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ABSTRACT
Meta-analysis is a statistical method to draw a conclusion from
synthesizing the scientific evidence of multiple similar studies on a
common research question. However, its execution requires man-
ual tasks including paper selection, data extraction, and statistical
pooling. There has been automation efforts for executing partial or
whole tasks in a divide-and-conquer manner by a single or multiple
AI agents. Yet, meta-analysis using multiple agents in a decen-
tralized and distributed manner under an explicit and auditable
protocol is not examined. We introduce AutoMETA, a system of
multiple LLM agents that assigns one agent per subject paper of a
target meta-analysis. Each agent extracts page-anchored outcomes,
critiques peer outputs, and revises entries before passing the fi-
nalized dataset to a non-agent statistical module implementing
DerSimonian–Laird random-effects pooling with heterogeneity di-
agnostics. We compare three systems under identical conditions:
a Human reference (published meta-analyses), a Single-LLM
pipeline without coordination, and AutoMETA (multi-agent with
inter-agent critique). As a case study, we selected meta-analyses
papers on cardiology in 2004 (8 out of 15 papers meeting inclusion
criteria). AutoMETA achieved a median relative effect-size error
of 6.4% against human-authored references, compared to 34.0% for
the single-agent baseline, while ablation analysis confirmed that
removing critique or protocol enforcement progressively degraded
accuracy (12.4%, 25.1%, 28.1%). These findings suggest that struc-
tured inter-agent critique and procedural enforcement can yield
reliable, reproducible statistical reasoning without relying solely
on model capability.
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1 INTRODUCTION
Meta-analysis integrates results from multiple independent studies
to produce quantitative, generalizable evidence across domains
such as medicine and social science [2, 5, 9, 15, 16, 39]. It enables
researchers to move beyond individual findings through systematic
aggregation of effect sizes and diagnostic performance. However,
performing a valid meta-analysis remains labor-intensive and error-
prone: reviewers must identify eligible studies, extract numerical
data from heterogeneous tables and figures, manage missing or
zero-valued entries, and apply consistent statistical models (e.g.,
DerSimonian–Laird random effects) [8, 14]. Even small deviations
in extraction or protocol adherence can alter pooled estimates and
undermine reproducibility [23, 27].

Recent large language models (LLMs) can summarize documents,
extract structured data, and perform limited reasoning across long
contexts [35, 37, 43]. Yet their use in statistically rigorous meta-
analysis remains limited [23]. Most existing pipelines rely on a
single model acting independently, without cross-verification or
enforcement of statistical rules [1, 30, 37, 43]. As a result, they
often conflate analysis units (e.g., patient vs. vessel), omit uncertain
values, or deviate from inclusion criteria—producing unstable and
irreproducible pooled estimates. This study asks whether multiple
LLM agents, when coordinated under an explicit and auditable
protocol, can perform meta-analysis with human-level reliability.
We evaluate three systems under identical settings: (1) a Human
reference (published meta-analyses), (2) a Single-LLM pipeline
without coordination, and (3) AutoMETA, which incorporates
inter-agent critique and protocol safeguards.

We propose AutoMETA, a multi-agent LLM system for au-
tonomous meta-analysis. Each primary study is assigned to a study-
centered agent that extracts page-anchored quantitative data follow-
ing a fixed protocol. Agents exchange critiques to resolve inconsis-
tencies in units, thresholds, or zero-cell corrections, while a protocol
engine enforces consistency rules. After consensus is reached, a
centralized statistical synthesizer performs random-effects pooling
(DerSimonian–Laird; HSROC) and reports heterogeneity diagnos-
tics (𝑄 , 𝜏2, 𝐼 2). Coordination emerges from structured dialogue
rather than fixed role hierarchies, forming a decentralized and au-
ditable chain of statistical reasoning. To evaluate AutoMETA, we
compare it against (a) a human-authored meta-analysis and (b) a
single-agent LLM pipeline using identical statistical formulas as an
external reference.

We employ a cardiology corpus—spanning treatment compar-
isons, diagnostic accuracy studies, and biomarker associations, with
heterogeneous outcomes, multiple analysis units, and legacy re-
porting styles—as a stress test, while keeping the domain incidental
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to our central question: Can multiple LLM agents achieve protocol-
faithful, reproducible pooling at scale? Figure 1 illustrates these three
paradigms.

Contributions. This paper makes the following key contribu-
tions. We present AutoMETA, a multi-agent LLM system that per-
forms meta-analysis collaboratively under a unified and auditable
protocol; we demonstrate that structured inter-agent critique
and rule-based procedural enforcement jointly lead to human-
comparable pooled estimates while reducing protocol violations;
and we provide a reproducible framework that supports transpar-
ent evaluation of cooperative, protocol-faithful reasoning among
large language models.

2 RELATEDWORKS
2.1 Multi-Agent LLMs and Coordination
Recent frameworks such as AutoGen [44] and CAMEL [22] or-
ganize LLMs as cooperating agents for task decomposition and
dialogue-based reasoning, and debate-style settings have shown
that structured disagreement improves factual accuracy [10]. Multi-
agent systems have also been applied in scientific domains including
protein design [12], chemical synthesis [11], and materials discov-
ery [26]. However, these frameworks target open-ended reasoning
or domain experimentation rather than tasks requiring strict statis-
tical protocols and verifiable consensus. Despite progress in agentic
collaboration, few works explore coordination for reproducible
evidence synthesis—a gap that motivates AutoMETA.

2.2 Tool-Augmented Reasoning and Protocol
Following

Tool-augmented prompting such as ReAct [45] interleaves reason-
ing with actions like retrieval or computation, and later systems
add verification layers to align reasoning with domain rules [6].
However, tool-based LLMs still act reactively without enforcing
cross-document consistency [18, 31]. AutoMETA adopts controlled
tool use and rule-based guards for unit, threshold, and continu-
ity correction [19], shifting from reactive tool calls to cooperative
protocol fidelity.

2.3 Self-Reflection and Test-Time Refinement
At the single-model level, methods such as Self-Consistency [42],
Reflexion [36], Self-Refine [28], and process-level verification [13]
improve reliability through iterative critique and revision of inter-
mediate steps. However, these approaches process all documents
within a single context window, causing fine-grained field-level
information—such as specific units, diagnostic thresholds, and out-
come time points—to be compressed or lost during reasoning. This
limitation is critical for meta-analysis, where cross-study compa-
rability depends on preserving exactly such details. AutoMETA
addresses this by assigning each agent to a single study, preserv-
ing granular extraction fidelity; cross-study consistency is then
enforced through structured inter-agent critique rather than within-
model reflection, creating verifiable audit trails that single-model
methods cannot provide.

2.4 AI-Driven Meta-Analysis and Evidence
Synthesis

LLMs have assisted specific meta-analysis phases—screening [25,
41], tabular extraction [46], and summarization [32, 38]—while RAG-
based systems improve retrieval quality [1]. Mutinda et al. [30] built
a BioBERT pipeline for PICO extraction and numeric parsing, and
earlier tools such as RobotReviewer [29] and ASReview [40] en-
hanced screening via machine learning. Datasets such as Evidence
Inference [21] further highlight challenges in tracing extracted data
to source text—a problem AutoMETA addresses through mandatory
page anchoring. Yet all such approaches operate as single agents
and omit end-to-end statistical pooling or cross-verification under
an auditable protocol.

2.5 Statistical Foundations for Diagnostic
Meta-Analysis

AutoMETA follows established standards: the DerSimonian–Laird
random-effects estimator [8], bivariate and HSROC models for sen-
sitivity and specificity [3], and heterogeneity metrics 𝑄 , 𝜏2, and
𝐼 2 [20]. These enable direct comparison between human and LLM-
based analyses within a conventional statistical framework.

2.6 Positioning
Unlike prior multi-agent or self-improvement frameworks focused
on abstract reasoning or planning, AutoMETA frames meta-
analysis as a protocol-driven coordination problem. Each agent
acts as an independent reviewer operating under identical proce-
dural rules, contributing page-anchored evidence and verifying
peers through structured dialogue. This design combines proce-
dural rigor with cooperative reasoning: it yields statistically valid
pooled estimates comparable to human analyses while improving
rule compliance and reproducibility. By linking agentic coordina-
tion, constrained reasoning, and evidence synthesis, AutoMETA
connects multi-agent research with the practical need for verifiable,
transparent large-scale reasoning.

3 METHODS
3.1 Task and Corpus
We cast meta-analysis as a cooperative reasoning task in which a
population of study-centered LLM agents jointly execute a fixed,
human-authored synthesis protocol. Each agent is assigned to one
primary study drawn from an existing meta-analysis, extracts page-
anchored quantitative evidence, critiques the extractions of its
peers, and participates in a shared decision on the final pooled
estimate. To build a representative yet tractable evaluation cor-
pus, we retrieved all cardiology-related meta-analyses published in
2004 from Scopus using the query: (TITLE-ABS-KEY("cardiology")
AND TITLE-ABS-KEY("meta-analysis")) AND (SUBJAREA = MEDI) AND

(DOCTYPE = ar). This year was selected to balance sample size and
experimental feasibility—providing enough studies for multi-agent
evaluation while ensuring consistent reporting formats and full-
text accessibility for reproducible analysis. Importantly, 2004 also
marks the period when meta-analysis became widely adopted as a
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Figure 1: Overview of Meta-Analysis Paradigms. The figure contrasts three modes of evidence synthesis: (a) Human-authored
meta-analysis, where a single human expert manually extracts and pools results across studies; (b) Single-agent automation,
where one LLM processes all studies efficiently but lacks peer verification and cross-study consistency checks, making it
vulnerable to uncorrected extraction errors; and (c) AutoMETA (multi-agent), where study-centered agents handle distinct
papers, exchange critiques, and reach a protocol-guided consensus. This progression illustrates the transition from labor-
intensive but reliable human synthesis, to efficient yet verification-limited single-agent reasoning, and finally to collaborative,
reproducible multi-agent analysis.

standard methodology in clinical and biomedical research, follow-
ing the formalization of reporting and statistical practices in early
systematic review frameworks.

Among the 15 retrieved papers, 7 were excluded due to irrel-
evance or inaccessible full texts, leaving 8 eligible meta-analyses
comprising a total of 114 primary studies (with individual meta-
analyses containing 7, 28, 25, 22, 8, 4, 11, and 9 studies, respectively).
From each included paper, we compiled the set of primary stud-
ies analyzed by the authors; these studies constitute the input for
AutoMETA, the single-agent baseline, and the human reference
comparison. Each experiment was repeated 10 times to average
stochastic variation and ensure statistical stability.

The resulting corpus spans diverse subdomains and reporting
conventions, intentionally preserving heterogeneity in outcome
measures, analysis units, and presentation formats. This varia-
tion provides a realistic stress test for evaluating whether multi-
agent coordination and procedural reasoning canmaintain protocol-
faithful and reproducible pooling across inconsistent data sources.
Although the studies originate from cardiology, the medical con-
tent itself is incidental—the central goal is to assess the reliability
and generalizability of structured cooperation in complex evidence-
synthesis settings. Figure 2 summarizes the end-to-end AutoMETA
workflow from preprocessing through extraction, critique, revision,
and pooling.

3.2 Harmonized Protocol
To ensure comparability across systems, all models follow the same
explicitly specified and auditable meta-analysis protocol. The pro-
tocol defines inclusion and exclusion criteria, the format of ex-
tracted outcomes, and the statistical models to be applied. Only
adult, original-data studies are included; reviews, case reports, and
duplicates are excluded. Binary diagnostic accuracy outcomes are

represented as 2 × 2 contingency tables (TP, FP, FN,TN), following
the canonical thresholding criterion used in the evaluation cor-
pus (typically 50% stenosis in cardiac imaging studies). Continuous
outcomes (e.g., CNR, SNR, or visible length/diameter) are standard-
ized as Hedges 𝑔 to ensure comparability across heterogeneous
measurement scales. Each analysis is restricted to a single unit
type and handled with explicit subgroup definitions for contrast
enhancement and reader identity. A continuity correction of 0.5 (a
conventional practice in diagnostic test meta-analysis) is applied
to any zero cell, and random-effects DerSimonian–Laird (DL-RE)
pooling is used to compute 𝑄 , 𝜏2, and 𝐼 2, with HSROC optionally
reported for ablation experiments. Every numeric entry is automat-
ically linked to its source page, table, or figure reference; uncertain
entries are left as NULL with an explanatory note. This harmonized
protocol guarantees that any performance difference arises solely
from differences in coordination, not in modeling or data prepro-
cessing. Its statistical components adhere to canonical standards
for diagnostic test accuracy meta-analyses [7, 17, 33], providing a
transparent and reproducible foundation for evaluating LLM-driven
reasoning.

3.3 Multi-Agent Coordination through Rounds
Rather than assigning fixed functional roles, AutoMETA structures
collaboration into four iterative rounds, each representing a collec-
tive phase of reasoning among study agents. In Round 0, each agent
independently reads its assigned paper, follows the standardized
protocol, and produces a structured summary of extracted data.
Round 1 initiates peer critique: agents exchange and review one
another’s initial summaries, offering concise comments on poten-
tial inconsistencies in analysis units, thresholds, or cited evidence.
In Round 2, each agent revises its extraction table by incorporating
valid peer feedback and verifying the supporting evidence, resulting
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Figure 2: AutoMETA Framework: End-to-End Meta-Analysis Pipeline. This figure illustrates the overall methodological
workflow of AutoMETA, showing how heterogeneous studies are converted, standardized, and synthesized into a reproducible
meta-analytic consensus. The pipeline begins with data preprocessing, where PDFs are converted into text and tables, and a
protocol is generated from either a reference paper or from heterogeneous studies specifying inclusion/exclusion criteria,
heterogeneity models, and effect-size definitions. During agent initialization, each paper is assigned to a dedicated study
agent that iteratively proceeds through four reasoning rounds: (1) Extraction—extracting study-level data and producing
structured JSON summaries; (2) Critique—peer verification and error detection among agents; (3) Revision—protocol alignment
and correction of inconsistencies; and (4) Pooling—random-effects synthesis and heterogeneity diagnostics (𝑄 , 𝜏2, 𝐼 2). Finally,
the consensus module generates pooled effect tables with confidence intervals and stability analysis, evaluating outliers and
comparing the system’s pooled estimates to human-authored meta-analyses. Together, these stages form a fully reproducible,
protocol-faithful pipeline for autonomous evidence synthesis.

in a refined dataset. Finally, in Round 3, all revised summaries are
merged and used for a DerSimonian–Laird random-effects pool-
ing with 95% confidence intervals and heterogeneity diagnostics
(𝑄 , 𝜏2, 𝐼 2). During this final round, agents compare their individ-
ual study results to the collective pooled estimate and reflect on
alignment or deviation. The outcome is a consensus dataset that re-
flects protocol-faithful, auditable agreement across all participating
agents. Coordination in AutoMETA thus emerges organically from
dialogue and revision, rather than from top-down orchestration or
rigid role specialization.

3.4 Single-LLM and Human Baselines
To evaluate the contribution of inter-agent interaction, we com-
pare AutoMETA to two baselines: a single-LLM pipeline and a
human-authored meta-analysis. The single-LLM baseline executes
all steps—data extraction and pooling—sequentially under the same
protocol but without peer review or iterative revision. Uncertain
extractions are left unfilled rather than reconciled. The human ref-
erence corresponds to a previously published meta-analysis on the
same corpus, serving as an external benchmark and ground truth
for pooled estimates.

3.5 Evaluation and Metrics
Each system produces a unified meta-analytic dataset consisting of
study-level observations annotated by analysis unit and subgroup.
Rows identified as non-includable are excluded from the pooling
stage. We assess performance along three core dimensions cen-
tral to coordinated evidence synthesis: (1) protocol faithfulness,
measured by adherence to unit definitions, thresholding rules, and
continuity-correction requirements, as well as by the number of
critical violations per 100 extracted rows; (2) extraction coverage
and consistency, quantified by the proportion of successfully filled
entries, disagreement rates among agents, and the share of disagree-
ments resolved through critique and revision; and (3) statistical
reliability, defined as the deviation from human pooled estimates
(absolute difference in pooled effect size and heterogeneity indices
𝑄 , 𝜏2, and 𝐼 2). Together, these metrics capture the balance between
procedural rigor, extraction accuracy, and reproducibility across
systems.

3.6 Ablations and Implementation
All experiments are implemented using the TinyTroupe multi-
agent orchestration framework, which provides lightweight di-
alogue management, shared episodic memory, and reproducible
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round-based coordination among agents [34]. The framework sup-
ports both single-agent and multi-agent configurations within a
unified execution environment. In the single-agent baseline, one
model processes all papers sequentially under a unified protocol
without any peer discussion. In the multi-agent setting, each study
is assigned to an independent agent that participates in four coordi-
nation rounds (extraction, critique, revision, and pooling). Ablation
variants disable specific coordination or control mechanisms to
isolate their contributions. The No-Critique condition removes the
critique and revision rounds, preventing agents from challenging
or correcting each other’s extractions. The optional No-Protocol
configuration omits rule-based safeguards such as unit validation,
threshold checks, and continuity corrections, testing the effect of
removing explicit procedural control. These comparisons evaluate
how structured collaboration and rule enforcement contribute to
the reliability and reproducibility of the resulting meta-analyses.

All runs employ GPT-class large language models with identical
decoding parameters (temperature = 0) and restricted reasoning
modes limited to document inspection and in-dialogue delibera-
tion, without the use of external web search or computational tools.
The model stack consists of gpt-4.1-mini for dialogue and ex-
traction, o3-mini for deterministic reasoning and consensus verifi-
cation, and text-embedding-3-small for embedding-based mem-
ory retrieval. Each multi-agent dialogue includes up to two cri-
tique rounds, and all transcripts, summaries, and pooled results are
archived to ensure full transparency and reproducibility.

To facilitate independent verification, we release all protocol
specifications, prompts, and round transcripts in our GitHub repos-
itory.1 This repository enables complete replication of the reported
results and serves as a reference implementation of AutoMETA’s
multi-agent coordination framework.

3.7 Threats to Validity
The quality of extracted data may depend on the completeness of
the original study reports, which we mitigate through mandatory
page anchoring and exclusion rules. Variability among LLMs could
influence extraction coverage, for which we report rerun stability.
Although evaluated in a cardiology setting, the round-based coor-
dination framework is domain-independent and can generalize to
other evidence-synthesis contexts such as safety reporting, policy
evaluation, or benchmark aggregation.

4 RESULTS
We evaluate AutoMETA against a single-agent LLM pipeline and a
human-authored meta-analysis reference across eight cardiology
meta-analyses (2004). All systems are assessed along three axes:
(E1) protocol faithfulness, (E2) extraction coverage and consistency,
and (E3) statistical reliability. Unless stated otherwise, results are
aggregated across all study sets; effect-size deviations from the
human reference are expressed as relative errors (both mean and
median), and heterogeneity deviations as mean absolute differences
with 95% CIs. For each meta-analysis, we averaged the pooled
estimates across 10 independent runs; the reported means and
medians are computed over these 8 per-paper averages.

1All codes are available at https://github.com/AutoMETA/rgh112.

4.1 Quantitative Evaluation
Table 1 summarizes the deviations between LLM-based systems and
the human-authored baselines. We report both mean and median
relative errors because the distribution is heavily skewed: a small
number of outlier studies—typically caused by LLM unit-conversion
mistakes—inflate the mean while the median better reflects typical-
case performance.

AutoMETA (Multi, Full) achieves the best median effect-size
accuracy among all configurations (Δrel (%)med=6.4%), indicating
that on most papers the system closely approximates human pooled
estimates. The gap to the mean (Δrel (%)mean=40.0%) reveals that a
few papers with extraction-level outliers substantially affect the
average.

Ablation results show a consistent ordering in median accu-
racy: Full (6.4%) < NoCritique (12.4%) < NoProtocol (25.1%) <
NoCrit +NoProt (28.1%). While partially overlapping confidence
intervals preclude definitive statistical separation between adja-
cent configurations, the directional pattern is consistent across all
four conditions, suggesting that critique and protocol enforcement
contribute complementary benefits. Removing critique roughly
doubles the median error while also allowing more studies into the
pooling stage (higher 𝑘), which stabilises heterogeneity estimates
(|Δ𝑄 |=6.8, the lowest among multi-agent configurations) at the cost
of uncorrected extraction errors propagating into pooled estimates.
Removing the protocol quadruples the median error; disabling both
yields the worst performance.

Single-agent behavior. The Single (Full) pipeline exhibits a bi-
modal profile: on favourable papers it nearly matches the human
reference (Δrel (%) < 4%), while on others it produces large devia-
tions (Δrel (%) > 60%), yielding an overall median of 34.0%. Notably,
Single (NoProtocol) shows the lowest mean Δrel (%) (21.4%), but
this result should be interpreted with caution: heterogeneity di-
agnostics were available for only a subset of papers, precluding
reliable CI estimation (†), suggesting that the pipeline completed
the full workflow for only a subset of papers. A system that pro-
duces accurate effect sizes on select papers but cannot complete the
full meta-analytic workflow does not constitute a reliable pipeline.

Heterogeneity deviations. Multi (Full) shows elevated |Δ𝐼 2 |=30.6
compared to ablated variants (13.6–23.9), while NoCritique achieves
the lowest |Δ𝑄 | and |Δ𝜏2 |. This reflects an accuracy–coverage trade-
off: the full critique–protocol pipeline applies stricter inclusion
filtering, reducing 𝑘 to 2–3 studies in some papers, where small
perturbations shift 𝐼 2 by tens of percentage points. Without critique,
more studies survive inclusion, stabilising heterogeneity at the cost
of effect-size fidelity. This dissociation means the ablation ordering
that holds for effect-size accuracy does not extend to heterogeneity
metrics, where the relationship is non-monotonic. Resolving this
tension—e.g., through confidence-weighted inclusion rather than
binary accept/reject—represents a key direction for future work.

4.2 Protocol Faithfulness and Error Correction
AutoMETA substantially reduces rule violations related to unit in-
consistency and continuity correction. Audits of dialogue traces
indicate that the majority of detected errors originate from inter-
agent critique rounds, confirming that critique acts as a functional
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Table 1: Deviations from the human-authored baselines. Entries report relative effect-size errors (meanwith 95% CI; medianwith
IQR) and mean absolute errors for heterogeneity diagnostics with 95% CIs. Ablations remove key components of coordination:
No-Critique disables peer review, No-Protocol removes explicit procedural constraints, and their combination illustrates the
breakdown of coordinated synthesis when both mechanisms are absent.

System Δrel (%)mean Δrel (%)med |Δ𝑄 | |Δ𝜏2 | |Δ𝐼 2 |

Multi (Full) 40.0 [5.8, 88.9] 6.4 [3.9, 45.0] 13.9 [8.9, 18.2] 0.076 [.034, .118] 30.6 [6.2, 67.2]

Multi (NoCritique) 51.6 [8.6, 126.8] 12.4 [6.2, 32.4] 6.8 [2.4, 11.2] 0.024 [.014, .040] 23.9 [10.9, 34.3]

Multi (NoProtocol) 64.4 [9.2, 152.3] 25.1 [9.9, 79.6] 15.1 [10.4, 19.5] 0.065 [.018, .116] 13.6 [5.8, 21.2]

Multi (NoCrit +NoProt) 50.2 [14.0, 98.3] 28.1 [14.0, 64.1] 14.4 [11.7, 16.9] 0.057 [.021, .093] 18.7 [9.0, 36.2]

Single (Full) 38.5 [10.3, 71.1] 34.0 [23.6, 48.8] 9.8 [1.4, 22.3] 0.021 [.016, .027] 23.5 [0.0, 36.3]

Single (NoProtocol) 21.4 [5.6, 37.2] 22.6 [7.1, 37.0] 10.0† 0.032† 10.5†

Notes: Effect-size deviations are Δrel (%) = 100 × |𝜃model − 𝜃human |/|𝜃human | . Mean errors are reported with 95% CIs; median errors are reported with interquartile ranges (IQR,
Q1–Q3), providing a robust summary of the central 50% of per-paper deviations. The gap between mean and median reflects the influence of outlier studies (e.g., LLM

unit-conversion errors), which disproportionately inflate the mean. Because effect-size scales differ across papers (logOR, WMD, Hedges𝑔), only relative errors—not absolute
differences—are aggregated. Heterogeneity deviations ( |Δ𝑄 | , |Δ𝜏2 | , |Δ𝐼 2 |) are means with 95% CIs. †Insufficient data to compute a reliable CI.

analogue of human peer review. Agents frequently identify incon-
sistencies such as mismatched denominators, ambiguous thresh-
olds, or missing zero-cell corrections, prompting targeted revisions
before pooling. The No-Protocol variant fails to resolve such dis-
crepancies, producing inconsistent inclusion criteria and elevated
𝜏2 deviations (up to |Δ𝜏2 |=0.116). Figure 3 visualizes a represen-
tative interaction where a peer agent flags a threshold violation
(“0.7 vs. 0.5”), leading to a corrected log(OR) from 1.21 to 0.94 and
validated inclusion in the pooled analysis.

However, the same critique mechanism that improves extrac-
tion quality can also lead to over-filtering. When critique rounds
repeatedly flag borderline studies as insufficiently documented,
agents may exclude them from the final dataset, reducing 𝑘 and
destabilizing heterogeneity estimates. This over-filtering effect is
most pronounced in Multi (Full), where the combination of critique
and protocol enforcement creates a high inclusion bar. Future work
should explore adaptive thresholds that balance inclusion breadth
with extraction quality.

4.3 Critique Dynamics and Process Trace
Beyond aggregate accuracy, the critique trace in Figure 3 shows
how AutoMETA performs cooperative self-correction in real time.
In each critique–revision cycle, agents exchange structured feed-
back, update local assumptions (e.g., thresholds, denominators), and
revalidate consistency through the protocol engine.

Rather than acting as passive reviewers, agents function as
distributed auditors that uncover latent contradictions in extrac-
tion logic—such as mismatched thresholds or missing continuity
corrections—and trigger targeted local rewrites. This mirrors the
human dual-reviewer paradigm in systematic reviews, where inde-
pendent extraction followed by reconciliation safeguards epistemic
soundness. In AutoMETA, these cycles are not scripted; they emerge
from the dialogue policy itself and produce verifiable audit trails of
how consensus is reached.

The R0–R3 trace illustrates this mechanism concretely: a single
mis-specified parameter (“0.70 → 0.50”) propagates through struc-
tured dialogue into a verified correction, leading to convergence in
both the reported value (log(OR) = 0.94) and protocol compliance.
Such trace-level transparency provides not only interpretability

but also a basis for post-hoc reliability auditing—something rarely
attainable in purely end-to-end LLM systems.

4.4 Error Dynamics and Breakdown
Table 2 summarises the distribution of protocol-engine flags across
all model runs (9,447 validation entries, 66,988 issues). The twomost
frequent categories—threshold / outcome-type inconsistencies
(24%) and ambiguous inclusion labels (22%)—stem from agents
misclassifying outcome types (e.g. labelling a diagnostic accuracy
measure as a generic continuous variable) or applying inconsistent
eligibility criteria. These structural flags are raised by the protocol
engine at Round 0 and subsequently addressed during critique
rounds 1–2, where peer agents cross-check JSON schemas against
page-anchored evidence.

A second cluster—denominator misalignment (19%) and
zero-cell omission (12%)—reflects incomplete specification of
contingency-table cells. When sample sizes are missing from the
extraction, the protocol engine cannot verify whether zero-cell con-
tinuity corrections are needed; critique rounds surface these gaps
by requesting explicit denominators and flagging uncorrected zero
cells.

Residual categories—citation / page-reference mislinking
(12%) and unit mismatch (11%)—are largely detected at Round 0 by
automated schema checks (e.g. study_id does not match assigned
paper, analysis unit not specified). These persist at lower rates after
critique because they depend on document-level parsing rather
than inter-agent deliberation.

Across configurations, critique improved extraction quality most
visibly on structurally complex papers, with per-paper validation
pass-rate gains of 8–15 percentage points on challenging cases.
The aggregate pass rate across all papers was similar between
configurations (88% with critique vs. 87% without), as critique pri-
marily targets the tail of difficult extractions rather than uniformly
improving all entries. The boundary between resolvable disagree-
ment—threshold and denominator issues that critique can fix—and
epistemic opacity—citation ambiguities rooted in the source PDFs
themselves—defines the practical ceiling of the current system.
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R0
Extraction

R1
Critique

R2
Revision

R3
Pooling

R0

Agent B (extract)
threshold = 0.70
Counts: TP=42, FP=7, TN=68,
FN=9
⇒ log(OR) = 1.21
page: Table 2 (p.5)
. . . evidence snippet . . .

Standardized JSON
unit: patient
threshold: “≥50% stenosis?” (un-
certain)
zero_cell_flag: false

R1

Agent A (critique)
Protocol cutoff = 0.50.
Your JSON shows 0.70.
Please verify Table 2 vs text:
“Methods: cutoff ≥50% stenosis.”
Flag: threshold mismatch
Check: counts align?

Protocol engine
Guards triggered:
• threshold inconsistency
• unit: patient (ok)
• continuity correction: n/a

R2

Agent B (revision)
Re-read Table 2 (p.5) & text (p.3).
threshold → 0.50
Counts unchanged; label fix.
Recompute log(OR) = 0.94.
Reason: table header uses 50%
cutoff.

Re-standardized JSON
threshold: 0.50
page_reference: p.5 (tbl2)
uncertainty_note: null

R3

Statistical synthesizer
DL random-effects pooling
𝜃 (pooled log(OR)) = 0.98
95% CI = [0.72, 1.24]
𝑄 = 6.2, 𝜏2 = 0.01, 𝐼2 = 12%

Consensus
Protocol check: pass
Critique resolved
Included in meta-analysis

peer challenge

revision & re-check

Figure 3: Representative critique–revision trace (Rounds 0–3). A study agent initially extracts outcomes with a mis-specified
threshold (0.70). A peer agent flags a protocol violation (required cutoff: 0.50), prompting a source re-check and JSON restandard-
ization. After correction, the study’s log(OR) is updated (1.21→0.94) and passes protocol guards. The statistical synthesizer then
includes the corrected entry in DerSimonian–Laird random-effects pooling and reports heterogeneity diagnostics (𝑄, 𝜏2, 𝐼 2).
This exemplifies how inter-agent critique functions as a distributed quality-control layer that converts informal disagreement
into auditable, protocol-faithful consensus.

Table 2: Distribution of detected errors across all model runs (9,447 validation entries, 66,988 flags). Most flags relate to outcome
specification and denominator gaps, both systematically reduced by inter-agent critique.

Error Type Frequency (%) Detected by Round

Threshold inconsistency (e.g., outcome misclassification) 24 0–1
Ambiguous inclusion criteria or label mapping 22 1–2
Denominator misalignment in contingency tables 19 0–1
Zero-cell omission / continuity correction gap 12 1–2
Citation or page-reference mislinking 12 0
Unit mismatch (patient vs. vessel vs. segment) 11 0

5 DISCUSSION
AutoMETA demonstrates that structured multi-agent coordination
can approximate human-level meta-analytic reasoning, achieving
a median relative effect-size error of 6.4% across eight cardiology
meta-analyses. However, the results also reveal important limita-
tions and trade-offs that qualify the scope of this achievement.

5.1 Coordination as a Source of Reliability
The ablation analysis provides evidence that coordination—not
model scale or prompt engineering—is a principal driver of effect-
size accuracy. The consistent ordering of median Δrel (%) across con-
figurations (Full: 6.4%→NoCritique: 12.4%→NoProtocol: 25.1%→
NoCrit+NoProt: 28.1%) suggests that critique and protocol enforce-
ment each contribute independently, though this interpretation
should be tempered by the wide confidence intervals that partially
overlap between adjacent conditions. Critique catches numerical
errors (unit conversions, threshold mismatches), while the protocol
prevents structural inconsistencies (mixed analysis units, missing

zero-cell corrections). Only their combination yields the best effect-
size accuracy.

However, this complementarity is not uniformly additive. The
full configuration’s heterogeneity deviations are the highest among
multi-agent variants (|Δ𝐼 2 |=30.6), while removing critique para-
doxically improves heterogeneity alignment (|Δ𝑄 |: 13.9 → 6.8;
|Δ𝜏2 |: 0.076 → 0.024). This dissociation confirms that critique and
protocol contribute complementary but partially competing ben-
efits: together they maximise effect-size fidelity, yet the resulting
study-filtering pressure destabilises heterogeneity estimation.

The reliability profiles of single-agent and multi-agent systems
differ qualitatively. Specifically, the single-agent pipeline shows
moderate accuracy (Δrel (%)med=34.0%) but frequently omits het-
erogeneity diagnostics, whereas multi-agent coordination ensures
complete outputs at the cost of the accuracy–coverage trade-off
discussed in Section 5.2.
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5.2 The Accuracy–Coverage Trade-off
A central finding of this work is that stricter quality enforcement
improves per-study accuracy but reduces the number of studies in-
cluded in pooled analyses. Multi (Full) achieves the best effect-size
accuracy precisely because its critique rounds filter out ambiguous
or poorly extracted studies. However, this filtering reduces 𝑘 , mak-
ing heterogeneity statistics (𝑄 , 𝜏2, 𝐼 2) inherently unstable. In one
paper, Multi (Full) included only 𝑘=2 studies, producing 𝐼 2=86%
versus the human reference of 𝐼 2=0%—a deviation driven entirely
by insufficient sample size rather than systematic error.

This trade-off mirrors a well-known challenge in human-
conducted meta-analysis, where stricter inclusion criteria improve
internal validity but reduce statistical power. AutoMETA’s critique
mechanism amplifies this effect: agents that identify potential ex-
traction issues may conservatively exclude borderline studies rather
than attempt uncertain corrections. Future work should explore
confidence-weighted pooling, where studies with uncertain extrac-
tions contribute to the analysis with reduced weight rather than
being excluded entirely.

5.3 Transparency and Procedural Rigor
Unlike typical LLM pipelines that output opaque summaries, Au-
toMETA provides a verifiable reasoning trace linking every pooled
estimate to its page-level provenance. As illustrated in Figure 3,
every correction is logged with explicit JSON-level provenance
and document anchors, enabling full replayability of the synthesis
process. This property has direct implications for evidence-based
decision systems, where epistemic accountability—the ability to
justify why an estimate was produced—is as crucial as numerical
accuracy.

5.4 Limitations
Several limitations warrant discussion. First, the corpus is restricted
to eight cardiology meta-analyses from a single publication year;
generalization to broader biomedical or non-medical domains re-
mains to be validated. Second, the wide intervals in Table 1 (e.g.,
Δrel (%)med IQR of [3.9, 45.0] for Multi Full) reflect substantial vari-
ability across papers, indicating that performance is not yet uni-
formly reliable. Third, the accuracy–coverage trade-off identified
here suggests that the current binary inclusion mechanism (accep-
t/reject) may be suboptimal; graduated confidence scoring could im-
prove both axes simultaneously. Fourth, the gap between mean and
median Δrel (%) (40.0% vs. 6.4% for Multi Full) indicates that LLM-
level extraction errors—particularly unit-conversion mistakes—
remain a bottleneck that protocol-level enforcement alone cannot
fully address. Fifth, our evaluation uses human-authored meta-
analyses as the reference standard, but these are themselves not
error-free [27]; deviations from the human reference may occa-
sionally reflect corrections of human errors rather than system
failures—a circularity inherent to any benchmarking study in this
domain. Finally, AutoMETA assumes that the human-authored pro-
tocol is valid and complete; incomplete or conflicting protocols
could reintroduce bias in real-world applications.

5.5 Broader Implications and Future Work
Beyond meta-analysis, the principles underlying AutoMETA ex-
tend naturally to other forms of collective reasoning and model
verification. Any domain requiring protocol-faithful synthesis from
multiple textual sources—including risk assessment, policy eval-
uation, and AI benchmark aggregation—can benefit from similar
agentic coordination structures. Future work will explore (i) adap-
tive consensus mechanisms that weight agents by past accuracy, (ii)
confidence-weighted inclusion to resolve the accuracy–coverage
trade-off, (iii) alternative critique topologies beyond the current
receiving-feedback design, (iv) domain transfer experiments to
non-medical corpora, and (v) stronger extraction-level safeguards
against unit-conversion and scale-mismatch errors. Regarding (iii),
the current system revises extractions based on feedback received
from peers; we also conducted preliminary experiments with a
variant in which agents give feedback on others’ work and reflex-
ively improve their own extractions—a pathway supported by peer
assessment research showing that giving feedback yields greater
learning gains than receiving it [4, 24]. Full results are available
in our repository.1 More fundamentally, AutoMETA demonstrates
that epistemic reliability in autonomous reasoning systems depends
on distinguishing resolvable disagreement from inherent evidence
opacity—a principle that may generalize beyond scientific synthesis
to any multi-agent inference domain.

6 CONCLUSION
We presented AutoMETA, a multi-agent LLM system for au-
tonomous meta-analysis. By framing evidence synthesis as a
protocol-grounded coordination task, AutoMETA enables study-
centered agents to extract, critique, and reconcile evidence collabo-
ratively.

Quantitatively, AutoMETA achieved a median relative effect-
size error of 6.4% across eight cardiology meta-analyses, the
lowest among all configurations tested. The consistent ablation
ordering—Full (6.4%) < NoCritique (12.4%) < NoProtocol (25.1%)
< NoCrit+NoProt (28.1%)—suggests that critique and protocol en-
forcement each contribute independently to reliability, with the
directional trend holding despite wide per-paper confidence inter-
vals. Heterogeneity alignment presents a more nuanced picture: the
full system’s stricter study filtering improves effect-size accuracy
at the cost of elevated 𝑄/𝜏2/𝐼 2 deviations, an accuracy–coverage
trade-off that ablation analysis makes explicit.

These findings suggest that the reliability of autonomous
evidence-synthesis systems arises from the interaction between
procedural grounding and cooperative verification, rather than
from model scale alone. AutoMETA’s critique–revision loop re-
frames meta-analysis as an iterative, transparent reasoning process
among autonomous agents, producing auditable provenance that
links every pooled estimate to its source evidence. Beyond meta-
analysis, the same principles—protocol adherence, peer critique,
and traceable consensus—may extend to other collective reason-
ing domains. Ultimately, resolving the accuracy–coverage trade-off
through confidence-weighted inclusion represents a key next step
toward fully autonomous, human-comparable evidence synthesis.
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