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Abstract

This study proposes a stage-aware governance framework for large language models
(LLMs) that structures human oversight and accountability across different decision stages
in Al-assisted literature review systems. Large language models (LLMs) are increasingly
embedded in systematic review workflows, yet how human oversight and accountability
should be structured across different decision stages remains unclear. This study evaluates
three LLMs in a controlled two-stage literature review workflow—title-and-abstract screen-
ing and eligibility assessment—using identical evidence inputs and fixed inclusion criteria,
with outputs benchmarked against expert consensus under fully reproducible conditions
with standardized prompts and comprehensive logging. While LLMs closely matched
expert decisions during screening (precision 0.83-0.91; F1 up to 0.89; Cohen’s k 0.65-0.85),
performance degraded substantially at the eligibility stage (F1 0.58-0.65; k 0.52-0.62), indi-
cating increased epistemic uncertainty when fine-grained criteria must be inferred from
abstract-level information. Importantly, disagreements clustered in borderline cases rather
than random error, supporting a stage-aware governance approach in which LLMs auto-
mate high-throughput screening while inter-model disagreement is operationalized as an
actionable uncertainty signal that triggers human oversight in more consequential decision
stages. These findings highlight the need for explicit oversight thresholds, responsibility
allocation, and auditability in the responsible deployment of Al-assisted decision systems
for evidence synthesis.

Keywords: large language models; Al governance; human oversight; literature screening;
inter-model agreement

1. Introduction

Artificial intelligence systems are increasingly embedded in decision-making processes
across research, policy, and organizational contexts, raising critical governance questions
regarding reliability, accountability, and human oversight [1]. As Al systems begin to
influence inclusion, exclusion, and prioritization decisions, ethical concerns shift from
abstract principles to operational governance challenges, including how uncertainty is
detected, how responsibility is allocated, and when automated judgments must be escalated
to human decision-makers. These issues are particularly salient for large language models
(LLMs), whose outputs often appear authoritative despite substantial variability across
tasks, models, and decision contexts [2,3].
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Large language models (LLMs) have become integral to research workflows as versa-
tile text classification systems capable of summarizing, filtering, and structuring scientific
information. A prominent application involves their use in automated multi-stage litera-
ture review pipelines, where predefined inclusion and exclusion criteria guide progressive
screening and eligibility judgments. Recent studies show that LLM-assisted screening can
substantially reduce manual effort and achieve high sensitivity at the title-and-abstract
level, occasionally identifying relevant studies overlooked by human reviewers [4]. How-
ever, these gains are offset by elevated false positive rates and only modest reductions in
total review time. Complementary work suggests that retrieval-augmented prompting
may improve complex, criterion-driven eligibility assessments by supplying contextual
information absent from abstracts. Despite these advances, persistent concerns remain
regarding the reliability and interpretability of model outputs, as well as performance
instability across review stages, prompting strategies, and model families, underscoring the
need for governance-oriented evaluation rather than aggregate performance reporting [5].

Most existing evaluations treat LLMs as “black box” classifiers and rely on single global
metrics such as accuracy or F1 score, thereby obscuring systematic variation across distinct
stages of the review process. Such aggregation fails to address two governance-relevant
questions in evidence synthesis [6]. First, to what extent can automated inclusion and
exclusion decisions be considered reliable at different decision stages, ranging from broad
screening to high-stakes eligibility assessment? Second, how consistent are decisions across
different LLMs when identical criteria and evidence are applied, and can disagreement
itself serve as a signal of uncertainty? While prior studies often report strong screening
performance, it remains unclear whether these results generalize to eligibility decisions,
which require finer interpretive judgment and stricter adherence to methodological criteria.

To address these questions, the present study examines a controlled two-stage litera-
ture review workflow in which both screening and eligibility assessments are applied to
the same corpus of records in wearable-based health prediction research. Three widely
used LLMs—OpenAlI GPT-5-nano, Gemini 2.5-flash, and Perplexity Sonar—independently
evaluated identical title-and-abstract inputs using a standardized prompt specifying fixed
inclusion and exclusion rules. Model decisions were benchmarked against expert con-
sensus labels, enabling stage-specific performance comparison and systematic analysis
of inter-model agreement under fully logged and reproducible conditions. The study
is guided by three research questions: how accurately LLMs replicate expert judgments
across screening and eligibility stages; how consistent their decisions are across models;
and how observed disagreement and performance variation can be translated into concrete
governance mechanisms for hybrid human-Al review systems.

Unlike prior studies that merely report stage-dependent performance variation, this
study explicitly translates differences in model accuracy and inter-model disagreement into
a staged governance design logic. In doing so, disagreement is reframed not simply as an
evaluation artifact but as an operational uncertainty signal that informs when automated
decisions remain acceptable and when they must be escalated to human reviewers.

Overall, this study contributes by reframing LLM-assisted literature review not merely
as a classification task but as a staged socio-technical decision system requiring explicit
governance design. Rather than proposing a new model, it empirically demonstrates where
automated decision-making remains reliable, where it degrades, and how inter-model
disagreement can be operationalized as an uncertainty signal to guide human oversight. In
doing so, the analysis supports the development of transparent, auditable, and stage-aware
governance frameworks in which LLMs enhance scalability while human expertise retains
responsibility for consequential decisions.
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2. Related Works

Research on large language models (LLMs) for automated literature screening and
classification has expanded rapidly, forming three principal directions: (i) automated
relevance filtering, (ii) prompting and task structuring for multi-criterion decisions, and
(iii) evaluation practices that emphasize agreement, uncertainty, and reproducibility. These
research domains collectively establish the theoretical and technical basis for stage-aware
workflows in systematic literature reviews.

2.1. Automated Literature Screening

Early efforts in automated literature screening primarily relied on feature-engineered
machine learning algorithms and topic-modeling classifiers that represented documents
using handcrafted lexical features or latent semantic structures [7]. While these approaches
offered a transparent and reproducible basis for large-scale triage, their performance was
often domain-dependent and required substantial manual calibration when inclusion
criteria or corpora changed. This limitation constrained their scalability in dynamic or
interdisciplinary review environments.

Recent advances have shifted toward zero-shot or minimally supervised LLMs capable
of interpreting title-and-abstract content directly without task-specific retraining. Empir-
ical evaluations show that these models can function as secondary reviewers with high
sensitivity, complementing human screening particularly in rapidly expanding evidence
domains [8]. However, persistently high false-positive rates indicate that fully autonomous
deployment remains impractical, reinforcing the view that LLMs are best situated within
human-in-the-loop triage architectures rather than end-to-end automation.

Comparative studies further demonstrate that domain-specific and fine-tuned biomed-
ical models can match or outperform general-purpose LLMs in targeted labeling tasks
while offering improved efficiency and interpretability [9]. These findings suggest that
automated screening is not a substitute for expert judgment but a governance-sensitive
augmentation mechanism, where throughput gains must be balanced against error tol-
erance and downstream decision consequences. In addition, recent benchmark analyses
confirm that general-purpose LLMs tend to over-generalize relevance signals in early-stage
classification, while domain-adapted scientific models offer more stable and auditable deci-
sion boundaries [10,11]. This indicates that model selection itself is a governance decision
rather than a purely technical one.

2.2. Prompting Strategies and Structured Decision Tasks

Performance on complex, multi-criterion decisions—particularly eligibility assessment—has
been shown to depend strongly on prompt formulation and task structuring. Studies report
that prompts specifying explicit inclusion and exclusion criteria, constrained response formats,
and decision rationales can substantially improve both sensitivity and specificity, while also
enabling reproducible evaluation across models [10]. In this sense, structured prompting functions
not merely as a technical optimization, but as an operational governance layer that constrains
discretionary model behavior and renders decision logic auditable within hybrid human-AI
review systems.

At the same time, recent research emphasizes that prompt design itself can become
a source of systematic error or epistemic distortion if not carefully aligned with task re-
quirements. Morris (2024), for instance, cautions that overly directive or poorly specified
prompts may create an illusion of methodological rigor while masking underlying uncer-
tainty, thereby complicating rather than clarifying eligibility judgments [12]. This insight
highlights the importance of designing prompts that explicitly surface ambiguity and
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support staged human oversight, rather than assuming that stronger or more detailed
prompts alone ensure decision reliability.

In contexts where eligibility judgments depend on implicit or underspecified informa-
tion, retrieval-augmented prompting has been introduced to mitigate contextual sparsity.
By incorporating external evidence or reference material into prompts, such approaches
can stabilize model outputs and reduce inconsistency relative to purely zero-shot infer-
ence [11]. Nonetheless, these performance gains remain uneven across domains and are
often accompanied by increased system complexity and reduced transparency, raising
important questions about how to balance contextual enrichment with interpretability and
accountability.

Few-shot prompting has likewise been shown to narrow performance gaps between
commercial and open-source models, but its effectiveness depends on exemplar selection,
schema complexity, and cognitive load [13]. Collectively, this literature indicates that
prompt design is not merely a technical optimization problem but a key lever for govern-
ing reliability, interpretability, and accountability in LLM-driven decision tasks. Recent
work further emphasizes that prompt constraints serve as an external “governance layer,”
shaping how models operationalize ambiguity rather than eliminating it. This supports the
view that prompt design should be evaluated not only in terms of predictive performance,
but also in terms of its ability to reduce epistemic uncertainty and support transparent
escalation workflows [14,15].

2.3. Agreement, Uncertainty, and Reproducible Evaluation

Across computing and information science, evaluations of automated classifiers—
including LLMs—have traditionally relied on aggregate performance metrics such as accu-
racy or F1 score, often overlooking issues of stability, calibration, and epistemic uncertainty.
As a result, such evaluations provide limited guidance for decision-critical applications.
In response, recent scholarship has called for standardized tasks, transparent reporting,
and the release of auditable artifacts that document prompts, parameters, and outputs [16].
These practices form a necessary foundation for governance, because accountability cannot
be meaningfully assigned without traceable and reproducible decision processes. However,
existing work stops at measuring agreement and uncertainty, whereas our framework
operationalizes these metrics as enforceable escalation and oversight rules embedded in a
staged review architecture.

Research on human—Al teaming further demonstrates that combined system perfor-
mance is heterogeneous and highly task dependent [17]. From this perspective, model
disagreement should be interpreted not as noise but as a diagnostic signal of epistemic
uncertainty, revealing borderline cases or latent ambiguity in inclusion criteria. Agreement
measures such as Cohen’s k and cross-model consensus have therefore emerged as potential
operational indicators for triggering human review within structured workflows.

Taken together, these strands suggest that effective deployment of LLMs in evidence
synthesis requires more than performance optimization [1]. What is missing from the
literature is an integrated framework that links stage-specific performance variation and
inter-model disagreement to concrete governance mechanisms—such as oversight thresh-
olds and escalation rules—within reproducible decision systems. The present study ad-
dresses this gap by comparing screening and eligibility stages under standardized con-
ditions and demonstrating how disagreement patterns can be translated into actionable
governance signals.

To further clarify the distinct contribution of this work, we provide a structured
conceptual comparison between the proposed stage-aware governance framework and
existing human-in-the-loop and responsible Al governance approaches. While prior frame-
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works emphasize static review processes or post hoc auditing, they do not differentiate
oversight levels according to the epistemic and decision-critical characteristics of each
stage. By contrast, our framework dynamically allocates human intervention based on
observed disagreement and stage-specific performance variation, positioning it as an oper-
ational extension of responsible Al principles tailored to LLM-assisted literature review
workflows [18].

3. Methodology
3.1. Task and Workflow

Building on prior work highlighting the stage-dependent nature of LLM performance
in literature review pipelines, the present study conceptualizes the review process as a two-
stage classification workflow consisting of an initial screening stage followed by a stricter
eligibility assessment stage. Rather than treating this structure as a purely procedural
choice, we frame it as a governance-relevant decision architecture in which the conse-
quences of automated judgments differ systematically across stages. This design reflects
standard practices in systematic and scoping reviews, where broad relevance judgments
are first applied to reduce corpus size, after which more fine-grained criteria determine
final inclusion. Figure 1 provides an overview of the workflow and its main components.

Identification

» Topic: Wearable-based health prediction

* Searchlogic: (“wearable” OR “smartwatch” OR “Fitbit”) AND
(“prediction” OR “detection” OR “forecasting”) AND NOT (“antenna”
OR “PCB” OR “packaging”)

* Publication window: 2019-2022

* Articles included for screening: 250

v

Screening

* Inclusion cues:

1) Wearable/Smartwatch/fitness tracker data

2) Prediction/risk detection/classification of

health states

* Exclusion cues:

1) About wearable or physiological sensor
Decision rule: Include if all inclusion cues present and no exclusion
triggered.

v

Eligibility

* Inclusion criteria:

1) About wearable or physiological sensor

2) Predictive or risk classification model implemented

3) Quantitative performance reported
* Exclusion cues:

1) Hardware/design/usability only without predictive

outcome

2) Review or descriptive analysis without modeling
Decision rule: Compute an eligibility score from inclusion—exclusion
cues and rank articles.

Figure 1. Workflow for literature identification, screening, and eligibility assessment in the wearable-
based health prediction topic.
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Candidate records are first identified through standard bibliographic database searches
and deduplication procedures. Both screening and eligibility assessments operate on the
same title-and-abstract information, thereby holding the available evidence constant across
stages. The key distinction lies in the decision logic applied at each stage. Screening relies
on broad conceptual inclusion and exclusion criteria intended to maximize sensitivity and
minimize false negatives, whereas eligibility assessment applies stricter methodological,
population-level, and outcome-specific criteria. This contrast reflects a shift not only in task
complexity but also in decision criticality.

This design choice is analytically consequential. By fixing the underlying textual evi-
dence while varying criterion granularity, the workflow isolates the effect of task definition
on model behavior. As a result, observed performance differences can be interpreted as
changes in epistemic uncertainty rather than artifacts of additional information or prompt
variation. This approach directly addresses a limitation of prior evaluations that conflate
evidence availability, prompting strategy, and task difficulty.

From a system-level perspective, the two-stage workflow approximates realis-
tic deployment scenarios in which LLMs function as decision-support components
rather than autonomous agents. The staged structure enables explicit analysis of
where automation remains reliable, where uncertainty escalates, and where governance
mechanisms—such as human oversight and escalation rules—must be introduced to main-
tain decision accountability.

3.2. Corpus and Gold-Standard Labels

The evaluation corpus consists of peer-reviewed journal articles related to wearable-
and sensor-based health prediction, monitoring, and data-driven modeling. Records were
retrieved using structured keyword combinations linking wearable or sensor technologies
with prediction, risk assessment, behavioral monitoring, and related analytical concepts.
After retrieval, standard deduplication procedures were applied, and only English-language
publications were retained.

To establish a robust reference standard, gold-standard labels were generated through
a multi-expert annotation process consistent with best practices in systematic review
methodology. Two domain experts independently annotated all records at both the screen-
ing and eligibility stages. For screening, annotators evaluated records based solely on
title-and-abstract information using broad inclusion and exclusion criteria designed to
reflect early-stage relevance judgments.

Eligibility assessment employed the same evidence but applied a more detailed and
restrictive set of criteria. Rather than issuing a single binary verdict, annotators evaluated
each criterion separately, producing a structured representation of the decision process.
This criterion-level annotation supports transparency and enables adjudication grounded
in explicit reasoning rather than post hoc justification.

Disagreements between the two primary annotators were resolved by a third expert
who reviewed the criterion-level assessments and adjudicated final labels. This procedure
not only enhances label reliability but also preserves information about borderline cases,
which is essential for analyzing disagreement as a governance-relevant signal rather than
mere annotation noise.

3.3. Models and Prompting Setup

Three widely used large language models were evaluated under a strictly controlled
prompting protocol: OpenAl GPT-5-nano (OpenAl, San Francisco, CA, USA), Google
Gemini 2.5-flash (Google, Mountain View, CA, USA), and Perplexity Sonar (Perplexity Al,
San Francisco, CA, USA). The models were selected not to identify a superior architecture,
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but to examine whether governance-relevant patterns—such as stage-specific performance
degradation and disagreement—persist across heterogeneous model configurations. GPT-
5-nano and Gemini 2.5-flash were chosen as lightweight, efficiency-oriented variants from
two major proprietary model families, reflecting typical defaults in applied experimentation
and system prototyping [19]. Perplexity Sonar was included as a contrasting retrieval-
augmented configuration that integrates live search rather than relying exclusively on
parametric knowledge.

All models received identical inputs and instructions. For each record, the input
consisted solely of the title and abstract, accompanied by a structured prompt that specified
the task (screening or eligibility), the relevant inclusion and exclusion criteria, and a
constrained output format requiring a binary include or exclude decision. No additional
contextual information, external metadata, or task-specific tuning was provided.

All evaluations were conducted in a zero-shot setting, and each record was processed
independently to avoid cross-record contamination or memory effects. Prompts and raw
model outputs were logged in full to support reproducibility and post hoc analysis. By
fixing the criteria, evidence, and prompt structure across all models, the experimental
configuration isolates differences attributable to model architecture and retrieval capability
rather than procedural variation.

From a system-design standpoint, this setup approximates realistic deployment con-
ditions in which LLMs are integrated as interchangeable components within a decision-
support pipeline. The comparison between base and retrieval-augmented architectures
under identical task definitions allows for controlled analysis of whether access to external
information alters classification behavior when evidence constraints are otherwise fixed.

3.4. Evaluation Metrics

Model behavior was evaluated using two complementary families of metrics: (i) inter-
model agreement measures and (ii) alignment metrics relative to expert reference labels.
This dual perspective reflects the system-level objective of the study, which is not only to
assess how accurately individual models reproduce expert decisions, but also to examine
the stability and consistency of decisions across models operating under identical criteria
and evidence constraints.

Inter-model agreement metrics capture the extent to which different LLMs arrive
at the same inclusion or exclusion decisions when provided with the same inputs and
task definitions. For each pair of models, the proportion of observed agreement p, was
computed, along with Cohen’s x, which adjusts for chance agreement based on marginal
label distributions:

_ Po—Pe

R
where p, denotes the expected agreement under independent label assighments. Cohen’s
« is particularly suitable in this context because it accounts for imbalanced class distribu-
tions and provides a conservative estimate of agreement beyond raw concordance. These
agreement measures enable assessment of whether models exhibit convergent decision
behavior or diverge systematically, an issue that is central to interpreting disagreement as
either noise or a meaningful signal of uncertainty.

To evaluate how closely each model’s decisions align with the expert-derived reference
standard, standard binary classification metrics were computed. Let TP, FP, TN, and FN
denote true positives, false positives, true negatives, and false negatives, respectively. Based
on these quantities, precision, recall, F1 score, and specificity were calculated as follows:

TP TP

Precision = ————, Recall = ——
recision TP+ P’ eca TP+ EN’
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Precision-Recall Specificity — TN
PeieY = IN T FP

Precision reflects the proportion of model-included records that are also included by

F =2
! Precision + Recall’

experts, while recall captures the model’s ability to identify expert-included records. The
F1 score provides a balanced summary of these two dimensions, and specificity quantifies
the correct exclusion of records deemed irrelevant by experts. Together, these metrics
characterize trade-offs between sensitivity and selectivity that are particularly salient in
literature review workflows. All metrics were computed separately for the screening and
eligibility stages to avoid conflating performance across tasks with distinct objectives and
decision thresholds. This stage-specific reporting aligns with prior calls to move beyond
single aggregate metrics and to explicitly account for task granularity in the evaluation
of Al-assisted decision systems. All analyses were implemented in Python 3.13 using
standard scientific computing libraries, ensuring transparency and reproducibility of the
evaluation process.

Beyond conventional alignment metrics, the present study introduces three opera-
tional indicators to quantify epistemic and model-induced uncertainty in LLM-assisted
review workflows. First, the Inter-Model Disagreement Rate (IMDR) captures the propor-
tion of records for which different LLMs produce conflicting include/exclude decisions.
Higher IMDR values indicate increased epistemic uncertainty at that stage. Second, a Con-
fidence Proxy Score (CPS) is computed based on the internal consistency of each model’s
output (e.g., the stability of reasoning patterns and response completeness). This serves
as a lightweight reliability signal without requiring model calibration. Third, a Logical
Consistency Check (LCC) evaluates whether the model’s decision aligns coherently with
the predefined inclusion and exclusion criteria embedded in the prompt. Records failing
the LCC are flagged as high-risk and automatically routed for human review. Together,
these indicators allow the workflow to operationalize uncertainty not as an abstract concept
but as a measurable signal that guides adaptive human oversight across review stages.

As illustrated in Figure 1, the proposed governance signals (IMDR, CPS, and LCC)
are embedded within the multi-stage review workflow. IMDR and CPS operate during the
screening stage to quantify epistemic and model-induced uncertainty, while LCC is applied
at the eligibility stage as a structural validity checkpoint that triggers mandatory human ad-
judication when eligibility criteria cannot be reliably inferred from abstract-level evidence.

4. Results
4.1. Inter-Model Agreement

Table 1 summarizes pairwise agreement and Cohen’s k coefficients among the three
evaluated models. Agreement is consistently highest during the screening stage, where
pairwise observed-agreement percentages range from 82 to 92 percent. The associated
k coefficients (0.65-0.85) fall within the substantial-agreement range of conventional in-
terpretive guidelines, confirming that, despite architectural differences, all three systems
applied remarkably similar inclusion/exclusion boundaries when operating under broad
conceptual criteria. The high degree of concordance suggests that coarse-grained relevance
judgments rely predominantly on shared statistical priors embedded within general LLM
training data, rather than unique domain representations.

In contrast, agreement decreases noticeably during the eligibility stage. For this
more stringent decision level, observed pairwise agreement drops into the 76-81 percent
range, while k falls to 0.52-0.62—moderate at best. The most prominent decline occurs for
the OpenAI-Gemini pair, where k decreases from 0.847 (screening) to 0.624 (eligibility).
Similarly, the OpenAl-Perplexity comparison yields k values of 0.707 (screening) and
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0.518 (eligibility), while the Gemini—Perplexity pair shows the lowest absolute agreement
across stages (k = 0.653 and 0.527).

Table 1. Inter-model agreement for screening and eligibility decisions.

Model Pair Stage Agreement Cohen’s k

OpenAl- Screening 92.4% 0.847
Gemini Eligibility 81.3% 0.624
Screening 85.2% 0.707

OpenAl-Perplexity —
Eligibility 76.8% 0.518
Screening 82.4% 0.653

Gemini-Perplexity —
Eligibility 76.4% 0.527

These consistent downward trends reinforce the notion that as decision criteria become
more narrowly specified and multi-dimensional, architectural or training-data differences
among LLMs are amplified. In eligibility assessment, subtle interpretive disparities—for
instance, how models weigh methodological relevance or population specificity—translate
into divergent labeling decisions. The eligibility task thus acts as a magnifier of intrin-
sic variability, revealing where instruction-following generalizes well and where context
inference remains brittle.

Importantly, the high screening-stage k values affirm that under well-defined broad
prompts, even lightweight configurations yield relatively stable cross-model behavior.
This supports the earlier methodological claim that prompt structuring and clarity are
sufficient to harmonize model judgments for high-recall triage scenarios. Conversely, the
eligibility results indicate that identical prompt templates are insufficient to fully align
reasoning trajectories once subtler inferential elements, such as implied methodological fit,
become determinative.

The observed differences in Cohen’s k across review stages are not merely descriptive
but directly inform the governance implications of the study. In screening, k values above
0.70 indicate that model decisions indicate substantial consistency with expert judgments
under the present setup and may support high-recall triage with bounded oversight,
depending on the review’s risk tolerance. By contrast, the decline of k below 0.60 in the
eligibility stage signals a transition from reliable automation to decision contexts requiring
human adjudication. These stage-specific variations demonstrate that agreement is not only
a performance metric but also a governance boundary that determines when automated
decisions remain acceptable and when they must be escalated for expert review.

4.2. Alignment with Expert Labels

The comparative analysis against expert annotations provides a complementary per-
spective on model accuracy and bias across LLMs. Table 2 reports precision, recall, F1 score,
and specificity for each model and review stage. Overall, the results support the stage-
dependent pattern outlined in Section 3, showing strong alignment with expert judgments
during screening and a pronounced decline during eligibility assessment.

During the screening stage, all evaluated systems exhibit robust agreement with
human reviewers. Precision ranges from 0.83 to 0.91, recall from 0.79 to 0.87, and F1 scores
from 0.81 to 0.89, while specificity remains consistently high (0.89-0.93). These results
indicate effective filtering of clearly irrelevant records and reliable identification of relevant
literature. Among the models, OpenAI GPT-5-nano achieves the highest screening F1 (0.89),
followed closely by Gemini 2.5-flash (0.86), with Perplexity Sonar showing slightly lower
F1 but comparable recall, likely reflecting its retrieval-augmented inference.

https:/ /doi.org/10.3390/systems14020153


https://doi.org/10.3390/systems14020153

Systems 2026, 14, 153 10 of 15
Table 2. Screening performance across LLM models.
Symbol Stage Precision Recall F1 Specificity
Py Screening 0.91 0.87 0.89 0.93
t
1% Eligibility 0.56 0.78 0.65 0.57
ct Screening 0.88 0.84 0.86 091
St Eligibility 0.55 0.73 0.63 0.58
er Screening 0.83 0.79 0.81 0.89
u Eligibility 0.50 0.69 0.58 0.52
B Screening 0.87 0.83 0.85 091
v Eligibility 0.54 0.73 0.62 0.56

Under broad inclusion criteria, all models approximate expert-level screening deci-
sions with minimal systematic bias. High recall values (>0.80) suggest a conservative
inclusion tendency that prioritizes sensitivity over precision, a desirable characteristic for
early-stage triage aimed at minimizing false negatives. The close clustering of screening F1
scores across architectures further corroborates prior findings that diverse foundation mod-
els can achieve near-human performance in automated relevance filtering when prompts
and criteria are consistently specified.

In contrast, performance deteriorates substantially at the eligibility stage, where deci-
sion granularity increases, and abstract-level evidence becomes insufficient for resolving
multi-criterion distinctions. Across models, F1 scores fall to 0.58-0.65, accompanied by
reduced precision (0.50-0.56) and specificity (0.52-0.58). Despite these declines, recall re-
mains moderate (0.69-0.78), indicating that models continue to favor inclusion even when
stricter eligibility criteria are applied. OpenAl GPT-5-nano and Gemini 2.5-flash exhibit
comparable proportional reductions in F1, while Perplexity Sonar maintains slightly higher
recall but does not compensate for lower precision, consistent with prior observations that
LLMs struggle when eligibility depends on sparse or implicit contextual information.

Aggregated across models, the results reveal a consistent divergence between screen-
ing and eligibility performance, with high mean screening accuracy (F1 = 0.85) and moder-
ate eligibility accuracy (F1 = 0.62). Taken together with agreement results, this divergence
demonstrates that both model-to-model and model-to-expert coherence decrease as de-
cision stakes increase. These findings empirically justify a governance strategy in which
automation is concentrated at low-risk screening stages, while eligibility decisions are sub-
ject to explicit human oversight triggered by elevated disagreement and reduced alignment
with expert judgment.

Taken together, these stage-dependent performance and agreement patterns highlight
a clear boundary for the deployment of LLM-assisted review systems. The consistently
higher agreement and accuracy observed during screening suggest that automation can be
applied at early stages with bounded risk. In contrast, the decline in both alignment and
inter-model consistency at the eligibility stage underscores the need for explicit human
oversight and escalation. These results therefore support the adoption of stage-aware
governance strategies that allocate automation and expert review differentially across
screening and eligibility decisions. This staged differentiation provides an empirically
grounded foundation for designing hybrid human-AI decision architectures that optimize
both efficiency and reliability in systematic review workflows.
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5. Discussions

The present study demonstrates that large language models exhibit clearly stage-
aware behavior when embedded in a two-stage literature review workflow based on
title-and-abstract evidence, with direct implications for the governance of Al-assisted deci-
sion systems. During the screening stage, all evaluated models achieved high precision,
specificity, and substantial inter-model agreement, indicating that when relevance judg-
ments rely on broad topical signals, heterogeneous LLM architectures tend to converge on
similar decision boundaries. From a governance perspective, this convergence identifies
early-stage screening as a low-criticality decision environment in which automation can
be deployed with bounded risk, provided that responsibility for downstream inclusion
decisions remains explicitly assigned to human reviewers.

In contrast, performance declined markedly at the eligibility stage despite identical
textual inputs and prompt structures. The transition from screening to eligibility introduces
stricter, multi-criterion requirements that depend on methodological and contextual details
often underspecified in abstracts. As a result, both alignment with expert labels and inter-
model agreement deteriorated. Disagreements clustered in underspecified records rather
than clearly irrelevant ones, such as studies describing sensor-based monitoring without
explicit prediction targets or analytic outcomes. This pattern is governance-relevant because
eligibility decisions are typically high-consequence and weakly reversible, making error
tolerance substantially lower than at the screening stage.

Importantly, reduced agreement at the eligibility stage should not be interpreted solely
as a limitation of LLM capabilities. Instead, the observed divergence constitutes a struc-
tured and interpretable signal of epistemic uncertainty. Because disagreement concentrates
in borderline cases that also challenge human reviewers, inter-model disagreement can
be operationalized as an explicit escalation trigger, specifying when automated decisions
must be deferred to human adjudication rather than executed autonomously. In gover-
nance terms, disagreement thus functions as a decision-control mechanism rather than a
performance artifact.

Building on this insight, we now clarify how such disagreement can be translated
into operational oversight rules. For example, a staged workflow may define an expected
range of agreement for each decision stage based on historical model performance. When
the observed disagreement among models exceeds this range, the record is automatically
escalated for expert review. Conversely, when agreement falls within this expected band,
the system can proceed with limited or sampled human oversight. This structure does
not impose fixed numerical cutoffs, but it demonstrates how disagreement can serve as a
dynamic and auditable governance threshold embedded within the review process.

To translate stage-aware governance into operational practice, the study defines a set
of procedural oversight rules that allocate human review based on observed agreement
and disagreement signals. During the screening stage, where models exhibit substantial
alignment with expert decisions, automation may proceed without intervention when
inter-model agreement exceeds a predefined threshold. When disagreement rises above
this threshold, records are escalated for human adjudication. At the eligibility stage, which
demonstrates consistently lower agreement and higher epistemic uncertainty, all borderline
or conflicting cases are automatically routed for expert review. This escalation logic ensures
that human oversight is concentrated where decision stakes and ambiguity are greatest,
thereby preserving both efficiency and accountability within hybrid human—Al workflows.
In addition, future implementations of this framework may approximate these thresholds
using pilot calibration studies or adaptive audit sampling, ensuring that escalation decisions
remain empirically grounded rather than arbitrary.
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These findings connect directly to prior work on uncertainty transparency and human-
Al collaboration, which emphasizes that users benefit when uncertainty is communicated
through interpretable cues rather than opaque confidence scores [20]. In this context, cross-
model disagreement offers a system-level uncertainty indicator that does not depend on
internal confidence calibration. The present results extend this literature by showing that
independently deployed models can collectively surface uncertainty even when individual
systems provide only binary outputs, thereby enabling governance mechanisms that are
both lightweight and model-agnostic.

Beyond uncertainty signaling, the study underscores the role of reproducible evalua-
tion and controlled system configuration as prerequisites for accountable Al deployment.
By enforcing identical criteria, prompt structures, and output formats across models, the
analysis isolates intrinsic behavioral variation from procedural noise. Comprehensive
logging of prompts and outputs further enables auditability, post hoc review, and responsi-
bility tracing, which are essential components of governance in decision-support systems
rather than optional methodological refinements.

From a theoretical standpoint, the findings contribute to three complementary streams
of research. First, they reinforce human—AlI collaboration theories by demonstrating that
effective integration depends on task-specific delegation boundaries rather than uniform
automation [2,21]. Second, they align with information science perspectives on decision
complexity, showing how information incompleteness at the abstract level structurally
elevates uncertainty for both humans and models. Third, from a cognitive offloading
perspective, the results caution against indiscriminate reliance on LLMs in high-stakes
eligibility decisions and instead support explicit governance rules that delimit where
automation ends and human responsibility begins [22].

Taken together, the findings support a governance-oriented division of labor in which
LLMs reliably accelerate early-stage screening, while disagreement-informed escalation
channels human effort toward ambiguous eligibility decisions. Rather than replacing
expert judgment, LLMs function as configurable components within a socio-technical deci-
sion system whose effectiveness depends on how uncertainty is surfaced, how escalation
thresholds are defined, and how accountability is assigned across stages.

The observed differences across models may also reflect differences in their underlying
architectural and training design choices [23]. GPT-5-nano and Gemini 2.5-flash appear to
be consistent with speed and broad generalization, which is consistent with their strong
alignment and convergence during the screening stage. However, such configurations may
yield weaker contextual inference and lower agreement during the eligibility stage, where
methodological nuance becomes critical. By contrast, Perplexity Sonar exhibits higher
sensitivity to borderline cases, which may increase recall while also introducing greater
variability in eligibility judgments. These distinctions imply that governance should be
model-sensitive: models that perform consistently under low-criticality screening can be
prioritized for high-throughput automation, whereas models that surface greater variability
in eligibility decisions warrant stricter human verification at later decision stages to manage
inclusion risk and potential bias amplification.

The framework also clarifies how specific risks identified in LLM-assisted review—such
as hallucination, bias propagation, and over-reliance on automated outputs—can be miti-
gated through stage-specific governance controls. Hallucination risk is managed by requiring
cross-model agreement or human adjudication in high-uncertainty eligibility decisions. Bias
propagation is constrained through standardized prompts and mandatory human review
when disagreement exceeds pre-specified thresholds [24]. Over-reliance is addressed by pre-
serving human accountability for consequential inclusion decisions and by routing borderline
cases to expert adjudication rather than accepting automated outputs by default. This explicit
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risk-to-control mapping strengthens the coherence and operational clarity of the stage-aware
governance model.

Finally, several avenues for future research follow this work. Future studies should
examine whether stage-dependent patterns generalize beyond wearable-based health
prediction to domains with different evidence structures. Incorporating full-text inputs,
structured rationales, or evidence highlighting may reduce ambiguity in eligibility assess-
ment. Most importantly, future research should formalize disagreement thresholds and
escalation rules—such as audit rates, sampling strategies, or responsibility checkpoints—to
translate uncertainty-aware governance from principle into operational practice.

6. Conclusions and Implications

This study examined the governance implications of deploying large language models
within a controlled, two-stage literature review workflow based exclusively on title-and-
abstract evidence. By holding inclusion criteria, prompt templates, and evidence inputs
constant across models, the analysis isolated behavioral differences attributable to decision
stage rather than procedural variation. The results demonstrate a clear stage-dependent
pattern: LLMs exhibit strong alignment with expert judgments and substantial inter-
model agreement during initial screening, but both accuracy and agreement decline when
stricter eligibility assessments are required. This divergence does not merely reflect per-
formance degradation but delineates a structural governance boundary for Al-assisted
decision-making systems. Our framework extends responsible Al and human-in-the-loop
governance by embedding measurable, stage-specific escalation rules into LLM-assisted
literature review workflows.

From a system design and governance perspective, these findings underscore the
value of stage-aware deployment strategies. Screening tasks, which rely primarily on
broad topical relevance, constitute relatively low-criticality decision contexts in which
LLM-based automation can be deployed with bounded risk. Eligibility assessment, by
contrast, exposes systematic limitations arising from information sparsity and interpretive
ambiguity. Crucially, the observed decline in agreement at later stages marks the point at
which automated decision authority should be withdrawn and responsibility explicitly
reassigned to human experts. Recognizing and operationalizing this boundary is central to
accountable Al deployment in evidence synthesis workflows.

A key practical implication of this work is the identification of inter-model disagree-
ment as an interpretable and actionable governance signal. Because disagreement concen-
trates on borderline cases that also challenge human reviewers, it provides a principled
escalation criterion for routing decisions to expert review without reliance on opaque or
poorly calibrated confidence scores. In this sense, disagreement functions not as an error
metric but as a control variable within a governance framework. Such disagreement-aware
triage supports a transparent division of labor in which LLMs manage high-volume screen-
ing, while human reviewers focus on decisions where uncertainty and consequences are
highest [25].

Beyond immediate workflow implications, the study contributes to broader theoretical
understanding of human-AlI collaboration in multi-stage decision environments. The
findings illustrate how task granularity systematically shapes the relative contribution of
automated systems and human expertise: LLMs perform reliably when decision rules are
coarse, and evidence signals are strong but struggle as tasks demand nuanced interpretation
under incomplete information. These results reinforce the view that effective Al assistance
depends less on universal performance gains than on explicit governance structures that
regulate when, where, and how automation is applied [26].
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The study also highlights reproducible evaluation practices as a foundational require-
ment for trustworthy Al systems. Consistent eligibility criteria, standardized prompt
templates, version-controlled inputs, and comprehensive logging enable clear separation
between intrinsic model behavior and procedural artifacts. Without such audit-ready
infrastructures, claims of improved Al performance cannot be meaningfully translated into
governance decisions or accountability assignments.

Several limitations and avenues for future research warrant consideration. First, the
analysis focuses on title-and-abstract evidence, which reflects common early-stage review
practice but constrains eligibility reasoning. Second, the corpus is limited to wearable-based
health prediction research, and generalization to other domains should be examined. Third,
while inter-model disagreement proved informative, future work must formalize escalation
thresholds, audit rates, and responsibility checkpoints to transform uncertainty signals into
fully operational governance rules. In addition, a future extension of this work will include
a structured scenario or simulation-based analysis to quantitatively examine how stage-
aware governance affects decision outcomes compared with uniform oversight strategies.
Such analysis would further validate the practical benefits of allocating automation and
human review differentially across screening and eligibility stages.

In conclusion, this study demonstrates that large language models are most effective
when embedded within transparent, stage-aware governance frameworks that explicitly
encode uncertainty, delegation boundaries, and accountability. Rather than positioning
LLMs as autonomous decision-makers, the findings define their role as configurable com-
ponents within socio-technical evidence synthesis systems, where scalability is achieved
through automation and reliability is preserved through structured human oversight and
reproducible evaluation.
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