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Abstract. Large-scale datasets are increasingly leveraged for training
medical foundation models; however, their anatomical annotations are
typically derived from metadata fields that are frequently incomplete,
inconsistent, or corrupted. Manual curation of these datasets is pro-
hibitively expensive, and existing single-modality automated methods
are brittle when individual data channels fail. Such semantic misalign-
ment between images, reports, and metadata severely limits dataset re-
liability and undermines downstream model performance. To address
this structural bottleneck, we propose a fully automatic, multi-modal
reconciliation framework for the semantic curation of large-scale CT
repositories. Our approach extracts heterogeneous evidence from mul-
tiple sources, including 3D CT volumes, organ presence signals from
automated whole-body segmentation, acquisition metadata, and radiol-
ogy reports. We leverage a Large Language Model (LLM) as an agen-
tic reconciliation module to integrate complementary signals and resolve
cross-modal conflicts. This yields globally coherent anatomical region as-
signments without human supervision. We validate our framework on a
large-scale clinical CT repository (>360K patients), demonstrating ro-
bust performance even under severe label noise. Our approach substan-
tially outperforms both metadata-driven baselines and state-of-the-art
body-part regression models, establishing the necessity of agentic, image-
grounded semantic reconciliation for scalable dataset curation. Code is
available at https://github.com/xlwang208/VLM-SC-Med/.
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1 Introduction

Medical foundation models rely on massively scaled data cohorts [13,16]. While
initiatives like the UK Biobank [14] and CT-RATE [8] drive this frontier, the lat-
ter targeting over 300,000 CTs [26], this data explosion suffers from the pervasive
presence of intrinsic label noise.

In modern imaging repositories, up to 15% of BodyPartExamined DICOM
fields are incorrect or missing, posing a critical, systemic threat to downstream
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foundation model training [7]. Manual data curation becomes computationally
and economically infeasible [22,29]. Historically, pipelines blindly assumed struc-
tured metadata accurately reflected the pixel data. Empirical audits repeatedly
falsify this: time constraints, institutional mergers, and “protocol drift” render
DICOM fields highly unreliable across cohorts [5,3].

Radiology reports, however, are an equally inadequate substitute for a “true”
ground truth. While modern Large Language Models (LLMs) can extract clinical
entities precisely [9,1,4], clinical reports are inherently constrained to the primary
diagnostic indication. Additionally, radiology reports are generated at the study
level, while CT studies often contain multiple series with heterogeneous spatial
coverage and acquisition parameters. Anatomical regions described in the report
may be absent from a given image series, leading to report–image mismatches.
Consequently, metadata lies through administrative error, clinical reports are
biased by selective description and study-level aggregation, and only the volu-
metric image provides the most reliable representation of the underlying physical
reality. Addressing this tripartite dissonance demands more than naive ensem-
ble classifications or unweighted majority voting schemas, which inevitably fail
when administrative artifacts systematically override visual evidence.

To overcome these structural limitations, we propose Agentic Semantic Cu-
ration. Inspired by agentic AI [28], our system triangulates visual, textual, and
structured metadata signals into a unified reconciliation process. Instead of treat-
ing anatomical labeling as a static classification problem, our framework employs
an LLM-based reasoning agent that aggregates heterogeneous evidence sources
and produces globally consistent anatomical assignments. The agent explicitly
summarizes per-modality evidence and justifies relabeling decisions, enabling
transparent and fully automatic curation at scale. Our contributions are:

1. The first systematic, machine-driven audit of anatomical label reliability
across metadata, reports, and image-derived anatomical evidence, quantify-
ing metadata failure as a structured dataset-level problem.

2. A multi-evidence reasoning pipeline that triangulates signals with structured
explanations, fundamentally shifting labeling from statistical classification to
logical reconciliation.

3. We demonstrate that our framework surfaces systematic miscoding patterns,
and exhibits substantially high semantic consistency via a probing-based
evaluation on an expert-annotated subset.

Related Work. Large-scale imaging archives exhibit systematic label noise.
DICOM metadata is often missing or incorrect [7,5], class-conditional noise is
common across benchmarks [17], and medical pipelines suffer from correlated
annotation errors [10], making manual correction infeasible at the scale of UK
Biobank [14] or CT-RATE [8]. Anatomical coverage identification underlies CT
analysis. Existing methods include unsupervised regression [27], self-supervised
slice ordering [21], the widely adopted DKFZ regressor [20], TotalSegmenta-
tor [24], supervised classifiers [19,18], and anatomical positional embeddings [6],
yet all rely on single modalities and fail under corrupted or missing signals.
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Fig. 1: Agentic Semantic Curation Pipeline. Given a study (Vi, Ri,Mi),
evidence signals Ei = {e(i)v , e

(i)
s , e

(i)
m , e

(i)
r } are extracted. Round 1: an LLM

reconciliation module produces a preliminary label ỹi = gReconciliation(Ei) under
organ-level constraints. Round 2: a global consistency module yields the final
label ŷi = hcons(ỹi, Ei), and an error taxonomy ϵi recording overridden sources.

Report-based approaches such as CheXpert [9], LEAVS [1], and in-context learn-
ing [11], as well as 3D vision-language models including Merlin [2], BioMed-
CLIP [30], unified multi-source VLMs [12], and RadFM [25], assume clean paired
data and lack explicit conflict resolution. We therefore cast label reconciliation
as a reasoning problem. Building on ReAct [28], we introduce a constraint se-
mantic decision module that aggregates visual, textual, and metadata evidence
to resolve conflicts and produce globally consistent anatomical labels.

2 Method

Let D = {(Vi, Ri,Mi)}Ni=1 denote a heterogeneous imaging corpus of N studies,
where each study consists of a 3D CT volume Vi ∈ RH×W×D, an unstructured
radiology report Ri, and structured DICOM metadata Mi. Our objective is to
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infer the true anatomical coverage ŷi ∈ Y (e.g., chest, abdomen-pelvis) and to
characterize intrinsic label noise without relying on manual annotations.
Multi-Source Evidence Extraction For each study i, we independently ex-
tract anatomical evidence from the visual modality, the segmentation-derived
organ space, the radiology report, and the DICOM metadata. This stage con-
verts each modality into structured, comparable signals.
Visual modality Performing full 3D multimodal inference on every CT volume
is computationally expensive. Instead, each volume Vi is first reoriented into the
canonical Right–Anterior–Superior (RAS) coordinate system via affine transfor-
mation, and two orthogonal center slices (coronal and axial) are extracted as
a lightweight proxy for global anatomical coverage. Following radiological view-
ing conventions, standard preprocessing is applied, including orientation-based
left–right flipping, spacing-aware aspect correction to approximate true anatom-
ical proportions, and isotropic resizing, before concatenating the two slices into
a single 2D mosaic passed to the VLM. This step produces visual evidence e

(i)
v

consisting of a predicted anatomical label and a set of recognized structures.
To obtain deterministic physical evidence independent of language interpreta-
tion, we apply a pretrained whole-body segmentation model to each CT volume.
Specifically, we employ the CADS framework [26], which provides robust multi-
organ segmentation across a large anatomical taxonomy. For each volume, we
generate a segmentation label map Si = seg(Vi) and convert it into a binary
organ presence vector e

(i)
s ∈ {0, 1}K using a fixed mapping between label IDs

and anatomical names, where K = 167 corresponds to the number of anatomical
categories defined by the CADS framework. This vector reflects which organs are
physically present within the scan and serves as a structured physical constraint.
Metadata modality We parse raw DICOM headers while filtering out generic
protocol-related fields. Particular attention is given to tags that commonly en-
code anatomical coverage, such as BodyPart and BodyPartExamined. Because
these fields often contain vendor-specific abbreviations or institutional short-
hand, we apply a rule-based normalization dictionary that maps heterogeneous
terminology into a standardized anatomical taxonomy. For example, “CAP W/O
CONT” is normalized to chest-abdomen-pelvis. The normalized anatomical label
is represented as metadata evidence e

(i)
m .

Report modality The unstructured radiology report is extracted from the
Radiology Information System (RIS). An LLM-based NLP module identifies the
anatomical region actually evaluated by the radiologist. Importantly, the model
is instructed to analyze the semantic content of the Findings section rather
than relying solely on the study title or exam header. This mitigates omission
bias in titles. For instance, a report titled “CT Chest” that includes detailed
discussion of adrenal glands, kidneys, and hepatic parenchyma indicates chest-
abdomen coverage despite the limited title. This step produces report evidence
e
(i)
r , consisting of a structured anatomical label and a list of mentioned organs.

Agentic Reconciliation We formulate semantic resolution as an evidence rec-
onciliation problem governed by an LLM agent (ϕ), which adjudicates the mul-
timodal evidence Ei = {e(i)v , e

(i)
s , e

(i)
m , e

(i)
r } using clinical priors, as opposed to
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naive majority voting, which fails when metadata and reports share incorrect
conventions, yielding a validated label and structured reasoning trace: ỹi, ϵi =
argmaxy,ϵ Pϕ(y, ϵ | Ei,P), where ỹi denotes the reconciled anatomical label and
ϵi a structured error taxonomy recording modality-specific conflicts and over-
rides. The prior knowledge P encodes clinically grounded reliability assumptions
across modalities: visual predictions e(i)v act as a global anatomical context esti-
mator that provides a direct image-level estimate of scan coverage; segmentation-
derived organ presence e

(i)
s is treated as a physical boundary constraint, pro-

viding a finer-grained anatomical constraint by encoding the presence of up to
K = 167 anatomical structures across the body. Report-distilled labels e(i)r reflect
interpretive study-level semantic evidence. Metadata-derived labels e

(i)
m are soft

administrative signals that may be incomplete or institution-dependent. When
conflicts arise, the agent weighs the reliability of each source. For example, if
the report mentions upper abdominal structures and segmentation detects the
liver, but metadata indicates “CT Abdomen”, the agent recognizes that the scan
extends beyond abdomen alone and resolves the label accordingly.
Global Consistency Enforcement The final stage operates at the patient-
study level to ensure consistency across image series acquired during the same
examination date. For this, ŷi = hcons(ỹi,Ei) refines the reconciled labels ỹi by
incorporating hierarchical constraints. A single DICOM Study frequently con-
tains multiple volumetric series with similar anatomical coverage acquired at the
same visit (e.g., the Non-contrast, Arterial, Portal venous, and Delayed phases
of a Multi-phase liver protocol). We verify that labels assigned to series within
the same study are logically consistent: a series whose predicted label is both
anatomically non-contiguous with and isolated among all other same-day, same-
patient series is flagged as a potential annotation error. For example, an isolated
head label within an otherwise consistent abdominal multiphase study is highly
suspicious and is examined for potential misclassification. Anatomically adjacent
or overlapping region labels are not flagged, i.e., chest-abdomen and abdomen-
pelvis within the same study reflect legitimate multi-region acquisitions and
are preserved as consistent. Through this three-stage approach, we construct a
curated dataset with deterministic anatomical coverage labels, structured mul-
timodal evidence, and traceable reasoning records for every resolved conflict.

3 Experiments and Results

Dataset: The primary testbed for this evaluation is a large-scale heterogeneous
clinical CT repository collected at a local healthcare institution. The dataset is
conceptually aligned with the scale and heterogeneity of CT-RATE [8,23], but
spans a broader anatomical range from head and neck to pelvis. Studies include
both localized scans (e.g., nasal region) and extended field-of-view scans covering
partial or complete head-to-pelvis anatomy. The repository contains 360,715
patients collected between 2022 and 2024 across multiple scanner vendors and
acquisition protocols, with slice thicknesses ranging from 0.25 mm to 4mm. The
dataset is not publicly available and is used solely for research evaluation.
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Table 1: Evaluation of Anatomical Label Quality on the Expert-
Adjudicated Subset. Class-wise F1 scores for primary anatomical regions
alongside global classification metrics evaluated on the expert-adjudicated sub-
set. The proposed Agentic Pipeline achieves the highest overall macro-F1, preci-
sion and recall, indicating improved semantic consistency of the curated labels.
Best results highlighted ( bold ), second best underlined.

Class-wise F1 Score Global Labeling Metrics

Curation Strategy Head Neck Chest Abdomen Pelvis Macro F1 Precision Recall

Raw Metadata (DICOM) 0.9091±0.0294 0.3363±0.2973 0.9509±0.0135 0.7095±0.0442 0.0000±0.0000 0.5811±0.060 0.6749±0.097 0.5346±0.0518

Report-Only (NLP) 0.9400±0.0234 0.7726±0.1902 0.9197±0.0158 0.5249±0.0371 0.7195±0.0411 0.7753±0.038 0.7255±0.0445 0.9086±0.0316

DKFZ Body-Part Reg. 0.8585±0.0351 0.3605±0.1606 0.9778±0.0091 0.8638±0.028 0.9083±0.0232 0.7938±0.0324 0.7646±0.0254 0.8855±0.0541

VLM-Only (Zero-Shot) 0.9454±0.0211 0.0000±0.0000 0.9787±0.0088 0.8559±0.0284 0.9067±0.0226 0.7373±0.0087 0.7044±0.0134 0.7772±0.0070

Agentic Pipeline 0.9458±0.0205 0.4734±0.1964 0.9717±0.0098 0.8626±0.0283 0.9092±0.0219 0.8326±0.0398 0.7714±0.0387 0.9334±0.0538

Fig. 2: t-SNE before and after curation.
Grey unresolved labels form anatomi-
cally coherent clusters post-curation.

Fig. 3: High AUC across all regions,
i.e. agreement with expert annota-
tions.

Implementation Details: Label generation was performed in a fully unsuper-
vised manner without using expert annotations. All experiments were conducted
on a server equipped with 4× NVIDIA A100 80 GB PCIe GPUs. The VLM
(Qwen2.5-VL-32B-Instruct, 32 B parameters, bfloat16 precision) was deployed
locally using vLLM v0.14.1 with tensor parallelism across all GPUs, following
sustained throughputs: report distillation 12.27 samples/s, visual evidence inter-
pretation 9.90 samples/s, and agentic reconciliation 6.49 samples/s. Linear probe
classifiers were trained on image embeddings extracted from a pretrained visual
encoder (input dimension: 1024), comprising two hidden layers of dimensions
512 and 256 with ReLU activations. Training used the Adam optimizer with
learning rate 10−3 and weight decay 5× 10−3.
Evaluation: Four label variants were generated for a 3,000-study subset: (1)
Raw Metadata labels derived from DICOM BodyPartExamined; (2) Report-
derived labels extracted via LLM-based analysis; (3) VLM-only labels obtained
from visual projections; (4) Agentic-curated labels produced by the proposed
reconciliation framework. Embeddings from the 3,000-study subset were paired
with automatically generated labels to train an MLP linear probe classifier. The
trained probes were then applied to an independent evaluation subset of 375
studies that was manually annotated by board-certified radiologists. Experts re-
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viewed the full 3D image volumes to establish gold-standard anatomical labels.
These annotations were used exclusively for evaluation. Label quality is mea-
sured by probe generalisation: semantically consistent labels produce probes that
transfer well to expert annotations, while noisy or semantically inconsistent la-
bels do not. Raw Metadata, Report-Only, and DKFZ Body-Part Regression [20]
predictions were additionally compared directly against expert ground truth.
Results and Problem Characterization. Table 1 summarizes anatomical
labeling performance on the expert-adjudicated subset. The proposed Agentic
Semantic Curation pipeline achieves the highest macro-F1 (0.8326), precision
(0.7714), and recall (0.9334), outperforming Raw Metadata (0.5811), VLM-only
labeling (0.7373), Report-only extraction (0.7753), and DKFZ body-part re-
gression (0.7938). Single-modality methods exhibit characteristic failure modes.
Metadata labels collapse on pelvis and show unstable neck performance. Report-
derived labels achieve strong recall and the best neck performance but at the
cost of reduced precision. DKFZ regression provides strong localization for ab-
domen and pelvis but degrades in boundary regions such as neck. VLM-only
labeling performs well for large anatomical regions but fails completely for neck
scans. Fig. 4 further shows that the CADS Sweep, a rule-based organ-presence
mapping weighted by organ proportion, hits a performance ceiling at F1 =0.805
directly against expert ground truth, and thereafter only trades recall for preci-
sion, confirming that cross-modal reasoning is necessary for robust curation.

Table 2: Agentic Error Taxonomy & Prevalence. Prevalence and mechanis-
tic definitions of metadata error categories identified across the clinical cohort.
Error Category Mechanistic Definition Prev.

Missing Label BodyPartExamined field absent or empty, providing no anatomical info. 26.59%

Region Mismatch Extracted visual/textual anatomy contradicts explicit metadata tag. 53.56%

Multi-Region Truncation Volumetric scan covers multiple regions, metadata lists only one. 6.39%

Over-Specified Label Metadata assigns an anatomical region not supported by image evidence. 0.26%

Error Taxonomy Analysis. The Agentic pipeline reveals that metadata errors
are predominantly structural rather than random (Table 2). Region mismatch
is the dominant failure mode, accounting for over half of all identified errors,
reflecting systematic divergence between institutional naming conventions and
actual anatomical coverage. Missing labels (26.59%) reflect incomplete data en-
try workflows, while multi-region truncation (6.39%) exposes that single-region
metadata fields cannot encode extended field-of-view acquisitions.
Ablation Study. We perform an ablation study in Tab. 3. Our approach
achieves the highest macro-F1 (0.8326 ± 0.0398) and recall (0.9334 ± 0.0538),
demonstrating the effectiveness of multi-modal semantic reconciliation. Remov-
ing visual evidence yields the largest degradation, showing that image-grounded
constraints are vital for anchoring the agent. Without segmentation-derived evi-
dence, the agent becomes more susceptible to inconsistencies between visual pre-
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Table 3: Ablation Study. Impact of
individual evidence modalities on cu-
ration performance; each row removes
one input source from the full pipeline.
Best results highlighted ( bold ), sec-
ond best underlined.

Configuration F1 Score Precision Recall

Full Pipeline 0.8326±0.03 0.7714±0.03 0.9334±0.05

w/o Visual Evid. 0.7490±0.04 0.8024±0.04 0.8229±0.03

w/o Report (NLP) 0.8193±0.04 0.7865±0.05 0.8831±0.05

w/o CADS Seg. 0.7875±0.05 0.7753±0.07 0.8309±0.05

Fig. 4: Precision-Recall Space. Trade-
off across curation strategies.

dictions and semantic sources. Removing the free-text report drops performance
in complex boundary cases where generic metadata conflicts with visual ambi-
guity. In contrast, removing report-derived evidence produces only a moderate
reduction in macro-F1 (0.8193), indicating that report signals provide comple-
mentary but less essential information compared to image-derived evidence.
Discussion: Our results show that Agentic Semantic Curation reduces
structural label noise, outperforming single-modality Raw Metadata (0.5811)
and Report-Only (0.7753) baselines with 0.8326 Macro F1 by casting curation
as a multi-source reasoning task, confirming that anatomical label noise is fun-
damentally a conflict resolution problem: no individual signal is consistently
reliable, and the agent’s value lies in adjudicating when sources disagree. Vi-
sual grounding resolves omission bias and guards against protocol drift, while
a global consistency module enforces longitudinal coherence. Neck classification
remains the weakest region across all methods, partly attributable to severe class
imbalance: neck-specific acquisitions account for only 1.34–1.97% of studies in
our cohort both before and after curation, leaving the linear probe with limited
training signal for this class.

4 Conclusion

The integrity of large-scale medical imaging datasets is increasingly compro-
mised by label noise from unreliable metadata, protocol drift, and incomplete
reports, a bottleneck that intensifies as foundation models rely on massive un-
curated corpora. Our results show that Agentic Semantic Curation miti-
gates these risks by reframing curation as an interpretable reasoning task. By
fusing visual, textual, and structured evidence through an autonomous engine,
the approach achieves a Macro F1 of 0.8326, outperforming raw metadata and
state-of-the-art body-part regression models. This triangulation resolves omis-
sion bias by grounding sparse reports in 3D projections and segmentation signals,
while providing traceable interpretability through structured error taxonomies.
As medical AI scales to million-scan cohorts, this image-grounded reconciliation
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framework, a prerequisite enabling more granular downstream tasks such as se-
ries description normalization and contrast phase identification, offers a scalable
blueprint for high-fidelity data integrity in clinical deployment.
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