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Abstract

(1) Background: Clinical trial data extraction from registries such as ClinicalTrials.gov
remains labor-intensive and error-prone, often missing critical details hidden in unstruc-
tured protocol descriptions. Large Language Models (LLMs) offer potential to automate
this process, yet systematic multi-model comparisons on real clinical trial data remain
scarce. (2) Methods: Four LLMs (OpenAl o4-mini-high, Anthropic Claude-Sonnet-4,
Google Gemini 2.5-Pro, and Meta Llama-4-Maverick) extracted brain stimulation parame-
ters from 67 transcranial direct current stimulation (tDCS) trials in Parkinson’s disease via
a structured JSON schema. Pairwise inter-model agreement was quantified with Cohen’s
Kappa and percentage agreement across binary, categorical, and multi-component task
tiers. (3) Results: Under exact-string matching, agreement was near-perfect for binary clas-
sifications (non-invasive classification: 100%; brain stimulation presence: 99.3%, x = 0.50)
and substantial for categorical extractions (primary stimulation type: 96.4%, x = 0.70), but
fell to 48.6% (x = 0.43) for complex anatomical targets. Numeric parameters revealed model-
specific strengths: 04-mini-high and Claude-Sonnet-4 achieved perfect duration agreement
(r = 1.000, n = 19) while Llama-4-Maverick diverged substantially (r < 0.12). Validation
against an expert gold standard (100% inter-annotator agreement on a 20-trial overlap)
confirmed high extraction accuracy across all features (mean 93.7-98.9%). Crucially, the low
agreement on anatomical targets proved to be an artifact of exact-string scoring: under the
same semantic matching used to measure accuracy, inter-model agreement rose to 97.0%,
coinciding with the 95.5% expert accuracy. Inter-model agreement therefore tracks accuracy
once both are measured on a common basis. (4) Conclusions: Exact-string inter-model
agreement decreases with task complexity, but this decline largely reflects interchangeable
free-text wording rather than reduced accuracy. Evaluated semantically, agreement and
expert accuracy are both high and closely aligned. A residual risk is not low accuracy but
the rare error shared across all models, which agreement cannot detect, and which overall
accuracy can itself mask when one class dominates. These findings inform hybrid human-
Al systematic review pipelines in which targeted expert oversight focuses on shared-error
and minority-class detection.

Keywords: clinical trial data extraction; large language models; neuromodulation;
transcranial direct current stimulation; API integration; systematic review methodology;
Parkinson’s disease; evidence synthesis; research automation
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1. Introduction

Clinical trials constitute the foundation of evidence-based medicine, providing es-
sential data on therapeutic safety and efficacy [1,2]. ClinicalTrials.gov, maintained by
the National Library of Medicine at the National Institutes of Health, contains over
400,000 records from studies conducted worldwide, representing an invaluable reposi-
tory of clinical evidence [3]. However, extracting and synthesizing data from these records
remains a significant challenge. Traditional systematic reviews rely on keyword-based
searches and manual data extraction, processes that are labor-intensive, prone to human
error, and can require months to complete [4,5]. Critical information (such as stimulation
parameters, dosing protocols, or patient stratification criteria) often resides in unstructured
text fields, necessitating extensive human curation [6,7]. This bottleneck delays the trans-
lation of research findings into clinical practice and impedes timely updates to treatment
guidelines. The growing volume and complexity of clinical trial data demand automated
solutions capable of accurate, scalable extraction.

Large Language Models (LLMs) have emerged as promising tools for automating
clinical data extraction [8]. Recent foundational models, including OpenAl’s 04-mini-
high [9], Anthropic’s Claude-Sonnet-4 [10], Google’s Gemini 2.5-Pro [11], and Meta’s
Llama-4-Maverick [12], exhibit capabilities extending well beyond conventional lexical
matching. According to the New England Journal of Medicine AI [13], these models
could transform scientific research. However, concerns regarding accuracy, reliability,
and hallucinations persist [14,15].

Prior research has demonstrated LLM potential in clinical contexts [16,17]. Stuhlmiller
et al. [18] developed a scalable method for validated data extraction from electronic health
records, while Konet et al. [19] reported that Claude 2 and GPT-4 achieved high accu-
racy extracting pre-specified data elements from clinical trials. Ntinopoulos et al. [20]
reported greater than 98% accuracy for 18 LLMs evaluated on synthetic cardiac notes,
and Khan et al. [21] achieved 94% accuracy using collaborative LLM workflows on struc-
tured clinical trial variables. Most directly relevant, our group previously benchmarked
five prior-generation LLMs for tDCS protocol extraction from aging-related trials [5].
The present study advances that line in three respects: it evaluates four current-generation
frontier models (04-mini-high, Claude-Sonnet-4, Gemini 2.5-Pro, and Llama-4-Maverick),
targets Parkinson’s disease (PD) rather than aging cohorts, and, most importantly, intro-
duces an explicit, complexity-stratified characterization of how inter-model agreement
degrades across binary, categorical, and multi-component extraction tasks, a relationship
not previously quantified.

This work sits within a rapidly expanding literature on LLM-based clinical evidence
extraction, yet none of the recent studies occupies its specific intersection. A growing body
of work pairs inter-model concordance with a human gold standard. Lai et al. [22] re-
ported almost-perfect inter-model agreement (x = 0.88) alongside 95-97% accuracy against
a methodologist standard for complementary-medicine trials, and Liu et al. [23] coupled a
structured multi-item schema with a 94.8% correctness rate. Both Courvoisier et al. [24]
and van der Loo et al. [25] formalized two-pronged designs combining multi-model agree-
ment with gold-standard accuracy, in abstract-classification and cardiovascular domains
respectively. The closest independent analog is a consensus LLM pipeline that extracted
complexity-graded variables across OpenAl, Anthropic, and Google model families. Ad-
ditionally, it validated them against clinician-adjudicated error in multiple sclerosis and
reached expert-grade reliability through model agreement [26]. The present work differs
in that it pairs four single-vendor extractions with chance-corrected, complexity-stratified
agreement statistics on registry records rather than fusing them by consensus. A com-
plementary line of evidence cautions that agreement is not accuracy: the MedEvidence
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benchmark showed that models can be jointly consistent yet wrong, lacking scientific
skepticism [27]. Mao et al. [28] scored four frontier platforms, including Claude and
Gemini, against expert-rated trial conclusions using two independent raters, a structural
template close to the validation design adopted here. Methodologically, our three-tier
complexity framing is mirrored by Murin [29], who identified the binary-versus-multi-way
schema distinction as the largest single source of extraction disagreement, and is corrobo-
rated by accuracy studies showing numeric fields to be harder than string fields [30] and
subjective tasks harder than objective ones [31]. Our use of Cohen’s and Fleiss” kappa as a
multi-model reliability signal follows Jain et al. [32], and our interpretation of the kappa
paradox under high class prevalence is informed by the documented self-inconsistency
of LLM judges across runs [33] and recent guidance on agreement-metric selection [34].
Against this landscape, the present study is, to our knowledge, the first to benchmark four
frontier commercial and open-weight LLMs on schema-constrained extraction directly from
ClinicalTrials.gov registry records in a neuromodulation (tDCS in PD) domain. With the
addition of an expert gold standard, it further tested whether the systematic decline of
inter-model agreement with task complexity tracked a corresponding decline in correctness.

Beyond these directly comparable studies, a broader benchmarking literature estab-
lishes that no single LLM dominates across biomedical and clinical trial extraction tasks,
with different systems excelling on different tasks and datasets [35,36], motivating our
second hypothesis of model-specific rather than uniform superiority. High run-to-run con-
sistency need not imply correctness [37], so validating extractions against an expert-curated
standard, not inter-model agreement alone, has been demonstrated for movement-disorder
case reports and large-scale clinical pipelines [38,39], with Cohen’s kappa increasingly used
to quantify LLM-human reliability [40].

Transcranial direct current stimulation (tDCS) represents an exemplary test case for
evaluating LLM extraction capabilities. This non-invasive brain stimulation technique mod-
ulates cortical excitability through mechanisms involving synaptic plasticity or changes
in neuronal activity [41,42]. Applied to brain areas such as the primary motor cortex
(M1) [43,44], supplementary motor area (SMA) [45,46], dorsolateral prefrontal cortex
(DLPEC) [47], and cerebellum [48], tDCS has shown promise as an adjunct treatment
for PD. While not all studies demonstrate positive effects [49,50], the majority of the litera-
ture reports motor skill improvements averaging approximately 10-15% following tDCS
applied at 1-2 mA for 20 min over one or more days [51,52]. Due to the large volume
of research on tDCS for PD over the past decade and the heterogeneity in methodology
employed, this represents a research area where emerging interventions could benefit from
more rapid and thorough data extraction [53,54].

Despite these advances, critical gaps remain. Most published LLM benchmarks
focus on structured or synthetic data (e.g.,, GLUE [55], SuperGLUE [56], MMLU [57]),
overlooking the complexity inherent in real clinical protocols [58]. Systematic evaluations
involving unstructured, protocol-level data, including stimulation parameters, anatomical
targets, and multi-component interventions, remain scarce. Furthermore, conventional
database searches exhibit substantial variability: identical queries on ClinicalTrials.gov
yield 30 to 72 results depending on syntax variations such as apostrophe usage or Boolean
operators [59], highlighting limitations of keyword-based retrieval.

What remains unclear is at what level of protocol complexity multiple LLMs begin to
diverge when extracting authentic clinical trial data, a gap that matters because understand-
ing model-specific strengths and failure modes is essential for designing reliable, scalable
extraction systems.

The primary purpose of this study was to evaluate inter-model agreement among
four LLMs (04-mini-high, Claude-Sonnet-4, Gemini 2.5-Pro, and Llama-4-Maverick) for
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extracting clinical trial data from ClinicalTrials.gov, using tDCS trials in PD as a test case. It
was hypothesized that inter-model agreement would decrease as extraction task complexity
increased, with higher agreement for simple binary classifications (e.g., brain stimulation
presence, invasiveness), moderate agreement for categorical extractions (e.g., stimulation
type), and lower agreement for complex multi-component tasks (e.g., anatomical targets,
numeric parameters). It was further hypothesized that different LLMs would demonstrate
distinct strengths across task types, with no single model outperforming across all ex-
traction categories, reflecting differences in training data, architecture, and optimization
objectives. A third question concerned whether the decline in inter-model agreement
reflects a corresponding decline in accuracy. The extractions were therefore validated
against an expert-annotated gold standard to determine whether inter-model agreement is
a reliable surrogate for correctness. To test these hypotheses, a structured JavaScript Object
Notation (JSON) schema was deployed across all four models, with inter-model agree-
ment quantified using Cohen’s Kappa and percentage agreement metrics and accuracy
benchmarked against expert annotations.

2. Materials and Methods
2.1. Data Source and Collection

Clinical trial data related to PD were collected from ClinicalTrials.gov using the Appli-
cation Programming Interface (API) v2 on 5 July 2025. ClinicalTrials.gov is a comprehensive
registry maintained by the National Library of Medicine (NLM) at the National Institutes of
Health (NIH), Bethesda, MD, USA, and provides access to information on publicly and pri-
vately supported clinical studies conducted worldwide. The data collection process utilized
the following search parameters: Primary condition: “Parkinson”; search fields: both condi-
tion and title fields were queried; API endpoint: https:/ /clinicaltrials.gov/api/v2/studies
(accessed on 5 July 2025); data format: JSON.

A systematic approach for retrieving and analyzing clinical trial data was implemented
using the ClinicalTrials.gov API (v2). The data collection pipeline was developed in Python
3.12 (Python Software Foundation, Wilmington, DE, USA), utilizing custom functions to
interact with the API's endpoints [60,61]. The primary data retrieval function was designed
to handle large-scale data collection through paginated requests, with configurable batch
sizes up to 1000 records per request to optimize retrieval efficiency while respecting API
rate limits. A total of 4201 clinical trial records were retrieved and analyzed. The dataset
contained comprehensive information for each clinical trial, including study identifiers
(NCT IDs), study design information, intervention details, eligibility criteria, study status
and timeline, location information, and outcome measures (see Appendix A for complete
list of API fields). The quality and completeness of the dataset were assessed, resulting in
3707 records (88.2%) containing intervention data, 4201 records (100.0%) including study
summary descriptions, and 4176 records (99.4%) reporting enrollment counts.

2.2. Search Strategy and Trial Selection

Using “Parkinson’s disease and tdcs” returned only 30 studies, while “Parkinson’s
disease tdcs” (without “and”) yielded 55 studies (19-20 July 2025). The variation extended
further when comparing possessive and non-possessive forms: “Parkinson disease tdcs”
returned 62 studies, “Parkinson’s disease” as the condition and “tdcs” as the intervention
returned 64 studies, while “Parkinson disease” as the condition and “tdcs” as the inter-
vention yielded 72 studies (19-20 July 2025). This variability in search results exemplifies
how the current clinical trials database interface can hinder researchers and the public
from accessing timely and accurate information. These counts are reported to illustrate

interface-driven variability and to motivate a systematic, reproducible retrieval strategy.
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They are not a formal evaluation of retrieval recall or precision, which was beyond the
scope of this study.

To ensure comprehensive coverage, a case-insensitive regex filter for the term “tdcs”
was applied across all retrieved record fields (including intervention name, intervention
description, brief summary, and detailed description), yielding 71 trials. In routine registry
practice, tDCS trials are indexed under the acronym in at least one of these fields, so the
acronym-based filter captured the relevant records. Nonetheless, protocols that describe
transcranial direct current stimulation only by its full name, with the acronym appearing
nowhere in the record, could in principle be missed, a recall limitation revisited in the
Discussion. Four trials (NCT02349789, NCT07010328, NCT03217110, and NCT03221413)
were then excluded after manual review of their protocol text, as they did not employ tDCS
as their intervention modality. This curation step was performed by a single analyst (R.J.Y.)
without an independent second rater, so the selection decision itself was not subjected to
inter-rater verification. The remaining 67 trials were selected for LLM analysis (Figure 1).

(a) Web Interface Variability (b) Systematic API Pipeline
(identical clinical query, 19-20 July 2025) (ClinicalTrials.gov API v2, 5 July 2025)
——
"Parkinson's disease and tdcs" 30
4201 Parkinson's trials
retrieved (API v2)
"Parkinson's disease tdcs" 55

v

———
Excluded 4 non-tDCS trials:

Regex filter "tdcs" NCT02349789

“Parkinson disease tdcs" 62 . I NCT07010328
- 71 candidates NCT03217110
NCT03221413

| S

"Parkinson's disease" + tdcs (interv.) 64 v
T
67 tDCS trials
analyzed
"Parkinson disease" + tdcs (interv.) 72
D ————
0 10 20 30 40 50 60 70 80

Studies returned

Figure 1. Search strategy comparison for tDCS clinical trials in PD. (a) Web interface variability
(19-20 July 2025): identical clinical queries yielded 30-72 studies depending on syntax variations
(apostrophes, boolean operators, field specifications), demonstrating limitations of traditional key-
word searches. (b) Systematic API-based extraction pipeline (5 July 2025): comprehensive retrieval of
4201 Parkinson’s trials followed by regex filtering (“tdcs”) identified 71 candidates. Manual validation
excluded 4 non-tDCS trials (NCT02349789, NCT07010328, NCT03217110, NCT03221413), yielding
67 trials for multi-LLM analysis.

2.3. Data Versioning

The data management strategy employed multiple storage formats throughout the
processing pipeline. Data were stored in Parquet format [62], read and written using
the pyarrow library (version 7.0.0), for quick access and transactions between notebooks.
Processed data were maintained in both CSV and Excel formats for accessibility. The ini-
tial stage involved extracting and storing data simultaneously in three formats: comma-
separated values (CSVs) for broad compatibility, Excel for human readability, and Parquet
for efficient computational processing.

2.4. LLM Configuration and Architecture

The analytical pipeline was implemented in Python 3.12, leveraging several key li-
braries for specific functionalities. The pandas library (version 1.3.0) [63] handled data
transformation, numerical operations were performed using NumPy (version 1.20.0) [64],
and LLM API calls were executed using the requests library (version 2.25.0) via Open-
Router’s OpenAl-compatible endpoints. Statistical analyses were carried out using
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scikit-learn (version 1.0.0), and all figures were produced with Matplotlib (version 3.4.0)
and seaborn (version 0.11.0).

The analysis framework incorporated four LLMs accessed through the OpenRouter
API infrastructure, similar to methodology used by Khan et al. [65] and Young et al. [5]
(Figure 2). OpenRouter is an LLM gateway site that allows API requests to route to dif-
ferent models or providers, allowing for better consistency and control. The first model,
04-mini-high (OpenAl, San Francisco, CA, USA) [9], was chosen because it is OpenAl’s
newer model and is frequently used in clinical applications despite being closed-source,
providing a strong foundational benchmark for evaluation. O4-mini-high was config-
ured with a maximum context window of 100,000 tokens and, as a reasoning-focused
model, was queried without temperature settings. Certain models support temperature
and others do not. If the model supported temperature, it was set to 0.5 [66]. The sec-
ondary model, Claude-Sonnet-4 (Anthropic, San Francisco, CA, USA), was selected due
to its safety-first design philosophy and large context window of 100,000 tokens, which
is beneficial for analyzing detailed clinical trial descriptions. It also utilized a temper-
ature setting of 0.5. The third model was Google Gemini 2.5 Pro (Google, Mountain
View, CA, USA) with a temperature setting of 0.5 and a max token limit of 100,000. Fi-
nally, Llama-4-Maverick Instruct (Meta, Menlo Park, CA, USA) [67] was included because
it is open-source and could be embedded into clinical applications or deployed locally,
thus offering an alternative architectural perspective to the analysis. A temperature of
0.5, rather than fully deterministic decoding (temperature 0), was applied to temperature-
supporting models to balance reproducibility against the flexibility required to interpret het-
erogeneous, non-standardized protocol phrasing. O4-mini-high, as a reasoning-optimized
model, does not expose a temperature parameter and was queried in its default configu-
ration. Each model generated a single response per trial. Repeated sampling to quantify
within-model output variability was not performed, a constraint addressed in the Discus-
sion. To support reproducibility despite the rapid deprecation of commercial model ver-
sions, the exact model identifiers (openai/o4-mini-high, anthropic/claude-sonnet-4,
google/gemini-2.5-pro, and meta-llama/llama-4-maverick, as routed by OpenRouter
at the time of analysis) and all raw model outputs are archived in the public repository.

2.5. Prompt Design and [SON Schema

For each clinical trial, the DetailedDescription field (or BriefSummary when unavail-
able) was extracted directly from the ClinicalTrials.gov API response and passed as context
to each LLM. This approach provided the model with the complete protocol descrip-
tion as registered, enabling determination of brain stimulation presence and associated
parameters [68,69]. A clear directive was provided: “Analyze whether brain stimulation
was used in this trial. If so, provide details.” This instruction explicitly informed the
LLM of the required output scope (i.e., binary classification of brain stimulation usage
and associated details). Careful phrasing minimized ambiguity and guided the model to
generate precise, relevant information [70-72].

A structured JSON schema was employed to capture the following information: binary
classification of whether brain stimulation was used (“brain_stimulation_used”: “Yes”,
“No”, or “Unknown”); technical parameters including the primary stimulation type, an in-
vasiveness flag (“is_noninvasive”), target brain regions, and session details; confidence
level of the model’s determination (“confidence_level”: “High”, “Medium”, or “Low”);
and relevant quotes grounding the model’s assertions in the source text, offering trans-
parency into its decision-making process [73]. The complete prompt and JSON schema are
reproduced in Appendix B.
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JSON validation and retry logic handle malformed responses and transient errors.

Figure 2. LLM analysis workflow for clinical trial data review. A standardized prompt was
processed through four language models (04-mini-high, Claude-Sonnet-4, Gemini-2.5 Pro, and Llama-
4 Maverick), with results aggregated to produce comprehensive trial assessments. Dashed lines
indicate a suggested aggregation process.

The final prompt architecture was designed to ensure consistent, structured responses
from LLMs, particularly when extracting information about brain stimulation in clinical tri-
als. By implementing this architecture, unstructured variance in LLM outputs was reduced
and alignment with downstream analysis requirements was ensured [74,75]. Responses
that did not conform to the schema or omitted a field were recorded as missing for that field
rather than imputed. Accordingly, inter-model agreement was computed pairwise over
the trials for which both models returned a value. In the accuracy analysis (Section 3.6),
by contrast, a field a model left unextracted or labeled “Unknown” was scored as an error
against the expert value. The schema fields were chosen to span the three complexity tiers
under study: a binary presence flag, categorical modality and target fields, and numeric
stimulation parameters. These fields were grounded in the tDCS-in-Parkinson’s litera-
ture (current intensity, session duration, and common cortical targets such as M1, SMA,
and DLPFC), and the full field set was reviewed before deployment by the study’s domain
expert in transcranial brain stimulation (B.P.). A single canonical prompt and schema were
issued to all four models to hold the instruction constant across systems. Consequently,
no prompt-paraphrase or schema-variant sensitivity analysis was performed, and the
robustness of extraction to alternative phrasings remains unquantified (see Limitations).

2.6. Statistical Analysis

Agreement between model pairs was quantified using Cohen’s Kappa (x) for cat-
egorical variables, interpreted according to Landis and Koch [76]: ¥ < 0.00 indicates
poor agreement, 0.00-0.20 slight, 0.21-0.40 fair, 0.41-0.60 moderate, 0.61-0.80 substantial,
and 0.81-1.00 almost perfect agreement. Cohen’s x was undefined for any field that is
invariant across raters, where every observation falls in a single category. With no marginal
variance to correct for, such fields are reported with percentage agreement and x marked
as undefined rather than as 1.00. Percentage agreement was calculated as the proportion
of concordant responses. Wilson score intervals provided 95% confidence intervals (Cls)
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for percentage agreement and for percentage accuracy against the gold standard. Pairwise
Cohen’s Kappa captures only two raters at a time, so multi-rater agreement across all
four models was additionally quantified using Fleiss” Kappa and Krippendorft’s « for
categorical features and the intraclass correlation coefficient (ICC) for numeric parameters.

For numeric parameters (intensity in mA, session duration in minutes), Mean Absolute
Error (MAE) and Root Mean Square Error (RMSE) quantified extraction differences between
model pairs, with Pearson correlation coefficients assessing linear relationships. Numeric
values were normalized to a common unit (milliamperes for intensity, minutes per session
for duration) before comparison. Parameters not stated explicitly in the source text were
recorded as “Not stated” and excluded from the error computation rather than imputed.
The numeric metrics are therefore defined only over trials in which both compared raters
(two models, or a model and the expert) reported an explicit value. Agreement patterns
were visualized using confusion matrices and scatter plots.

Task complexity was operationalized using a three-tier classification: Level 1 (Simple)
included binary yes/no classifications with unambiguous criteria (brain stimulation pres-
ence, invasiveness); Level 2 (Moderate) included categorical extractions from constrained
option sets (primary stimulation type, confidence level); Level 3 (Complex) included multi-
component extractions requiring integration of distributed information (anatomical targets,
numeric parameters with unit conversion). The hypothesized decline in agreement across
these tiers was characterized descriptively, by comparing mean percentage agreement at
each complexity level. The pairwise agreement values are not mutually independent (each
of the four models contributes to multiple pairs), so inferential tests that assume indepen-
dent observations were deliberately not applied, as they would overstate the available
degrees of freedom. Finally, to assess accuracy rather than concordance alone, a domain
expert (B.P.), whose published research program centers on transcranial brain stimulation
of the motor cortex [77,78], annotated all 67 trials from the same source text supplied to the
models, yielding the expert gold-standard annotations (Supplementary File S1). To confirm
these expert annotations were reproducible rather than idiosyncratic, a second annota-
tor (R.].Y.) independently coded a 20-trial overlap to establish inter-annotator reliability
(Cohen’s «; Supplementary File 52). Each model’s extractions were scored against this
gold standard as percentage accuracy for categorical features and as mean absolute error
against the expert-recorded values for numeric parameters. Anatomical targets and stim-
ulation types were compared after normalization against a fixed lexicon (Supplementary
File S3) that mapped each observed surface form to its canonical anatomical target or tDCS
variant. The same lexicon was applied identically to the model outputs and the expert
annotations. The annotation fields and their permitted values are specified in the codebook
(Supplementary File 54). To distinguish genuine extraction differences from interchange-
able wording, inter-model agreement on the free-text fields was additionally recomputed
under this same normalization and compared against exact-string agreement (Section 3.6).
Overall accuracy can be misleading when one class dominates, so each categorical field
was additionally summarized by a macro-averaged F; score: the unweighted mean across
classes of the per-class Fj, which is the harmonic mean of the class’s precision and recall.
Reporting macro-F; alongside accuracy surfaces the minority-class precision and recall that
an aggregate accuracy can conceal.

2.7. Ethical Considerations

All data analyzed in this study were obtained from ClinicalTrials.gov, a publicly
accessible database. No human subjects were directly involved in this research; therefore,
Institutional Review Board approval was not required. All clinical trial records are de-
identified and publicly available under federal regulations. The study adhered to principles
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of data integrity and transparency, with all analysis code and processed datasets made
available for verification.

3. Results

To examine whether LLM agreement varied by extraction task complexity (Hypothesis 1)
and whether model-specific differences existed (Hypothesis 2), pairwise agreement analyses
were conducted across all four models. These agreement results were then evaluated against
an expert gold standard (Section 3.6).

3.1. Overall Agreement Patterns

Table 1 and Figure 3 summarize inter-model agreement, computed under exact-string
matching, across extraction tasks, organized by complexity level. Binary classifications
achieved the highest agreement: non-invasive classification reached 100% agreement
(Cohen’s x undefined, every model that returned a value returned “non-invasive”, so
the field is invariant and x has no negative class to correct for; 95% CI for percentage
agreement: 94.4-100.0%), while brain stimulation detection achieved 99.3% agreement
(x = 0.50, 95% CI: 92.0-100.0%) (the disparity between high percentage agreement (99.3%)
and moderate x (0.50) for brain stimulation detection reflects the well-documented kappa
paradox under high class prevalence: when one class dominates (66 of 67 trials classi-
fied “Yes”), a single discordant observation disproportionately reduces x even when raw
concordance remains near-perfect [79]). Categorical extraction of primary stimulation
type maintained substantial agreement at 96.4% (x = 0.70, 95% CI: 89.3-99.1%). Models’
self-reported confidence assessments agreed at 92.0% (Table 1). Since this field reflects
each model’s internal certainty in its own determination rather than a substantive clinical
extraction, only percentage agreement was reported and Cohen’s ¥ was marked not appli-
cable. Complex anatomical target extraction showed markedly lower agreement at 48.6%
(x = 0.43, 95% CI: 36.7-60.7%). As the gold-standard validation establishes (Section 3.6),
this exact-string value rose to 93.9% on the same named-target trials once anatomical syn-
onyms (e.g., “M1” and “primary motor cortex”) were treated as equivalent. The low figure
reflected interchangeable wording rather than disagreement about the underlying target.

Table 1. Overall agreement summary across extraction tasks by complexity level. Cohen’s « is
reported as undefined (undef.) for the non-invasive field, which is invariant across all model outputs
(every observation falls in a single category, leaving no marginal variance to correct for); percentage
agreement remains fully informative.

Complexity Feature Agreement (%) 95% CI  Cohen’s «

Simple Non-invasive Classification 100.0 94.4-100.0 undef.
Simple Brain Stimulation Presence 99.3 92.0-100.0 0.50
Moderate Primary Stimulation Type 96.4 89.3-99.1 0.70
Moderate Confidence Assessments 92.0 83.2-96.5 n/a
Complex Primary Stimulation Target 48.6 36.7-60.7 0.43

Multi-rater agreement across all four models corroborated the pairwise pattern: Fleiss’
Kappa and Krippendorff’s « agreed closely on every feature (0.66/0.66 for brain stimulation
presence, 0.70/0.69 for primary stimulation type, 0.43/0.43 for primary anatomical target,
and 0.59/0.59 for secondary anatomical target; non-invasive classification was invariant
across all models and is therefore undefined). For numeric parameters, the intraclass corre-
lation coefficient indicated substantial average-measures agreement for session duration
(ICCyx = 0.70, n = 19) and perfect agreement for stimulation intensity (ICC=1.00, n = 8
trials with a parseable value from both compared models; per-model coverage against
the expert was 8-10). Descriptively, mean pairwise agreement declined across the three
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complexity tiers: 99.3% and 100% on the simple binary fields (brain stimulation presence
and non-invasiveness), 96.4% and 92.0% on the moderate categorical fields (stimulation
type and confidence), and 48.6% on the complex anatomical target under exact-string
matching. These tier-level values are derived from non-independent pairwise comparisons
among only four models (each model contributing to multiple pairs), so the gradient was
summarized descriptively rather than with an inferential test. Such a test would treat the
correlated pairwise observations as independent and overstate the available degrees of
freedom. The pairwise and multi-rater analyses nonetheless converge on the same pattern:
inter-model agreement declines steeply as extraction complexity increases.

Inter-Model Agreement Declines with Task Complexity

100.0% 99.3%

100 v 96.4% r1.0

80

T
o
©

60

Cohen's k

40 1

Inter-model Agreement (%)

201 F0.2
k undefined k undefined
(invariant) (invariant)
0 - - - - - - - - 0.0
Non-invasive Brain Stim Stim Type Confidence Primary Target
(Simple) (Simple) (Moderate) (Moderate) (Complex)

Figure 3. Inter-model agreement patterns across task complexity levels. Agreement percentages
(bars) and Cohen’s Kappa values (line) demonstrate systematic decline from simple binary classifica-
tions (99-100%) through moderate categorical tasks (92-96%) to complex anatomical extractions (49%).
This pattern supports Hypothesis 1: LLM agreement decreases with increasing task complexity.

3.2. Brain Stimulation Detection

For binary brain stimulation detection, all six model pairs achieved at least
98.5% agreement (Figure 4). O4-mini-high, Gemini-2.5, and Claude-4 produced identical
classifications, each labeling a single trial (NCT01113086) “Unknown” and the remaining
66 “Yes”, so the three comparisons among them agreed perfectly. Llama-4-Maverick instead
returned “Yes” for all 67 trials, so each comparison involving Llama-4 differed on that one
trial (98.5% agreement). With one class so heavily dominating, the overall Cohen’s x fell to
0.50 despite 99.3% mean agreement (Table 1), the kappa paradox. Detecting whether brain
stimulation was used is thus near-perfectly concordant across models. However, as with
non-invasive classification, this near-invariance means agreement alone establishes little,
and accuracy must be judged against the gold standard (Section 3.6).

3.3. Non-Invasive Classification

All model pairs achieved 100% agreement on non-invasive classification: across
the 65 trials with a valid extraction from both models, every comparison concordantly
returned “non-invasive.” Because no model ever produced the minority (“invasive”) label,
this field is invariant and Cohen’s « is undefined. The 100% raw agreement reflects the
unambiguous framing of tDCS as non-invasive. As the gold-standard validation shows
(Section 3.6), however, this very unanimity masks the one genuinely invasive protocol
that every model misclassified, a concrete instance of the shared-error failure mode that
agreement cannot detect.
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3.4. Numeric Parameter Extraction

Table 2 and Figure 5 show the duration extraction agreement metrics. O4-mini-high
and Claude-4 demonstrated perfect agreement (MAE = 0.00, RMSE = 0.00, r = 1.000), sug-
gesting shared parsing algorithms for temporal expressions. In contrast, Llama-4-Maverick
showed systematic divergence from other models (MAE = 1.74-2.42, r = 0.05-0.11), with ex-
tracted duration values largely independent of other models’ outputs. Session duration
was reported in extractable, comparable form for only 19 of the 67 trials, and stimulation
intensity for only 8. The remaining protocols did not state these parameters in their registry
text. Pairwise numeric metrics were therefore computed only over trials in which both
compared models returned a parseable value, and the corresponding model-specific con-
clusions should be interpreted in light of these small samples. In short, numeric parameters
reveal the clearest model-specific split (04-mini-high and Claude-Sonnet-4 align exactly
while Llama-4-Maverick diverges) and are disclosed in only a minority of registry records.

Table 2. Duration extraction agreement metrics between model pairs.

Model Pair MAE RMSE Correlation n
O4-Mini vs. Gemini-2.5 0.684 2.982 0.788 19
O4-Mini vs. Claude-4 0.000 0.000 1.000 19
O4-Mini vs. Llama-4 2.421 8.137 0.048 19
Gemini-2.5 vs. Claude-4 0.684 2.982 0.788 19
Gemini-2.5 vs. Llama-4 1.737 7.571 0.112 19
Claude-4 vs. Llama-4 2.421 8.137 0.048 19

Brain Stimulation Detection: Pairwise Agreement (N=67)

04-mini-high vs Gemini 2.5 04-mini-high vs Claude 4 o04-mini-high vs Llama 4
Agreement: 100.0% Agreement: 100.0% Agreement: 98.5%
= Yes 0 o Yes 0 = Yes 0
2 2 2
= < .
£ E E
g = g
3 3 3
Unknown 0 1 Unknown 0 1 Unknown 1 0
Yes Unknown Yes Unknown Yes Unknown
Gemini 2.5 Claude 4 Llama 4
Gemini 2.5 vs Claude 4 Gemini 2.5 vs Llama 4 Claude 4 vs Llama 4
Agreement: 100.0% Agreement: 98.5% Agreement: 98.5%
Yes 1} Yes 0 Yes 0
2 2
= o 3
=1 =}
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: : g
o $) ©
Unknown 0 1 Unknown 1 0 Unknown 1 0
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Claude 4 Llama 4 Llama 4

Figure 4. Pairwise confusion matrices for brain stimulation detection. Each matrix shows agreement
between a model pair for the Yes/Unknown classification (N = 67 trials), with per-pair percentage
agreement reported above each panel. O4-mini-high, Gemini-2.5, and Claude-4 demonstrate perfect
agreement (100%, diagonal dominance), while every comparison involving Llama-4-Maverick shows
98.5% agreement, owing to the single trial (NCT01113086) that Llama-4-Maverick labeled “Yes” while
the other three models labeled “Unknown”. Non-invasive classification was concordant for all model
pairs (100% agreement; x undefined, as the field is invariant). Numbers represent trial counts; color
intensity reflects frequency.
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Session Duration Extraction: Pairwise Agreement
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Figure 5. Duration extraction scatter plots across model pairs. Each panel shows pairwise compari-
son of extracted session durations (minutes). O4-mini-high vs Claude-4 (top center) demonstrates
perfect agreement (r = 1.000, points on the identity line). Comparisons involving Llama-4-Maverick
(top right and bottom row) show marked divergence (r < 0.12), with extracted values largely inde-
pendent of other models. Dashed lines indicate perfect agreement (y = x).

3.5. Model Agreement Summary

Figure 6 presents an agreement heatmap summarizing model-specific strengths
across all evaluated features. All models achieved greater than 98% agreement on brain
stimulation detection and 100% on non-invasive classification. For stimulation type
extraction, Gemini-2.5 and Claude-4 led at 97.4%, followed by O4-mini-high (95.8%) and
Llama-4 (94.9%). Primary target extraction showed the greatest variability, with Gemini-
2.5 highest (52.6%) and Llama-4 lowest (45.1%). Secondary anatomical targets were
specified in only 9 of 67 trials, as protocols overwhelmingly named a single target.
Within this small subset, inter-model agreement fell to the lowest range of any extraction
task, comparable to or below primary-target agreement. Given the limited sample (n = 9),
this is interpreted cautiously, but it reinforces that distributed, secondary anatomical
detail is among the least reliably extracted elements and a clear candidate for human
validation. Duration agreement patterns revealed the starkest model-specific differ-
ences, with O4-mini-high and Claude-4 achieving near-perfect agreement while Llama-4
diverged substantially.

In summary, inter-model agreement exceeded 95% for binary classifications, main-
tained substantial agreement for categorical extractions (x = 0.70), and declined to below
50% for complex anatomical targets, a pattern consistent with Hypothesis 1 predictions
regarding task complexity effects. Regarding Hypothesis 2, distinct model-specific
strengths emerged: o4-mini-high and Claude-Sonnet-4 demonstrated perfect agreement
on numeric parameters, Gemini 2.5-Pro showed balanced agreement across categories,
and Llama-4-Maverick provided consistent categorical classification but diverged on
duration extraction.
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Figure 6. Model agreement heatmap across extraction features. Color encodes agreement percentage
(green = higher, red = lower). All models achieve near-ceiling agreement on binary classifications
(top rows) but show marked divergence on duration extraction (bottom row), with Llama-4-Maverick
demonstrating systematic differences from closed-source models.

3.6. Validation Against an Expert Gold Standard

To test whether the observed decline in inter-model agreement reflects a true decline
in accuracy, a domain expert (B.P.) independently annotated all 67 trials from the same
registry text supplied to the models, yielding a gold standard against which each model’s
extractions were scored. A second annotator (R.J.Y.) independently coded a 20-trial overlap
to establish inter-annotator reliability. The two annotators agreed on every categorical
field, and on every numeric value once intensities and durations were normalized to a
common unit. Accordingly, Cohen’s ¥ was 1.00 for the fields that varied within the overlap
(non-invasive classification and anatomical target) and was undefined for the fields that
were invariant within the overlap (brain stimulation presence and stimulation type), where
unanimous agreement leaves no marginal variance to correct for. This confirms a reliable
reference standard. Anatomical targets were scored after synonym normalization (e.g., “M1”
and “primary motor cortex” were treated as equivalent) and stimulation types after tDCS-
variant normalization. The full normalization lexicon (every surface form mapped to its
canonical target or stimulation type) is provided as Supplementary File S3 and in the project
repository, and numeric values were parsed to a common unit (milliamperes for stimulation
intensity and minutes per session for duration). Annotators were study co-authors rather
than blinded external raters, so this reliability estimate should be read as an upper bound
(see Limitations).

Scored over all 67 trials, with a field that a model left unextracted or labeled “Unknown”
counted as an error, all four models extracted with high accuracy across every categorical
feature (Table 3): mean accuracy was 98.9% (95% Wilson CI 97-100) for brain stimulation
presence, 96.6% (94-98) for non-invasive classification, 93.7% (90-96) for stimulation type,
and 95.5% (92-97) for the primary anatomical target. The small per-model spread on the
binary fields reflects these differing numbers of unextracted values rather than additional
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substantive errors. The only substantive non-invasive error was the single invasive protocol
that all four models misclassified. Overall accuracy can be inflated when one class dominates,
so the macro-averaged F; score, which weights every class equally, was also reported. Macro-
F; was high for the anatomical target (0.85), but was substantially lower for non-invasive
classification (0.49) and stimulation type (0.57). High accuracy on these fields is carried by
the majority class and conceals weak performance on the rare minority classes (the single
invasive protocol; the few non-tDCS modalities that appear in trials combining tDCS with
another stimulation arm). This is the accuracy paradox, a caution that accuracy alone is an
inadequate metric on the degenerate, pre-filtered fields. For numeric parameters, o4-mini-high
and Claude-Sonnet-4 reproduced the expert-recorded session durations exactly (MAE = 0.00,
n =19), while Llama-4-Maverick diverged (MAE = 2.42). Stimulation intensity was recovered
with near-perfect accuracy by all models (MAE < 0.15, n = 8-10).

Table 3. Per-model extraction accuracy (%) against the expert gold standard, scored over all 67 trials
(a field that a model left unextracted or returned in non-conforming form is counted as an er-
ror). Mean accuracy is shown with a 95% Wilson confidence interval; macro-averaged F; weights
each class equally and exposes the minority-class precision and recall that overall accuracy ob-
scures. Anatomical-target accuracy uses synonym normalization and stimulation-type accuracy uses
tDCS-variant normalization; brain stimulation presence has no negative instances, as all 67 trials
employ stimulation.

Feature 04-mini Gemini Claude Llama Mean Acc. [95% CI] Macro-F
Brain Stimulation Presence 98.5 98.5 98.5 100.0 98.9 [97-100] 0.99
Non-invasive Classification 95.5 95.5 97.0 98.5 96.6 [94-98] 0.49
Primary Stimulation Type 91.0 94.0 95.5 94.0 93.7 [90-96] 0.57
Primary Anatomical Target 95.5 97.0 94.0 95.5 95.5 [92-97] 0.85

Critically, this validation resolves an apparent paradox in the agreement data. For the
primary anatomical target, exact-string inter-model agreement was only 48.6% (Table 1),
yet accuracy against the expert reached 94-97%. This is not evidence that agreement
diverges from accuracy. It is an artifact of the matching criterion. The 48.6% figure counts
“M1” and “primary motor cortex” as a disagreement, whereas the accuracy analysis treats
them as equivalent. When the same synonym normalization is applied to both analyses,
inter-model agreement on the 33 named-target trials rises from 48.6% to 93.9%, closely
tracking the 90.9% mean accuracy on that subset, and across all 67 trials, semantically
normalized agreement reaches 97.0% against 95.5% accuracy (Figure 7). Agreement and
accuracy therefore coincide once they are measured on a common basis. This convergence
is not an artifact of shared normalization: inter-model agreement (model against model)
and gold-standard accuracy (model against expert) are structurally distinct comparisons.
Furthermore, a common lexicon constrains them only at the level of surface form, leaving
each free to diverge on substantive disagreement. Therefore, their alignment reflects
concordant content instead of a scoring identity. The residual shared errors that agreement
alone cannot detect are exemplified by the invasive protocol misclassified by all four models.
This confirms that the two measures retain independent information. The implication
is methodological: free-text clinical fields must be evaluated by semantic equivalence
rather than string identity, or inter-model agreement will systematically understate both
concordance and correctness. The earlier interpretation of low exact-match agreement as
evidence of unreliable complex-field extraction was, in this light, an overstatement.
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Exact-string agreement understates concordance on free-text fields
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Figure 7. Exact-string agreement understates concordance on free-text fields. For each extraction
feature, inter-model agreement under exact-string matching (blue) and under semantic matching
(orange) is compared with accuracy against the expert gold standard (green). The three coincide for
binary and categorical tasks. For the primary anatomical target, exact-string agreement is only 48.6%,
but semantic agreement (97.0%) and expert accuracy (95.5%) are both high and nearly identical,
showing that the apparent agreement-accuracy gap is an artifact of the scoring criterion, not a
divergence between concordance and correctness.

The principal residual risk is therefore not low accuracy but shared error, the failure
mode that inter-model agreement cannot, by construction, detect. Such errors were rare
but consequential. In trial NCT06505460, which paired non-invasive tDCS and magnetic
resonance-guided focused ultrasound (MRgFUS) with invasive deep brain stimulation
(DBS), all four models classified the protocol as non-invasive. Accordingly, each cited
the exact sentence that named the DBS arm, yet still overlooked it, whereas the expert
correctly flagged the trial as invasive on the basis of that surgically implanted component.
This single case is precisely why the non-invasive field, despite 96.6% accuracy, has a
macro-F; of only 0.49. Every model missed the one invasive protocol, so that class scores
zero recall (0 of 1) and a zero F; (with no model ever predicting “invasive,” its precision is
undefined). Macro-F; weights the two classes equally, so averaging that zero against the
near-perfect non-invasive class (about 0.98) halves the score to roughly 0.49. With only one
invasive trial in the corpus, this recall figure is itself imprecise, but it concretely illustrates
the hazard: unanimous concordance offered no protection against an error common to all
systems. In summary, expert validation establishes that these models achieve high accuracy
on the majority of fields, that overall accuracy can nonetheless mask poor minority-class
performance, and that the residual risk warranting targeted human oversight is the rare
shared error rather than broad unreliability on complex fields.

4. Discussion

This study evaluated inter-model agreement among four LLMs extracting clinical
trial data from tDCS trials in PD. The primary finding was that LLM agreement decreased
systematically with task complexity: near-perfect agreement (greater than 99%) was ob-
served for binary classifications, substantial agreement (x = 0.70) for categorical extractions,
and markedly lower concordance (48.6%, x = 0.43) for complex anatomical targets, consis-
tent with the first hypothesis. Supporting the second hypothesis, distinct model-specific
strengths emerged rather than uniform superiority: 04-mini-high and Claude-Sonnet-4 ex-
celled at numeric precision, Gemini 2.5-Pro demonstrated balanced agreement, and Llama-
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4-Maverick provided consistent categorical classification despite divergence on temporal
parameters. Collectively, these findings establish that multi-model LLM architectures
extract clinical trial data accurately across task tiers, that low inter-model agreement on
complex fields signals surface-form variation rather than poor accuracy, and that targeted
human oversight is warranted chiefly to catch the rare error shared across models, a critical
insight for designing scalable clinical data extraction systems.

The systematic decline in exact-string agreement across complexity tiers (Figure 3)
likely reflects the increasing semantic ambiguity and contextual dependency of complex
protocol descriptions, where the relevant information is distributed across multiple text
segments requiring integration. Critically, this decline is a property of exact-string scor-
ing rather than of extraction reliability. As the validation shows (Section 3.6), semantic
matching closes most of the gap, so the complexity gradient describes surface-form con-
cordance rather than correctness. This pattern was not an artifact of our data or design,
because an independent evaluation of LLM extraction from discharge summaries, scored
under exact, fuzzy, and semantic (LLM-judge) matching, reported a consistent 40% to 50%
exact-versus-semantic gap across prompting, retrieval-augmented generation, and super-
vised fine-tuning [80]. These results mirror our own exact-string (48.6%) versus semantically
matched (93.9% to 97.0%) agreement. Finally, its persistence across such different strategies
established the gap as a property of string-based scoring itself and not of any specific model
or method. These considerations support and confirm the view that free-text clinical fields
must be judged by semantic equivalence before low agreement is read as unreliability.
These findings align with Lai et al. [22] and Liu et al. [23], who reported varying LLM
concordance in clinical extraction tasks. To our knowledge, this study provides one of
the first systematic characterizations of how LLM agreement relates to extraction task
complexity using real clinical trial protocols.

Confusion matrices (Figure 4) and scatter plots (Figure 5) revealed distinct model
clustering patterns. O4-mini-high and Claude-Sonnet-4 demonstrated perfect agreement
(r = 1.000) on duration extraction, suggesting shared parsing algorithms or training ap-
proaches. In contrast, Llama-4-Maverick showed systematic divergence (r < 0.12), with ex-
tracted duration values largely independent of other models” outputs. This pattern suggests
that Llama-4-Maverick employs fundamentally different parsing rules for temporal ex-
pressions, particularly for complex duration specifications such as multi-session protocols.
The model-specific strengths observed, with closed-source models excelling at numeric
precision and open-source alternatives providing consistent categorical classification, sup-
port ensemble strategies that leverage complementary capabilities. This closed- versus
open-weight divide plausibly reflects differences in post-training rather than raw capability:
the proprietary reasoning and instruction-tuning pipelines of 04-mini-high and Claude-
Sonnet-4 may more strictly enforce the numeric formatting and unit normalization that
exact duration matching rewards, whereas the open-weight Llama-4-Maverick, optimized
for broad generative competence, applies less consistent temporal parsing. This interpreta-
tion is necessarily tentative, as the training corpora and procedures behind the commercial
models are not publicly disclosed.

The agreement heatmap (Figure 6) summarizes model strengths across all evaluated
features, revealing consistently high agreement for categorical tasks but marked divergence
for duration extraction and anatomical targeting. These patterns have practical implica-
tions for the data extraction step of evidence synthesis specifically, not for the systematic
review process as a whole, which also entails comprehensive search, screening, risk-of-bias
appraisal, and qualitative synthesis that this study did not address. Restricted to that step,
the pipeline processed 67 trials across four models in under 24 h, against the considerable
manual effort that structured extraction can require [81]. The contribution is therefore
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framed as accelerating one labor-intensive component of evidence synthesis rather than
compressing an entire review. Crucially, expert validation tempered this interpretation:
accuracy remained high (mean 93.7-98.9%) even for the complex anatomical-target field
where inter-model agreement fell below 50%, indicating that low agreement chiefly re-
flects interchangeable wording and the many trials with no target to extract, rather than
widespread error. Inter-model agreement therefore functions as a conservative screening
signal. The failure mode that genuinely warrants human oversight is the rare error shared
across all models, exemplified by the trial that combined non-invasive tDCS and MRgFUS
with invasive deep brain stimulation, which every model misclassified as non-invasive.
The optimal approach is thus a hybrid human-in-the-loop methodology in which expert
review is concentrated on detecting such shared errors rather than on re-extracting every
complex field. This same logic underpins recent work in which disagreement among four
locally hosted LLMs not only triaged uncertain structured extractions, but also surfaced
errors in the human reference standard itself [82]. This reinforces the idea that inter-model
concordance is best used to direct expert verification rather than to replace it.

Several limitations warrant consideration. First, the focus on tDCS trials in PD (N = 67)
may limit generalizability. However, the extraction methodology is domain-agnostic and
adaptable to other therapeutic areas [83,84]. Second, the complexity metric employed
may not fully capture the multidimensional nature of clinical trial designs [85-87]. Third,
reliance on specific API endpoints introduces potential instability as external systems
evolve [88,89]. Fourth, current LLM context window limitations could constrain analysis of
increasingly complex protocols, though advances such as million-token context windows
show promise [90,91]. Fifth, a single fixed prompt was used and prompt sensitivity was not
systematically assessed. Each model was queried once per trial, so within-model output
variability was not characterized, and high inter-model agreement could in principle
be partially inflated by stochastic self-consistency [33]. Sixth, although the expert gold
standard demonstrated high accuracy, it rests on a single expert annotator who is a study
co-author rather than an independent, blinded external rater (with a dual-coded subset
establishing reliability) within a single therapeutic domain, was scored against registry text
rather than full published protocols, and relied on a synonym-normalization scheme for
anatomical targets. The numeric accuracy estimates also rest on small subsets (1 = 19 for
duration, n = 8-10 for intensity). Seventh, the three-tier complexity scheme is an a priori
operationalization rather than an externally validated construct. Eighth, the extraction
schema captures only a subset of dose-defining stimulation parameters. It records modality,
target, intensity, and duration but not montage, electrode polarity and placement, sham
configuration, number of sessions, or cumulative dose, so the present results speak to those
four fields rather than to complete protocol characterization. Ninth, because the corpus was
pre-filtered to tDCS trials, the binary fields (stimulation presence and non-invasiveness)
are near-degenerate, with almost every trial sharing the same label. High agreement and
accuracy on these fields are therefore uninformative about discriminative ability, as no
negative or non-tDCS controls were included, and trial selection itself relied on an acronym-
only (“tdcs”) filter and a single-analyst exclusion step without independent adjudication.
Tenth, the trial records are drawn from a public registry that may overlap with the models’
pretraining corpora, so performance may partly reflect memorization rather than reading
comprehension. Accuracy is best interpreted as fidelity to the registry text rather than as
evidence of generalization to unseen protocols. Despite these limitations, the systematic
comparison across four state-of-the-art models using authentic clinical data provides robust
evidence for the observed patterns.

The clinical context warrants explicit caution. LLM outputs can be fluent yet incorrect,
so deploying automated extraction in evidence synthesis or regulatory workflows without
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human verification risks propagating errors into downstream clinical decisions. Accord-
ingly, the present results support automation only for the simplest, highest-agreement
tasks and mandate expert oversight for complex protocol elements. In the interest of trans-
parency, one author (R.J.Y.) is employed by a healthcare organization and has previously
received unrelated research funding from OpenAl, whose 04-mini-high model is among
those evaluated. To mitigate any potential bias, all model outputs, analysis code, and the
evaluation pipeline are publicly available; no model was tuned or selected on the basis of
its performance; and all conclusions derive from pre-specified agreement metrics applied
uniformly across the four systems.

These findings extend prior LLM benchmarking studies, which have predominantly
focused on structured or synthetic data, by demonstrating agreement patterns on authentic
clinical protocols. The systematic degradation of agreement with task complexity provides
actionable guidance for pipeline design: simple classifications are strong candidates for
automation with human audit, and even complex extractions achieve high accuracy against
an expert standard, though targeted human-in-the-loop review remains valuable for detect-
ing the rare error shared across models [92-95]. This framework directly supports emerging
strategies including modular extraction pipelines [96,97], multi-agent architectures with spe-
cialized task agents [98-101], and privacy-preserving local deployments [94]. The evidence
supports transitioning from single-model approaches toward ensemble or multi-model
strategies that leverage model-specific strengths, particularly combining closed-source
precision with open-source accessibility.

These findings also speak to the rapidly growing use of LLMs in real-world evidence
synthesis, spanning human-in-the-loop and second-reviewer extraction, end-to-end and
agentic systematic review automation, and living reviews [21,102-107], where comparative
evaluations consistently find these systems promising but not yet ready for unsupervised
use [108-110], reinforcing the human oversight our complexity-stratified results help de-
lineate. In parallel, LLMs are now routinely applied to ClinicalTrials.gov protocol content
and registry-scale extraction [111-113], and open-source, model-agnostic tooling with
explicit governance and quality-control frameworks is emerging to operationalize such
pipelines [114,115], the deployment context into which validated, multi-model extraction
must ultimately fit.

5. Conclusions

To our knowledge, this study is the first to pair current-generation frontier models with
a complexity-stratified, expert-validated comparison of inter-model agreement and accuracy
for tDCS in PD. The main findings were that four frontier LLMs extract clinical trial data with
high accuracy (mean 93.7-98.9% against an expert gold standard), and that the decline in
exact-string inter-model agreement with task complexity reflects interchangeable free-text
wording rather than reduced accuracy. Under semantic matching, agreement and accuracy
align closely (97.0% agreement versus 95.5% accuracy for anatomical targets). The residual
risk that inter-model concordance cannot detect is the error shared across all models, a failure
mode our data illustrate with a single trial that all four misclassified. This is a known risk
of current LLM-based data extraction workflows that can be anticipated, but at present it
cannot be fully quantified or mitigated. Therefore, human—Al workflows are most valuable
when expert oversight is targeted at shared-error detection. Future research should examine:
(1) multi-agent architectures with specialized task agents for numeric, anatomical, and tem-
poral extraction; (2) integration of supplementary data sources such as NIH Reporter and
referenced publications; and (3) scaling validation to high-volume domains such as oncology
with greater than 100,000 registered trials. As LLMs increasingly integrate into clinical research,
attention to ethical implications including human oversight, transparency, and workforce
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considerations remains essential. Ultimately, this work advances understanding of LLM
capabilities and limitations in clinical contexts, providing a roadmap for deploying artificial
intelligence to accelerate evidence-based medicine.
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Abbreviations

The following abbreviations are used in this manuscript:

API Application Programming Interface

CI Confidence Interval

DBS Deep Brain Stimulation

DLPFC Dorsolateral Prefrontal Cortex

F1 F1 Score (harmonic mean of precision and recall)
ICC Intraclass Correlation Coefficient

JSON JavaScript Object Notation

LLM Large Language Model

M1 Primary Motor Cortex

MAE Mean Absolute Error

MRgFUS  Magnetic Resonance-Guided Focused Ultrasound
NCT National Clinical Trial (identifier)

NIH National Institutes of Health

NLM National Library of Medicine

PD Parkinson’s Disease

RMSE Root Mean Square Error
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SMA Supplementary Motor Area
tDCS Transcranial Direct Current Stimulation

Appendix A. API Fields Retrieved from ClinicalTrials.gov

The following fields were retrieved from the ClinicalTrials.gov API v2 for each clinical
trial record:

NCTId, LeadSponsorClass, LeadSponsorName, Condition, OfficialTitle, BriefTi-
tle, Acronym, StudyType, InterventionType, InterventionName, InterventionOth-
erName, InterventionDescription, Phase, StudyFirstSubmitDate, LastUpdateSub-
mitDate, CompletionDate, OverallStatus, BriefSummary, IsSFDARegulatedDevice,
StartDate, DetailedDescription, ConditionMeshTerm, PrimaryOutcomeDescrip-
tion, SecondaryOutcomeDescription, EnrollmentCount, EnrollmentType, Base-
lineCategoryTitle, BaselinePopulationDescription, BaselineTypeUnitsAnalyzed,
OtherOutcomeDescription, EligibilityCriteria, StudyPopulation, HealthyVolun-
teers, ReferencePMID, LocationCountry, PrimaryOutcomeTimeFrame, Baseline-
MeasureTitle, BaselineMeasureUnitOfMeasure, BaselineMeasurementValue.

Appendix B. Extraction Prompt and JSON Schema

For each trial, the DetailedDescription field (or BriefSummary when unavailable)
was supplied to every model together with the verbatim directive: “Analyze whether brain
stimulation was used in this trial. If so, provide details.” Models were instructed to return
a structured JSON object with the following fields:

brain_stimulation_used (“Yes”, “No”, or “Unknown”); confidence_level
(“High”, “Medium”, or “Low”); stimulation_details, comprising primary_
type, is_noninvasive, primary_target, secondary_targets, and stimulation_
parameters (intensity, duration); and relevant_quotes grounding each de-
termination in the source text.

The identical prompt and schema were sent verbatim to all four models through the
OpenRouter API; the complete prompt and schema definition are also archived in the
public repository.

Appendix C. Code Repository

All code, data, and analysis pipelines are publicly available at:
https://github.com/ricyoung/ClinicalTrial LLM-Extractor (accessed on 27 June 2026).
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