; even in these high-
automation designs, human review before publication remained mandatory (Section 7).
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The most practically important synthesis contribution concerns meta-analytic prepa-
ration. Purewal et al. [11] documented near-perfect accuracy in calculating pooled effect
estimates and observed no gross discrepancies upon visual inspection of the generated
forest plots—in sharp contrast to the same study’s 54.9% abstract-screening sensitivity
(Section 4.2), illustrating the stage-specificity of LLM capability.

Among early deployments, Alshami et al. [106] established a template for automated
content analysis, using ChatGPT to systematically extract and categorize trends, limitations,
and research gaps, while human editors retained responsibility for evaluating the outputs
and synthesizing the final narrative. Qualitative synthesis remains more challenging:
although LLMs can generate concise summaries, they struggle to cross-reference context-
dependent and interpretive information scattered throughout qualitative manuscripts [96],
and they generally lack the critical interpretative reasoning of domain experts required
for nuanced synthesis [2,10], a limitation consistent with the epistemological critique of
Erslev and Tretow-Fish [6]. One mitigation for such limitations is pairing LLMs with
domain-appropriate statistical tools: da Costa Mineiro et al. [127] integrate ChatGPT with
R’s Bibliometrix package and ChatGPT to construct a structured analysis roadmap for
a bibliometric systematic review of 1545 innovation-ecosystem articles, with ChatGPT
providing accessible descriptive summaries and initial theoretical orientation while R
handles the quantitative analysis and visualisation that LLMs lack—demonstrating that
AI and statistical software serve complementary rather than redundant functions in the
synthesis stage.

6.2. Hallucination, Grounding, and Human Post-Editing

The hallucination risk in synthesis prose is qualitatively different from that in struc-
tured extraction: a fabricated extraction value is detectable by cross-referencing the source
document, but a fabricated synthesis claim that correctly cites a real paper while mischarac-
terising its conclusion may be undetectable without re-reading every source. The T3 sub-
corpus provides the most precise estimates currently available. Motzfeldt Jensen et al. [32]
documented a 5.2% overall hallucination rate (95% CI: 3.4%–7.4%) on 484 data points
from 11 RCTs (ChatGPT-4o), with hallucinations spiking when requested data were absent
from the source. Khan et al. [123] reported 2.3% for GPT-4-turbo (62% variable-level mis-
interpretation) and 2.8% for Claude-3-Opus (56% context-level misinterpretation) across
23 variables in 22 publications.

Figure 11 makes the cross-stage disparity apparent: extraction hallucination at 0.6–
5.2% is containable, whereas synthesis-stage citation hallucination is an order of magnitude
higher and unmitigable without a mandatory human post-editing gate. Earlier benchmarks
agree: Gartlehner et al. [31] evaluated Claude 2 on 160 data elements from ten RCTs (six
errors, two hallucinations); Konet et al. [122] directly compared Claude 2 and GPT-4 on
the same dataset (GPT-4: 49 errors, finding one hallucination among 160 data elements,
representing a 0.6% hallucination rate). These rates propagate directly into pooled effect
estimates, and the corpus consistently concludes that a human post-editing gate is essen-
tial [100,122,125]; isolated testing of ChatGPT on medication-efficacy synthesis produced
fluent but factually ungrounded summaries [102].

Two complementary mitigations reduce error rates measurably. Schema-constrained
decoding: Kasireddy et al. [33] minimise false positives in a clinical extraction pipeline
via Claude 3.7 Sonnet with strict JSON-schema validation, role-based prompts, a domain
master list, and zero-temperature deterministic output; Kaur and Singh [99] use zero-shot
JSON-format constraints with LLaMA 3.3-70B to normalise PICO elements into canonical
forms. Human-in-the-loop arbitration: Hilkenmeier et al. [125]’s hybrid dual-extraction
architecture flags only discordant data points for reconciliation, reaching 100% accuracy
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where AI and human agree and bypassing manual secondary review for ∼52% of data
points; García-Torres et al. [128] deploys multiple models in parallel and reconciles dis-
cordant outputs through a human adjudicator. No corpus study reports a synthesis or
extraction pipeline achieving acceptable accuracy without any human verification step:
the post-editing gate cannot be removed from any synthesis pipeline intended for peer-
reviewed publication until automatic hallucination detection matches human expert review.
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Figure 11. Hallucination and error rates across LLM-assisted systematic review stages. Panel (A): data
extraction hallucination rates range from 0.6% to 5.2% across five LLM configurations [31,32,122,123].
Panel (B): citation hallucination rates at the synthesis stage are an order of magnitude higher (GPT-3.5:
39.6%; GPT-4: 28.6%; Bard: 91.4%) [108].

6.3. Reporting, Transparency, and Reproducibility

The reporting stage—writing and formatting the final review manuscript—has at-
tracted the least automation effort of any PRISMA-defined stage: approximately 7% of
corpus papers address reporting as a primary focus (Section 3.3). The T5 sub-corpus addi-
tionally reveals that AI transparency and reproducibility practices vary enormously across
the corpus, from complete non-disclosure to the most detailed methodology reporting yet
observed in the field.

6.3.1. PRISMA 2020 Compliance and Disclosure Practices

PRISMA 2020 [19] contains no items specifically mandating AI-assisted-methodology
disclosure. In the T6 sub-corpus, out of 22 primary reviews, only Chen et al. [86] explicitly
claims PRISMA 2020 compliance (with acknowledged deviations: no prospective registra-
tion, no protocol, no formal RoB), 16 achieve partial compliance, and 2 registered prospec-
tively. Teperikidis et al. [90] provide an end-to-end ChatGPT tutorial covering search
through write-up; Soprano et al. [25] map their AI-aided scoping review to PRISMA 2020
items 4–10b, 13a, 16a, 20a–d, 21, 22.

Prompt disclosure is consistently partial or absent across the T5 sub-corpus. Masinde [49]
is exceptional in disclosing exact prompts in a dedicated “Declaration” section, and Al-
shami et al. [106] provides verbatim screenshots of ChatGPT responses; Lieberum et al. [9]
gives a formal transparency declaration but no verbatim prompts. Model-version reporting
ranges from precise (“ChatGPT-4, subscription-based version available in February 2024”
in Di Pumpo et al. [87]) to generic identifiers providing no reproducibility information.
Temperature and top-p are disclosed in only two corpus papers: Tripathi et al. [5] (tempera-
ture = 0.1, top-p = 0.95) and Yun et al. [24] (top-p = 0.7, max_length = 2048).
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6.3.2. Emerging Reporting Frameworks and the Transparency Gap

The transparency data in Table 10 define a reproducibility crisis in AI-assisted sys-
tematic reviewing: a review using an unspecified LLM with undisclosed prompts at un-
known temperature cannot be replicated or audited, and where its conclusions feed health-
technology assessment or regulatory decisions, non-verifiability becomes an evidence-base
integrity risk. Farotimi et al. [22] adopt RAISE and DEST principles to mandate analy-
sis code, open datasets, random-seed documentation, and explicit disclosure of model
limitations; while Galli et al. [26] strictly mandate the disclosure of a verbatim prompt
history, structured human-verification procedures, and explicit AI-versus-human stage
declarations, Hasan et al. [88] require detailing the LLM version, interface, and timestamp
of use, alongside the extent of human supervision, data entry methods, and a description
of the iteratively refined prompts to the extent possible. The field’s constraint is adoption,
not invention: the tools and norms already exist but have not yet been operationalised as
mandatory standards.

Table 10. Transparency and reproducibility practices in the T5 sub-corpus and the wider 122-paper
corpus. Figures are approximate estimates from evidence mapping.

Practice Description Sub-Corpus (%) Full Corpus (%)

Verbatim prompt disclosure Exact prompt text reproduced in
paper or supplement ∼15% <10%

Model version specified Exact model identifier and access
date stated ∼60% ∼50%

Temperature/top-p disclosed Inference parameters explicitly
reported <5% <2%

Human verification of AI output Explicit statement of human review
of AI-generated content ∼90% ∼75%

PRISMA 2020 item 24 explicit Non-financial support/AI use
disclosed per item 24 ∼25% <10%

Code or reproducibility materials
released

Code, prompts, or structured
outputs publicly available ∼20% ∼15%

7. Agentic AI and End-to-End Systematic Review Pipelines
7.1. From AI-Assisted to Agentic Review

The foregoing sections characterise LLM performance on discrete, single-stage SLR
tasks: query generation, screening, extraction, quality appraisal, synthesis. A distinct and
more ambitious paradigm is the agentic systematic review, in which an AI system executes
multiple review stages sequentially, passing outputs between stages, invoking specialist
tools, and operating without continuous human intervention at each step. The distinction is
not merely taxonomic: an agentic pipeline changes the economics of the review by reducing
the marginal cost of each incremental stage, while concentrating risk by allowing errors
from one stage to propagate downstream without detection.

The majority of multi-stage pipeline studies in the corpus are post-2024, consistent
with the availability of long-context models and tool-use APIs in commercial LLM offerings
(Section 3.2). A central observation is that none of the multi-stage pipeline papers in the
corpus implements a formally multi-agent architecture—one with distinct autonomous
communicating agent roles, graph-based orchestration, or standardised inter-agent inter-
faces such as the Model Context Protocol. Without exception, the pipeline papers describe
single-agent LLMs with cascading logic, or sequential human-orchestrated workflows in
which two or more tools are used in succession.

Liang et al. [50] deploy ChatGPT (via the Consensus plugin) for literature retrieval
alongside DeepSeek for multi-round extraction and synthesis in a photovoltaic power plant
site-selection review; however, their workflow is explicitly human-in-the-loop, requiring
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researchers to manually save and transfer documents between tools rather than relying on
automated inter-model communication. Noroozi et al. [116] construct a two-component
architecture combining a Yake NLP-based search query refiner with a TF-IDF and Random
Forest relevancy classifier, but the components similarly require human experts to feed
keywords between stages, and the relevancy classifier requires human labelling of an initial
training batch. These cases confirm the general pattern across the corpus: what is described
as an agentic or automated pipeline is, in practice, a multi-tool workflow in which a human
operator remains the integration layer between components.

Figure 12 and Table 11 classify the pipelines discussed in this review into four levels
of automation, from manual (L0) to fully autonomous (L3).

Figure 12. AI automation levels in systematic reviews (L0–L3). Human-to-AI effort ratio and
representative tools or studies are shown per level (classification extended from the T5 corpus, n = 36;
adapted from Köhler et al. [7]). No corpus paper fully instantiates L3 (fully autonomous); the present
review’s pipeline operates at L2 (human in the loop), with mandatory human decision gates at every
stage—to our knowledge the first documented MCP-enabled, tool-orchestrated agentic-assisted
L2 pipeline.

7.2. Agentic Pipeline Architectures in the Corpus

The multi-stage pipeline studies in the corpus exhibit three architectural patterns
(Supplementary Table S3).

Single-agent cascading pipelines use one LLM across sequential stages. Torres et al. [2]
(PROMPTHEUS) chain arXiv retrieval, Sentence-BERT filtering, BERTopic clustering,
and GPT-4o synthesis into a LATEX document, achieving high ROUGE-1 precision
(0.969–0.995) but low recall (0.026–0.039). Purewal et al. [11] demonstrate a three-step
pipeline achieving “near-perfect accuracy” on meta-analytic pooling despite only 70.4%
accuracy at abstract screening. Alshami et al. [106] provide an early demonstration with
GPT-3.5, achieving 88% screening accuracy in batches of 5–10 abstracts.

Multi-tool human-orchestrated workflows combine heterogeneous tools with human
transfer between components. Scherbakov et al. [8] integrate Covidence, GPT-4o, Scite.ai,
and NotebookLM across screening, extraction, and drafting. Liang et al. [50] combine Con-
sensus for retrieval with DeepSeek for extraction, with researchers manually transferring
documents between platforms.
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Table 11. AI automation levels in systematic review pipelines (L0–L3), adapted from Köhler et al. [7].
In Köhler et al.’s corpus, human in the loop (L2) was the most frequently documented configuration
(40.7%). No corpus paper in the present review fully instantiates L3; the present review’s own pipeline
operates at L2 (human in the loop), and is—to our knowledge—the first documented MCP-enabled,
tool-orchestrated agentic-assisted L2 pipeline.

Level Classification Defining Characteristics Representative Studies

L0 Human-only
No AI involvement; all SLR stages
executed by human reviewers;
constitutes the historical baseline

Pre-2022 conventional SLR practice;
provides gold-standard comparators
used throughout the corpus

L1 AI-assisted
(human-centric)

AI generates first-draft outputs (queries,
summaries, classifications); all outputs
reviewed and accepted or rejected by
humans before use; human makes every
consequential decision

[39] (search terms); [106] (screening
batch review); [49] (manual theme
synthesis); [38] (query peer review)

L2 Human in the loop

AI executes defined pipeline stages
autonomously but with mandatory
human decision gates between stages;
most frequent configuration in the
extended LLM-SR literature (40.7% [7]);
workload reduction 33–93% possible [18]

[2] (mandatory human review stage); [5]
(two-reviewer validation); [50] (human
document transfer between models); [11]
(human FT stage); the present review
(MCP-enabled pipeline with a
mandatory human validation gate at
every stage)

L3 Agentic
(autonomous)

AI system executes all pipeline stages
end-to-end without human intervention
at intermediate steps; invokes specialist
tools; maintains persistent state across
sessions; not yet demonstrated in any
peer-reviewed corpus paper [10,107]

None; not demonstrated in any
peer-reviewed corpus paper, nor in the
present review (which operates at L2)

Stage-level mapping studies characterise the automation landscape, confirming the
stage asymmetry documented in Section 1.1: quality assessment remains largely untouched
despite substantial investment in screening automation. Soprano et al. [25] explicitly
map the stages of their AI-aided framework directly to corresponding PRISMA 2020
checklist items.

7.3. Failure Modes of Agentic Pipelines

Single-stage failure modes—hallucination (Section 6.2), calibration errors (Section 4.2),
context sensitivity—are amplified in agentic pipelines because outputs from one stage
become inputs to the next: an error in screening that silently excludes a relevant study
means that study is absent from extraction and synthesis, with no mechanism for down-
stream detection.

Error propagation between stages. Chelstrom et al. [56] document that applying
manual evaluation only after automatic LLM classification creates a risk that relevant
studies are permanently excluded “without the reviewer’s knowledge.” Unlike single-
stage screening errors—which can be detected by sampling excluded records—pipeline
errors propagate silently unless an explicit verification gate is inserted between stages.

Figure 13 illustrates the compounding effect: without human oversight gates, AI-only
synthesis tools achieve primary-study recall rates as low as 38.1% [111], meaning more
than 60% of relevant studies may be lost silently before any synthesis output is produced.

Context-window limitations. Context-window constraints are a systematically doc-
umented architectural failure mode: Bayani et al. [13] cap at 4098 tokens and exclude
references and results sections; Surles and Noteboom [129] report hallucination and misrep-
resentation when more than five papers are included in a session; and Felizardo et al. [14]
observe that while token limits were not a barrier when screening the title and abstract
of one study at a time, the context window parameter cannot be ignored when reviews
progress to the full-text evaluation stage. Context-window management is therefore a
non-trivial engineering requirement for any pipeline processing full-text documents.
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Hallucinated citations. Schopow et al. [16] document that in a composition-phase SLR
pipeline, ChatGPT fabricated 3 of 28 supplied references, supplied 5 thematically pertinent
but non-substantiating references, and required corrections to publication years on 2 more;
hallucinated citations require independent bibliography verification of every cited work
because they evade field-level accuracy checks.

0 500 1000 1500 1788

Number of records retained / lost

Stage A–B
Search & T/A Screening

Stage C
Full-text Retrieval

Stage D
Quality Appraisal

Stage E
Data Extraction

Stage F–G
Synthesis / Agentic (AI-only)

Cumulative losses through an AI-only pipeline
Without human oversight gates, only ≈38% of relevant studies survive to synthesis

1657 records excluded or deduplicated

9 PDFs not retrievable (institutional + OA exhausted)

Human expert required; κ = 0.046 for autonomous RoB-2

~5.2% hallucination; ~6 faulty data points (still retained)

AI-only: 38.1% primary-study recall→ 75 silent losses

Records retained Silent / unrecoverable loss Human oversight gate (interrupts cascade)

n = 131

(−1657)

n = 122
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n = 122

n = 122
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HUMAN
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Figure 13. Cumulative error propagation in an AI-only systematic review pipeline. At each stage,
silent failures reduce the effective study pool without the downstream pipeline detecting the loss.
Human oversight gates (orange markers) interrupt the cascade. The synthesis stage (F–G) shows
projected losses based on the 38.1% primary-study recall reported by Tosi [111] for a GPT-4-powered
AI-only literature review tool; these values are illustrative of comparable AI-only pipelines and do
not represent observed losses in this review’s own pipeline.

7.4. Reference Architectures and Deployment Requirements

The agentic pipeline literature has not converged on a canonical reference architecture,
but the stage-specific tractability profile established in Section 7.2 has direct implications for
hybrid design: stages amenable to automation (screening, search) can be automated with es-
tablished techniques, while quality assessment requires human expertise. Kusa et al. [109]
propose a conceptual evaluation framework for benchmarking LLMs across the full pipeline
without training-data contamination, establishing evaluation criteria rather than reporting
performance. Torres et al. [2] (arXiv-indexed domains) and Purewal et al. [11] (predefined
clinical questions) demonstrate feasibility for constrained tasks but omit quality appraisal
and at-scale full-text processing; both are insufficient for end-to-end PRISMA compliance.
Evaluations of ten commercial tools [107] and of six LLMs across three sequential SLR
tasks [10] converge on a task-specific superiority pattern (no single family dominates),
with all six models in Sollini et al. [10] failing manuscript drafting; a meta-analysis in
orthodontics [130] similarly concludes that expert oversight remains essential. Collec-
tively with the near-absence of quality-appraisal automation (Section 7.2) and silent error
propagation (Section 7.3), these findings indicate that current agentic pipelines are re-
search prototypes rather than production-ready systems. The stage-specific validation
requirements derived from this evidence are summarised in the Supplementary Materials
(Table S4).

8. Cross-Cutting Synthesis Matrix
The per-stage analyses in Sections 4–7 reveal seven challenge dimensions that recur

across all PRISMA-defined stages and that define the shared boundaries of current LLM
capability in systematic reviewing: calibration and confidence misestimation; hallucination
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and value fabrication; human–AI inter-rater agreement; reproducibility and versioning; do-
main and language generalisation; context-window management; and error propagation in
pipelines. Figure 14 summarises their severity across the seven stages; the full cross-cutting
evidence map—best current approach and remaining gap per challenge—is provided in
Appendix C.

Severity was assigned on a reproducible four-point ordinal scale applied to each
challenge–stage cell: 0 (none)—no corpus evidence that the challenge materially affects the
stage; 1 (minor)—the challenge is documented but current practices mitigate it, with resid-
ual impact on efficiency rather than on validity; 2 (moderate)—the challenge measurably
degrades output quality and requires active human mitigation; 3 (severe)—the challenge
threatens the validity of the stage’s output, and no corpus-documented method reduces
it to acceptable levels. Each cell was scored from the stage-specific evidence synthesised
in Sections 4–7 and mapped to the corresponding row of the cross-cutting evidence map
(Appendix C), which records, per challenge, the best current approach and the remaining
gap that determined the score; where studies disagreed, the more conservative (higher)
score was assigned. The resulting matrix is therefore an evidence-anchored ordinal synthe-
sis rather than a quantitative measurement.

A
Search

B
Screening

C
Full-text

D
Quality

E
Extraction

F
Synthesis

G
Agentic

Calibration &
confidence

misestimation

Hallucination &
value fabrication

Human–AI
inter-rater

agreement

Reproducibility
& versioning

Domain & language
generalisation

Context-window
management

Error propagation
in pipelines

PRISMA-defined SLR stage

= Severe = Moderate = Minor = None

Figure 14. Severity of cross-cutting challenge dimensions across PRISMA-defined SLR stages (0 = no
issue; 3 = severe). Calibration and human–AI agreement challenges are most acute at Stage B (Screen-
ing) and Stage D (Quality Appraisal); error propagation is unique to Stage G (Agentic pipelines).
Scores follow the four-point rubric defined in the text and are anchored to the per-challenge evidence
in Appendix C.

The concentration of high-severity cells in Stages B and D confirms screening calibra-
tion and quality-appraisal agreement as the two most consequential bottlenecks across the
review lifecycle. Reading the evidence map two tiers emerge. Tier 1 comprises challenges
for which partial solutions exist, and the remaining gap is standardisation rather than
capability—threshold calibration (Section 4.2), reproducibility via model-version disclo-
sure and fixed random seeds (Section 6.3)—and could be operationalised in near-term
deployment guidelines. Tier 2 comprises open problems for which no current mitigation
reduces risk to acceptable levels: RoB calibration (Section 5.3), automatic hallucination de-
tection in synthesis prose (Section 6.2), cross-stage error-propagation prevention (Section 7),
and full reporting transparency (Section 6.3). Quality appraisal (Stage D) is where the
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gap between current capability and production readiness is widest and most resistant
to prompt-engineering remediation, because the required knowledge is procedural and
domain-expert rather than pattern-matching—a type of knowledge LLMs approximate but
do not master reliably.

9. Discussion
9.1. Principal Methodological Debates in the Corpus

The corpus supports four active methodological debates, each reflecting a genuine
empirical disagreement rather than a terminological or definitional dispute. Stage-level
metrics that support the following summaries are reported in Sections 4–7 and are not
restated here.

Prompt engineering versus fine-tuning for search and screening. Adam et al. [37]
report an ≈73 pp sensitivity gap between a fine-tuned Mistral-Instruct-7b model and zero-
shot GPT-4 for query generation, but at a precision cost that inflates NNR to 908–1206.
Against this, structured prompt engineering with explicit in/exclusion criteria [26,71]
and QA-framework prompts on commodity LLMs [51] recover competitive performance
without task-specific training. The practical resolution is likely scale-dependent: fine-tuning
for large single-domain programmes, prompt engineering for heterogeneous reviews at
smaller teams.

GPT-family versus open-source alternatives. The corpus is GPT-dominated (49/122
studies), reflecting historical API availability rather than proven superiority. Task-specific
superiority varies across families [10,13], and open-source models can outperform GPT-
4o-mini in screening sensitivity, albeit with slightly lower specificity [62]. A 4609-study
analysis of clinical AI evaluations concludes that conclusions about model performance
must be “interpreted cautiously”, given that only 19 qualified as prospective RCTs [86].

Single-reviewer replacement versus dual-reviewer assistance. This is the most prac-
tically consequential debate. Evidence on replacement is genuinely contested: some studies
argue the second human reviewer is needed only to adjudicate disagreement [18], whereas
others find that LLMs are not reliable enough to substitute for human reviewers as indepen-
dent screeners [63]; Zrubka et al. [77] explicitly recommend LLMs as a supplementary tool
alongside two human raters to reduce both false negatives and false positives. Trad et al. [1]
report a 0% false-negative rate in a RAG-grounded pipeline—one of the strongest accuracy
results in the corpus. The debate is the most directly relevant to adoption decisions of
health technology assessment bodies.

Degree of agentic autonomy. Fully automated pipelines achieve high precision
but recall too low for standalone use [2,111]; human-in-the-loop architectures recover
substantial efficiency without compromising recall [5,107], and remain the most frequent
configuration across the corpus (Section 7.2). Current agentic systems therefore remain
substantially incomplete relative to human-authored reviews.

Figure 15 provides a high-level orientation to the four-RQ structure of the findings:
RQ1 and RQ2 yield deployable conclusions, while RQ3 and RQ4 delineate the infrastructure
investments required to close outstanding gaps. The key evidence based on the T1-T5
sub-corpora for RQ2 includes [1,32,117,123], and for RQ3 [22,26,88] from the T5 sub-corpus.

Table 12 synthesises the four principal debates into a cross-cutting summary aligned
to the four research questions of this review.
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RQ1: Stage capability profile

Key findings:

Screening (B): conditionally capable [check]

Extraction (E): reliable with caveats [check]

Quality appraisal (D): near-chance agreement [X]

Synthesis (F): human gate inviolable [X]

Evidence base:

n=122 studies; k=0.046 RoB-2;
F1=0.98 bibliographic extraction;
100% sensitivity in calibrated config. ESTABLISHED

RQ2: Architectures & prompt strategies

Key findings:

Threshold calibration + Youden's index

JSON-schema constrained output

Dual-run intra-AI verification

RAG with uploaded corpus

Evidence base:

T1-T5 sub-corpora; Jensen 2025,
Khan 2025, Trad 2025, Schmitt 2025;
Sensitivity >=95% achievable. PARTIALLY RESOLVED

RQ3: Evaluation frameworks & reporting

Key findings:

No shared benchmark exists

Temperature undisclosed: 98% of corpus

Verbatim prompts: <10% of corpus

PRISMA-AI standard not yet adopted

Evidence base:

T5 sub-corpus; Farotimi 2026,
Galli 2025, Hasan 2024;
tab:transparency data (S6.3). CRITICAL GAP

RQ4: Research agenda (G1-G8)

Key findings:

G1 (shared benchmark)  BLOCKING

G4 (RoB instrument)  BLOCKING

G7 (reporting standard)  BLOCKING

G8 (prospective validation)  INTEGRATING

Evidence base:

8 gaps identified; G1, G4, G7
must be resolved before G8
becomes tractable (S10). ROADMAP DEFINED

Figure 15. Summary of findings across the four research questions. Each quadrant presents the
principal finding, key evidence, and resolution status: RQ1 and RQ2 are substantially resolved; RQ3
and RQ4 identify critical infrastructure gaps and a structured research agenda.

Table 12. Cross-cutting synthesis of findings by research question. Quantitative evidence and citations
are in Sections 4–8; performance tables are Supplementary Table S6 and Tables 9 and 10.

RQ Principal Finding Strongest Evidence Critical Limitation Implication

RQ1

Performance is
task-specific;
sensitivity/specificity
asymmetry is consistent
across screening; quality
appraisal shows
near-chance agreement.

Screening sens.
85–100% [17]; extraction
accuracy 96.3% [31].

As established in
Section 5.3, RoB
instruments yield
near-chance agreement
with central-tendency
bias documented across
all instruments.

LLMs suitable as
high-recall pre-screeners;
quality appraisal
requires mandatory
expert review until
κ > 0.60 achieved.

RQ2

No published pipeline
endorses full
automation; human in
the loop (40.7%)
dominates [7]; efficiency
gains are large but
stage-contingent.

≈99% processing-time
reduction [5]; 33–93%
workload reduction in
dual-reviewer designs
[18].

Unguided search recall
12.9% vs. ∼74% human
[42]; fine-tuned model
NNR 908–1206 vs. 580
for human queries [37].

Adopt L2
human-in-the-loop
design with human
decision gates after each
automated stage; no
stage currently supports
fully autonomous
operation.

RQ3

Hallucination rates are
stage-specific and
quantifiable; systematic
biases in appraisal are
structural, not random.

Extraction hallucination
2.3–5.2% [32,123];
reference hallucination
28.6–91.4% [108];
PRISMA adherence
overestimated by
23.1–29.7% [105].

No automatic
hallucination-detection
method with acceptable
recall demonstrated at
synthesis stage [102].

Source-linked extraction,
schema-constrained
JSON output, and an
inviolable human
post-editing gate are
mandatory at synthesis
stage.

RQ4

Clinical science
dominates (≈34% of
corpus); performance is
domain-structure-
dependent rather than
domain-specific.

CONSORT compliance
F1 = 0.86 [36];
structured-domain
performance generally
higher than unstructured
narrative tasks.

No cross-domain
meta-regression
published; law,
economics, and
humanities absent; only
19/4609 clinical AI
studies qualify as
prospective RCTs [86].

Findings should not be
extrapolated across
domains without
domain-specific
validation; structured
review stages generalise
better than
interpretive ones.

9.2. Limitations of This Review

This review has several limitations that affect the generalisability of its conclusions.
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Database and source coverage. The search was restricted to three databases (Scopus,
PubMed, IEEE Xplore) and to peer-reviewed sources. Web of Science, the ACM Digital
Library, and DBLP were not searched separately; although Scopus indexes much of their
content, venues indexed only in ACM DL or DBLP may have been missed. Google Scholar
was not used as a primary source because its results are not reproducibly exportable or
deduplicable and include substantial non-peer-reviewed and duplicate material, which
is incompatible with a PRISMA-reproducible protocol. Preprint servers (notably arXiv)
were excluded, so the newest preprint-stage agentic pipelines—many first appearing in
2025–26—are under-represented; a preprint-inclusive search is a priority for future updates.

Single-team screening without a formal inter-rater statistic. Human screening de-
cisions were made by author-team consensus with adjudication of all uncertain records
rather than by dual independent screening; a formal inter-rater agreement statistic (e.g.,
Cohen’s κ) was therefore not computed. This is a deviation from the dual-reviewer ideal of
PRISMA 2020, mitigated by the recall check reported in Section 2.5 (no eligible record was
missed in the audited sample).

Pace of field and rapid model obsolescence. The corpus spans 2022–March 2026,
during which the underlying LLM technology changed substantially with each major
release. Performance benchmarks obtained on GPT-3.5 should not be used to justify
or reject deployment of GPT-4o; findings from GPT-4 evaluations may not transfer to
Claude 3.7 or GPT-4o. Studies published in 2022–2023 describe a technological context
qualitatively different from the 2025–26 landscape, and aggregate findings necessarily
reflect this heterogeneity. Non-determinism compounds obsolescence: Wang et al. [42]
document a query recall variance of 12% of the mean value across ten identical runs of
the same prompt, demonstrating that even a correctly specified benchmark may not yield
reproducible results across repeated queries.

Benchmark incomparability. The absence of a shared benchmark across studies
means performance claims are not directly comparable: studies report accuracy, recall, F1,
Cohen’s κ, or agreement rate against review-specific gold standards with incompatible
reporting conventions. Several papers use the CLEF TAR benchmark, enabling limited
direct comparison, but the majority use proprietary or study-specific reference sets that
cannot be replicated.

Language restriction. The corpus includes only English-language studies, excluding
substantial work in Chinese, Japanese, and other languages. Bourgeois and Ellingson [38]
document an additional bias: in two of their three AI trials, the model inserted an un-
prompted English-only concept filter into the generated search string, thereby restricting
the retrieval set to English-language sources despite this parameter never being requested—
an LLM-introduced limitation that may compound the human decision to restrict corpus
eligibility to English.

Publication bias toward positive results. Studies demonstrating LLM failure at a
specific SLR stage are less likely to be submitted or accepted than those demonstrating
partial success. Chen et al. [86] characterise this pattern quantitatively in the clinical AI
literature: of 4609 studies reviewed, only 19 qualified as prospective RCTs, and at least 25%
used fewer than 30 instances, demonstrating a strong imbalance toward simulated and
synthetic data over real-world clinical evidence.

AI-assisted synthesis of an AI-assisted-review corpus. The use of Claude Sonnet 4.6
and NotebookLM to assist the synthesis of a corpus evaluating AI-assisted reviews creates
a circularity acknowledged in Section 2.11. The present review’s own AI transparency
practices exceed the median corpus practice, but they were shaped in part by reading the
same corpus papers—a recursive dependency that cannot be fully disentangled.
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9.3. Threats to Agentic Review Validity

The evidence in Section 7.3 and 8 defines five principal threats that deploying organi-
sations must address. Cross-stage failure cascades: classification errors propagate silently [56],
requiring inter-stage sampling of excluded records. Context-window truncation: multi-study
full-text processing remains problematic when full-text evaluation is required, as context-
window constraints become critical and cannot be ignored [14]. Confabulated citations:
any pipeline generating bibliography entries must cross-check outputs against a verified
corpus [16]. Eligibility-criteria drift: session-to-session stochasticity shifts extraction error
locations even when aggregate accuracy is stable [31], requiring a persistent machine-
readable criteria representation in every prompt. Quality-appraisal shortfall: LLMs exhibit
low agreement levels on validated risk-of-bias instruments (Section 5.3), indicating that au-
tomated quality assessments currently require responsible human supervision and should
be combined with expert judgment [35,87].

10. Conclusions and Research Agenda
10.1. Principal Conclusions

This systematic review of 122 primary studies published between 2022 and March 2026
supports six conclusions, each grounded in the evidence synthesised in Sections 4–8; stage-
level metrics are not restated here.

(1) Title/abstract screening is the most mature stage for LLM automation, but human
oversight remains mandatory (Section 4.2). High-sensitivity configurations [17] trade off
against low precision; open-source models can outperform proprietary GPT-4o-mini in
screening sensitivity, albeit with slightly lower specificity [62]; no configuration achieves
simultaneously ≥95% recall, acceptable precision, and cross-session reproducibility without
a human checkpoint.

(2) Structured data extraction is conditionally capable, with field-stratified human
oversight required (Section 5.1). Hallucination rates of 2–5% concentrate on outcome
effect estimates and fields absent from the source text [32,123]; schema-constrained JSON
output with zero-temperature settings [33,99] and hybrid dual-extraction architectures [125]
substantially reduce error rates. Meta-analytic pooling is the one demonstrably reliable
synthesis sub-task (Section 6.1).

(3) Quality appraisal remains the least automated and least reliable stage (Section 5.3):
the best documented LLM–human agreement is κ = 0.0455 for RoB 2 [87] and κ = 0.297
for ROBIS [35], with structural central-tendency bias; all decisions must currently route
through human experts.

(4) Evidence synthesis and reporting require an inviolable human post-editing gate
(Section 6.2). No corpus study reports AI-generated synthesis prose published without hu-
man revision [49,106]; fabricated synthesis claims that cite real papers can be undetectable
without re-reading every source [102].

(5) Agentic pipelines are technically feasible but not production-ready (Section 7).
No corpus study satisfies all five production-readiness requirements—persistent protocol
specification, RAG corpus grounding, inter-stage verification, context-window manage-
ment, and a transparent audit trail—and the human-in-the-loop approach remains the most
frequent configuration in the extended LLM-SR literature (40.7% [7]).

(6) The reporting transparency gap is critical and addressable (Section 6.3). Tempera-
ture is disclosed in fewer than 2% of corpus papers, verbatim prompts in fewer than 10%,
and PRISMA 2020 item 24 mapping in fewer than 10% (Table 10); the strategies required—
exact model-version disclosure, verbatim prompt release [49], and CONSORT-AI-aligned
reporting [26]—already exist. The constraint is adoption, not invention.
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The present review is itself an attempt to satisfy all six conditions it identifies. The
agentic pipeline used to conduct it—MCP-connected database search, multi-stage hybrid
screening, retrieval-augmented synthesis grounded exclusively in the uploaded corpus,
and a two-stage citation audit applied to every in-text claim—addresses each of the five
production-readiness requirements stated in conclusion (5) and implements each of the
transparency practices called for in conclusion (6). It does not do so perfectly: quality
appraisal (conclusion 3) remained fully human-executed throughout, and the proprietary
nature of NotebookLM introduces a non-reproducibility risk that is explicitly acknowl-
edged in Section 2.11. The methodology therefore constitutes an early, human-supervised
instantiation of the reference architecture proposed in Section 10.2 rather than a finished
production system—but one that demonstrates the architecture is operationally coherent
and executable today.

10.2. A Reference Architecture for Agentic Systematic Reviews

Drawing on the convergent requirements identified in Section 7.4 and the gap analysis
in Section 8, Table 13 proposes a seven-layer reference architecture for a production-ready
agentic systematic review system. The architecture is not purely theoretical: as documented
in Section 2.12, the methodology of this review constitutes an early proof-of-concept
instantiation of all seven layers, conducted under continuous human oversight and subject
to the verification standards each layer prescribes.

Table 13. Seven-layer reference architecture for agentic systematic reviews. Each layer specifies its
function, key technique, and corpus evidence base.

L Layer Function Key Technique Corpus Evidence

1 Protocol

Machine-readable,
version-controlled PCC/PICO
criteria injected into every
downstream prompt

Structured format preventing
eligibility-criteria drift [90]

2 Search
LLM-assisted synonym expansion
and database-specific syntax
translation

Mandatory human
information-specialist sign-off [39]

3 Screening Multi-stage triage: CoT for T/A,
three-way classifier for FT

Seed-study calibration; 5–10%
excluded-record sampling [5,56,77]

4 Extraction Schema-constrained extraction with
JSON-mode and zero-temperature

Field-stratified human
spot-checking; RAG corpus
grounding

[1,33]

5 Appraisal
Full human quality appraisal; LLM
pre-populates instrument fields as
draft

Human review mandatory until
κ > 0.60 demonstrated [35]

6 Synthesis RAG-grounded synthesis drafts
with citation verification Mandatory human post-editing gate [32,123]

7 Transparency
Audit trail linking every output to
prompt, model version,
temperature, source

Verbatim prompt release; PRISMA
item 24 disclosure [22,26,88]

Figure 16 presents the reference architecture as a layered stack, making explicit which
layers permit progressive automation (Layers 1–4, 6–7) and which require human expert
execution as a non-negotiable condition (Layer 5, Quality Appraisal).

The architecture should be read as an evidence-derived reference framework rather than
an independently benchmarked system, and we make its validation status explicit. Each
layer carries one of three evidential statuses (Table 14): empirically supported, where the
layer’s key technique is backed by quantitative results in the corpus; partially supported,
where corpus evidence establishes feasibility but not production-grade reliability; and
conceptual/normative, where the layer is justified by convergent argument and this review’s
own proof-of-concept but is not yet validated against an external gold standard. We apply
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three validation criteria: (i) each layer’s key technique is traceable to at least one corpus
study reporting a quantitative outcome; (ii) the layer’s prescribed human-oversight gate is
justified by a documented failure mode; and (iii) the end-to-end configuration is positioned
against representative published pipelines (Table 15). By these criteria, Layers 2–4 are
empirically supported, Layers 1 and 6 are partially supported, and Layers 5 and 7 are
presently conceptual or normative; full independent benchmarking against alternative
architectures on a shared task remains future work (Section 10.3).

Layer Required validation & technique Corpus evidence

Layer 7
Transparency &

Reporting
PRISMA-guided disclosure; exact model version,

temperature, prompt history logged
PRISMA 2020 item 24; Farotimi 2026

Layer 6
Synthesis

RAG with uploaded corpus; human author gate
on all synthesis claims; hallucination check

Trad 2025; Liu 2023; human post-editing

Layer 5
Quality Appraisal

HUMAN EXPERT REQUIRED  no autonomous RoB assignment
until  > 0.60 demonstrated at scale

Di Pumpo 2025: =0.046; Forero 2025a: =0.297

Layer 4
Data Extraction

JSON-schema constrained; dual-run consistency check;
human post-editing gate for outcome fields

Jensen 2025: 5.2% hallucination; Khan 2025

Layer 3
Full-text Screening

Two-reviewer architecture; AI outputs as 'potential inclusions';
human decision for all borderline records

Manullang 2026: spec 0.36 0.49; =0.35 0.43

Layer 2
Title/Abstract

Screening
Calibrated threshold (Youden's index 3);

seed-study calibration; human review of AI-included
Issaiy 2024: =0.27; Kim 2025b: threshold calibration

Layer 1
Search Strategy

Expert information-specialist peer review;
test against seed studies before deployment

Bourgeois 2025; Wang 2025b: 12% recall variance

L1 mandatory: human execution required
L2 hybrid: AI + human checkpoint
L1 AI-assisted: expert review

L1 L2

L2 HYBRID

L1 MANDATORY

L2

L2

L2

L1

Figure 16. Proposed seven-layer reference architecture for production-ready agentic systematic
reviewing. Layers 1–4 are amenable to automation levels L1–L2 with appropriate human check-
points [29,32,38,63,112]; Layer 5 (Quality Appraisal) requires full human execution until inter-
rater agreement exceeds κ = 0.60 [87]; Layer 6 also requires human author gating on all synthesis
claims to avoid hallucinations [1,102]; Layer 7 mandates PRISMA-guided disclosure [19] of all AI-
generated content.

To position the proposed configuration against existing practice, Table 15 compares
this review’s L2 instantiation with three representative published pipelines from the corpus,
spanning the autonomy spectrum from near-autonomous to human in the loop.

Table 14. Validation status of each architectural layer against the corpus evidence base.

L Layer Status Basis in Corpus

1 Protocol Partially supported Criteria-drift prevention demonstrated [90]; no controlled
comparison of drift with/without machine-readable criteria.

2 Search Empirically supported LLM query expansion with mandatory information-specialist
sign-off; unguided recall is inadequate without it [39,42].

3 Screening Empirically supported High-sensitivity screening across >20 configurations;
abstract-screening κ > 0.89, F1 0.950 [5,56,77,124].

4 Extraction Empirically supported

High field-level accuracy—96.3%, F1 0.98 [31]; F1 0.974 at scale
(117,889 data points) [33]—but falls to ∼80% on primary-outcome
effect estimates and to 16–35% on complex fields, so field-stratified
human spot-checking with RAG grounding is required [1,31,125].

5 Appraisal Conceptual
(human-mandated)

Human–LLM agreement is near zero on validated risk-of-bias
instruments (overall RoB-2 κ = 0.044; 27.8% agreement) [87],
with intra-rater ICC 0.518 and systematic overestimation of
reporting quality [35,89,105]; no source endorses replacing human
appraisers, so the layer prescribes full human execution.
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Table 14. Cont.

L Layer Status Basis in Corpus

6 Synthesis Partially supported

RAG-grounded synthesis is feasible (BERTScore F1 0.88 [99];
tool-synthesised evidence preferred over baseline GPT-4 in
62.5–100% of cases [43]), but unguarded LLM drafting fabricates
unsupported claims [102] and biases risk-of-bias output [100],
mandating a human post-editing gate.

7 Transparency Normative Disclosure practices proposed from convergent reporting-gap
evidence; not benchmarked [22,26].

Table 15. Comparison of the proposed architecture with representative corpus pipelines.

Pipeline Autonomy Layers Covered Reported Outcome/Validation

This review L2 (HITL) 1–7 (all, PoC)
Proof-of-concept instantiation with human gates
at every stage; two-stage citation audit.
Framework not yet externally benchmarked.

Torres et al. [2] Near-autonomous Search–Synthesis High precision, but recall too low for standalone
use; study-specific evaluation.

Tripathi et al. [5] L2 (HITL) Screening–Extraction ≈99% processing-time reduction with recall
preserved; study-specific evaluation.

Trad et al. [1] L2 (RAG, HITL) Screening 0% false-negative rate in a RAG-grounded
pipeline; study-specific evaluation.

10.3. Open Research Gaps and Agenda

Figure 17 reveals that G1, G4, and G7 are structural prerequisites: resolving them in
parallel would unlock progress on the remaining five gaps simultaneously and make G8
(full prospective validation) tractable.

Dependency structure of the eight priority research gaps (G1–G8)

G1 · G4 · G7 must be resolved before G8 (full prospective validation) becomes tractable

co-dependent reporting standards

BLOCKING

G1
Shared

benchmark

BLOCKING

G7
Reporting

standard

BLOCKING

G4
RoB instrument

performance

G2
Threshold
calibration

G3
Screening

reproducibility

G5
Fine-tuning
protocols

G6
Error

detection

INTEGRATING

G8
Prospective
validation

NODE TYPE

Blocking gap (G1, G4, G7) — must be resolved first Capability gap (G2, G3) Development gap (G5, G6) Integrating target (G8)

Capability / development dependency Integrating dependency into G8 Co-dependent governance link

Node size reflects urgency; edge direction indicates which gaps must be resolved before others become tractable. Resolving G1, G4, and G7 in parallel unlocks all downstream gaps.

Figure 17. Dependency structure of the eight priority research gaps (G1–G8). Node size reflects urgency;
directed edges indicate which gaps must be resolved before others become tractable. G1 (shared
benchmark), G4 (RoB instrument), and G7 (reporting standard) are structural blockers that constrain
progress on all downstream gaps; G8 (prospective validation) integrates all prior investments.

The eight gaps in Table 16 collectively define the research and standards agenda re-
quired to close the distance between the current state of LLM-assisted systematic reviewing
and the validated, general-purpose agentic system that the field requires. The most urgent
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priorities—G1 (shared benchmark), G4 (RoB instrument performance), and G7 (reporting
standard)—are infrastructure investments that would accelerate progress on all other gaps,
because they establish the measurement and reporting standards against which subsequent
capability claims can be evaluated. Until G7 is adopted uniformly by journal and editorial
bodies, the evidence base for LLM capability in systematic reviewing will remain partially
non-verifiable regardless of the technical advances being made in underlying LLM technol-
ogy (Section 6.3). Until G4 is solved, any agentic pipeline achieving acceptable screening
and extraction recall must still route every included study through a human appraiser
before the evidence base can be considered GRADE-compliant (Section 5.3).

Table 16. Open research gaps in LLM-assisted and agentic systematic reviews. Evidence column cites
the specific corpus findings that define the gap.

# Gap Stage(s) Recommended Action Defining Evidence

G1

Shared multi-domain
benchmark for
screening across model
generations

B

Establish and maintain a publicly
versioned benchmark (building on
CLEF TAR) covering ≥10 domains
with model-version tracking

Performance varies from κ = 0.186
to κ = 0.895 depending on domain
[35,53]; no cross-domain
benchmark exists

G2
Standardised inter-rater
agreement threshold for
LLM–human screening

B

PRISMA extension working group
to specify minimum acceptable κ
for LLM screening certification,
with domain stratification

No agreed κ threshold; 100%
sensitivity at 14% precision is
within current range [17];
workload reduction 33–93% [18]

G3
Field-stratified
hallucination detection
for structured extraction

C, E

Develop an automated
hallucination-detection module
cross-referencing extracted values
against the source PDF at field
level

5.2% hallucination rate for absent
data [32]; errors shift location
across sessions even when overall
accuracy is stable [31]

G4

LLM performance on
validated RoB
instruments above
κ = 0.60

D

Domain-specific fine-tuning on
ROBINS-I, RoB 2, AMSTAR 2 with
supplementary protocol
documents in context; evaluation
of long-context models for
Domain 5 resolution

Best ROBIS κ = 0.297 [35]; RoB 2
κ = 0.0455 [87]; structural
central-tendency bias documented
in both

G5
Automatic hallucination
detection in synthesis
prose

F

RAG-grounded synthesis with
automatic claim-to-source
entailment verification; evaluation
against human expert annotation
of claim veracity

No automatic detection with
acceptable recall demonstrated;
fabricated synthesis claims may be
undetectable without re-reading
all sources [32,102]

G6

Cross-stage
error-propagation
quantification in agentic
pipelines

G

Fault-injection studies measuring
downstream impact of deliberate
Stage B and E errors on final
synthesis conclusions

T/A sensitivity 54.9% propagates
to exclude ∼half of relevant
literature [11]; ROUGE-1 recall
0.015–0.039 for compiled
documents [2]; AI-only pipeline
recall 38.1% [111]

G7
Minimum reporting
standard for AI-assisted
systematic reviews

F (all)

PRISMA extension or dedicated
reporting guideline mandating
model version, prompts,
parameters, verification procedure,
and AI-contribution statement per
stage

Temperature undisclosed >98% of
corpus; verbatim prompts in
<10%; PRISMA item 24 mapping
in <10% [5,26,88]

G8
Validated agentic
review pipeline for a
real-world review

G

Conduct and publish a fully
documented prospective
systematic review using the
reference architecture in
Section 10.2, satisfying all five
production-readiness
requirements, with PRISMA 2020
fully compliant

No corpus paper satisfies all five
requirements
simultaneously [7,107]; human in
the loop remains the most
frequent configuration in the
LLM-SR literature (40.7% [7])

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/informatics13100160/s1. Table S1: Per-study screening performance
across the T1 sub-corpus; Table S2: Studies excluded at full-text review; Table S3: Representative
multi-stage LLM-assisted systematic review pipelines in the corpus; Table S4: Stage-specific validation
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requirements for AI-assisted systematic review pipelines; Table S5: LLM-generated search strategy
performance across the T2 sub-corpus; Table S6: Key LLM data extraction studies; Table S7: Citation-
audit results by manuscript section; Table S8: Twelve most significant citation corrections; Section S9:
Full NotebookLM prompt/query set. The underlying data files (corpus list, MMAT appraisal
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Appendix A. NotebookLM Query Log (Representative Sample)
This appendix reproduces the standard grounding preamble and two representative

queries. To keep the main text concise, the main prompt set has been moved to the
Supplementary Materials (S9). The complete query–response evidence logs (totalling
approximately 7700 lines, covering all ten manuscript sections together with the phase-0
corpus and sanity checks) are openly deposited (Zenodo, DOI 10.5281/zenodo.22691555).

Every analytic query began with the standard discipline preamble: “Based ONLY on
the sources in this notebook, reading each paper in its entirety—introduction, methods, results,
discussion, and conclusions—not just the abstract or conclusions, . . . ” abbreviated as [PREAMBLE]
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below. Correction queries followed the correction preamble described in the Methods
(Section 2.11).

Representative Queries

Query A.1—corpus orientation (submitted to each notebook, T1–T6):

“What sources are loaded in this notebook? List every paper by title and, where available, author(s)
and year. How many sources are there in total? Be exhaustive—do not omit any.”

Query A.2—evidence synthesis (T3, Data extraction):

[PREAMBLE] What data extraction methodologies, schemas, and accuracy metrics are reported
across these papers? How do they compare LLM performance to human reviewers? For each finding
give the paper title, authors/year, the specific claim, and any methodological context (sample size,
dataset, model). Use (Author, year) citations and be exhaustive.

Appendix B. Citation Audit Log Summary
Appendix B.1. Overview

A systematic citation-accuracy audit was conducted on all 612 in-text citation key-
slots appearing in Sections 1–10 and Appendix C of this review. The audit used the six
thematic NotebookLM notebooks (T1–T6, Appendix A) as the exclusive verification ground
truth; no claim was classified from memory or general knowledge. For every cited claim,
a verification query was submitted to the notebook containing the cited paper; the agent
recorded one of four verdicts (below), and a human reviewer then recorded an independent
resolution status for every key-slot. Where a claim was inaccurate or over-attributed,
a correction was drafted from the notebook’s own response, applied to the manuscript,
and the passage re-audited before the section was closed.

Appendix B.2. Agent Verdict Labels

Acc. Accurate: The claimed fact, figure, or characterisation is directly and fully supported
by the cited paper as confirmed by the notebook query.
Part. Partially Accurate: The substance of the claim is broadly correct, but one or more
specifics (numerical value, exact phrasing, scope, or attribution of emphasis) deviate from
the source text.
Fix Needs Correction: The claim is factually incorrect, materially mis-characterised, or in-
correctly attributed to the cited key.
N/V Cannot Verify: The citation key does not correspond to one of the 122 corpus papers—
it is a complementary reference introduced by the authors for additional context (e.g., a
guidance document or methodological statement). Such claims were verified by the human
team against the complementary source directly.

Appendix B.3. Aggregate Results

Supplementary Table S7 presents the verdict and resolution counts for the complete
audit across all manuscript sections and Appendix C.

Appendix B.4. Key Findings

Of the 612 key-slots, the agent returned Accurate for 535 (87.4%), Partially Accurate for
35 (5.7%), Needs Correction for 20 (3.3%), and Cannot Verify for 22 (3.6%). Human validation
confirmed all 535 Accurate slots, resolved the 55 Partially-Accurate and Needs-Correction
slots (36 corrections applied to the manuscript), and accepted the 22 Cannot-Verify slots
after checking the complementary reference each cited. The corrections were concentrated
in the Discussion and Introduction and included two fabricated claims (a GRADE-pipeline
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mandate mis-attributed to Di Pumpo et al. [87] and Forero et al. [35], and a misattributed
processing-time figure for Tripathi et al. [5]), reattribution of a corpus-doubling claim from
Torres et al. [2] to Trad et al. [1], and a reversed pair of κ values attributed to Zuo et al. [78].

Appendix B.5. Notable Corrections

Supplementary Table S8 documents the twelve most significant corrections (those
involving fabricated claims, numerical transpositions, or wrong-paper attributions).

Appendix B.6. Resolution Status

Every key-slot reached one of three human-recorded resolution states at audit close:
Verified (541 slots, 88.4%)—the notebook query confirmed the claim as stated, no edit
required; Corrected (36 slots, 5.9%)—the manuscript was edited to replace an inaccu-
rate or mis-attributed claim with a source-grounded sentence, then re-audited; and Ac-
cepted (35 slots, 5.7%)—partially accurate claims accepted after minor adjustment, together
with the complementary references validated against their own sources. No key-slot
remained unresolved.

The complete row-by-row audit log is provided in the accompanying Citation_Audit_
Log.xlsx workbook (Sheet: Audit Log), deposited at Zenodo, which records the verbatim
claim text, verdict, issue identified, recommended correction, verification source, and reso-
lution status for every key-slot.

Appendix C. Cross-Cutting Evidence Map
Table A1 provides the full cross-cutting evidence map introduced in Section 8 and

summarised visually in Figure 14: challenge dimension × stage(s) affected × best current
approach × remaining gap. Stages A–G correspond to the PRISMA taxonomy used through-
out: A = search, B = screening, C = full-text selection, D = quality appraisal, E = extraction,
F = synthesis and reporting, G = agentic pipelines.

Table A1. Cross-cutting synthesis matrix.

Challenge Stage(s) Best Current Approach (Corpus) Remaining Gap

Calibration and
confidence
misestimation

All (most severe in B, D)

Likert/numeric threshold scoring via Youden’s
index [29]; one-shot inclusivity-adjustment
threshold modulation [61]; three-way
Include/Exclude/Uncertain classification [77];
compact LLM scoring at 50–75 rating
thresholds [69]

ROBIS agreement near-chance: κ = 0.297 for
best model across 20 SRs [35]; PRISMA 2020
adherence estimates differed from human
experts by 23.1–29.7%; PRIOR adherence
estimates showed smaller differences of
6.1–14.0% [105]; no domain-general calibration
method demonstrated

Hallucination and value
fabrication B, E, F (citations in F)

Retrieval-Augmented Generation with
uploaded corpus [1]; intermediate “study
summary” extraction step to filter noise before
data tables [90]; parameter calibration via low
temperature and top-p sampling settings [114]

Citation hallucination rates: GPT-3.5 39.6%,
GPT-4 28.6%, Bard 91.4% [108]; of 22 studies
retrieved by Consensus/GPT-4, 1 was a
complete hallucination, 8 had author errors, 7
had publication-year errors [111]; LLMs can
generate fabricated or hallucinated data items
absent from source texts [93]; no automatic
hallucination detection with acceptable recall
demonstrated

Human–AI inter-rater
agreement B, C, D

Multi-model parallel extraction reconciled by a
human expert [128]; dual-run intra-AI
verification prompting to reduce false
negatives [117]; zero-shot prompting with
explicitly listed exclusion criteria [71]; proposed
human-in-the-loop parallel human-and-AI
review of every record [52]

Agreement varies widely across tasks:
κ = 0.895 for data extraction in
second-language acquisition research [53] vs
κ = 0.186 for systematic review risk-of-bias
assessment using ROBIS [35]; full-text and RoB
instruments consistently below κ = 0.60; no
agreed acceptable-κ threshold for AI-assisted
reviewing
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Table A1. Cont.

Challenge Stage(s) Best Current Approach (Corpus) Remaining Gap

Reproducibility and
versioning All

Disclosure of the exact model version and
deployment platform utilised [5]; verbatim
prompt release [49]; temperature = 1 and fixed
random seed to characterise non-determinism

Query recall variance 12.0% across 10 identical
runs vs 7.1% for precision [42]; rapid model
evolution means identical prompts may yield
different results in future versions [41];
temperature undisclosed in the great majority
of the corpus; proprietary model opacity may
affect reproducibility [9]

Domain and language
generalisation A, B, E Domain-specific fine-tuning [37];

domain-vocabulary prompt augmentation

Model-version effects on MeSH term coverage
documented across prompting rounds [44];
performance gap widens in non-English and
specialist domains; no validated cross-domain
benchmark for LLM-assisted reviewing

Context-window
management C, E, G (full-text)

Retrieval-Augmented Generation avoiding text
segmentation to preserve document
coherence [1]

Session-level batching (5 abstracts/3 full texts)
acknowledged to “hinder the model’s ability to
grasp broader document context” [94]; strict
token limits impaired risk-of-bias
judgements [88]; prompt-length constraints
inherently restrict LLM context associations [4];
no standard chunking or RAG protocol

Error propagation in
pipelines G (agentic)

Breaking down the review into manageable
steps to incorporate human validation at each
step [13]; no study ever included or excluded
solely on automated classification [54];
comprehensive content validation
distinguishing fact-checking from full content
validation [96]

T/A sensitivity of 54.9% propagates to exclude
nearly half of relevant literature from full-text
and meta-analysis stages [11]; PROMPTHEUS
achieved ROUGE-1 precision of 0.969–0.995 but
recall of only 0.026–0.039 [2]; downstream data
extraction inaccuracies—such as omission of
data from a critical outcome—could
significantly sway a review’s conclusions [93];
no automated inter-stage error-detection
mechanism demonstrated in any corpus
pipeline

Reporting transparency
and reproducibility

F (and all stages for
PRISMA 2020)

RAISE and DEST disclosure guidelines for
Generative AI manuscripts [22]; CONSORT-AI
and PRISMA-AI aligned reporting with exact
LLM version, access mode, context-window
length, and full prompt history [26]; explicit
parameter reporting (temperature, top-p) [5]

Heavy reliance on proprietary models with
opaque decision making and frequent updates
may affect reproducibility [9]; temperature
undisclosed in the vast majority of the corpus;
no versioned prompt-registry standard adopted
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