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Abstract. We present a dataset and baseline for ontology-grounded
structured prediction from dental Cone-Beam Computed Tomography
(CBCT) volumes. Building on the public ToothFairy3 benchmark (532
volumes with expert-level segmentations), we contribute (i) a total of
893 free-text clinical reports for 529 publicly available CBCT volumes,
(%) their conversion into validated RDF /Turtle (Resource Description
Framework) instances aligned with a clinician-designed OWL (Web On-
tology Language) ontology spanning 13 finding types and multiple quali-
fier axes, and (iit) a strong baseline demonstrating the effectiveness of our
setup and establishing a foundation for future work. We formulate CBCT
reporting as a three-stage structured prediction problem—i.e., finding de-
tection, anatomical slot allocation, and property prediction—and intro-
duce a hierarchical evaluation suite of six clinically interpretable metrics
that decouple detection, localization, and characterization. A baseline
model using frozen multi-scale VoxTell features, a structure-indexed en-
coder, and ontology-driven prediction heads achieves strong results under
5-fold cross-validation, with stage-decoupled analysis identifying pres-
ence detection as the primary deployment bottleneck. Dataset, ontology,
and code are publicly releasedEl
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1 Introduction

Cone-Beam Computed Tomography (CBCT) is central to dental and maxillo-
facial practice, supporting implant planning, surgery, and pathology assessment
by providing volumetric visualization of teeth, jawbones, canals, and adjacent
structures. In routine workflows, clinicians translate CBCT observations into re-
ports that specify what is present, where it is located (often tooth-specific), and
how it should be characterized (e.g., severity, morphology, treatment quality).
Automating reporting could reduce clinical workload and enable screening, but
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requires models that jointly handle multiple anatomical structures and compo-
sitional clinical findings.

Most CBCT benchmarks emphasize segmentation, focusing on structures
such as teeth, jaws, inferior alveolar canals, and pulp [SITIIT2IT6IIRI20/23]. The
ToothFairy challenge series [BI6I7II7] has advanced multi-structure maxillofacial
segmentation, culminating in ToothFairy3 with 532 public CBCT scans and 50
private test scans for long-term benchmarking [19], each accompanied by 77
different accurate segmentation classes. However, moving from segmentation to
finding detection and reporting introduces challenges: findings are heterogeneous
and imbalanced, must be grounded to an anatomical region or structure (e.g.,
ISO 3950/FDI tooth identifiers [9]), and require clinically relevant qualifiers.

A key bottleneck for generative reporting is evaluation. Standard free-text
captioning metrics (e.g., BLEU [2I], ROUGE [13], METEOR [2]) measure sur-
face similarity and can correlate poorly with clinical correctness, missing halluci-
nations, omissions, or wrong localization [TI3J4T4)26]. Clinically informed alter-
natives such as entity/relation extraction (e.g., RadGraph [10]) or LLM-based
factuality scoring (e.g., RadFact [3]) remain domain- and schema-dependent;
for dental CBCT, tooth-indexed multi-instance findings and property axes are
rarely standardized.

We therefore formulate CBCT reporting as ontology-groundedﬂ structured
prediction rather than free-text generation. We introduce a resource derived
from the publicly available ToothFairy3 cases, consisting of (%) free-form clinical
reports authored by clinical staff, and (i) their conversion into validated on-
tology instances. The central representation is a clinician-authored OWL/RDF
(Web Ontology Language/Resource Description Framework) ontology defining
13 finding types and orthogonal qualifier axes (e.g., severity, morphology, ori-
entation), serialized in Turtle (Terse RDF Triple Language) [25124]. A compan-
ion SHACL (Shapes Constraint Language) specification constrains applicable
properties, cardinalities, and value ranges, enabling automated validation and
schema-driven model head configuration.

Contributions. In summary, the paper provides (i) 893 free-text reports for
529 ToothFairy3 cases and validated ontology instances, enabling learning and
evaluation beyond segmentation; (%) an OWL/RDF schema spanning 13 finding
types and multiple qualifier axes, with ad-hoc SHACL shapes for validation
and model head auto-configuration; and (ii7) a multi-stage framework predicting
finding presence, anatomical slots, and properties, with code for reproducibility.

2 The Proposed Dataset and Ground-Truth Construction

We build on the ToothFairy3 benchmark, which provides 532 public CBCT vol-
umes of the maxillofacial region, each paired with expert ground-truth multi-

2 An ontology is a clinician-defined, machine-readable model of the reporting domain.
It lists relevant concepts (e.g., findings and anatomical entities) and restricts how
they can be combined using relations and attributes (e.g., severity and morphology).
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Algorithm 1: Instance excerpt for Patient_3F_004__Finding_1

rdfs:comment
Mandibular canal with a predominantly lingual course, in close
relationship with the roots of dental elements 37 and 38.

rdf:properties
:findingType — :MandibularCanalCourse
:onSide — :Left
:hasCanalTrajectory — :PrevalentlyLingual
:hasCanalToothContact — :IntimateContact
:hasToothId — "37", "38"

structure segmentation masks (77 segmentation classes) and tooth-level local-
ization consistent with ISO 3950/FDI identifiers.

Our reports were authored by 2 radiologists and 6 maxillofacial surgeons with
5-20 years of experience in CBCT interpretation, who examined the anonymized
CBCT volumes. No standardized reporting template was imposed; reports were
primarily free-text narratives that followed routine clinical practice, typically
including systematic evaluation of the dentition, periapical regions, and bone
structures. In total, the generated dataset comprises 893 free-text reports across
529 of the 532 cases (one or two per patient); three patients were excluded due
to image-quality issues, making report authoring unreliable.

We convert free-text CBCT reports into structured supervision targets (on-
tology instances) that are directly learnable and automatically checkable. Con-
cretely, each report becomes a patient-level RDF graph composed of atomic
finding instances that encode what was observed (a finding type) and where it
applies (i.e., tooth, side, or quadrant). Each finding can also include standardized
qualifier properties that describe how it should be characterized (e.g., severity
and morphology). To ensure consistency, we validate all graphs against SHACL
constraints and perform clinician-guided iterative corrections. An example of a
finding extracted from an ontology instance is provided in Alg. [Il We suggest
the reader explore a complete ontology instance for a broader understandingE]

Target Representation: Ontology-grounded Findings (what and where).
Findings are the smallest reportable CBCT observations in our target space. In
our scenario, each finding has exactly one finding type from a closed set of 13
clinically validated categories. Anatomical grounding is encoded via the corre-
sponding slot (where). Bilateral observations are always split into two indepen-
dent finding instances, i.e., left and right. Tooth identifiers support multi-tooth
entities, e.g., a bridge spanning teeth 14-16 carries three :hasToothId assertions,
each activating its own slot bit independently.

Anatomical Properties (how). They enforce single-valued semantics (e.g.,
:hasSeverity € {Mild, Moderate, Severe}; :hasRadiodensity € {Radiolu-

3 https://github.com/AImageLab-zip/CBCT-Report/blob/main/data/ttl reports/
ToothFairy3F 001.ttl
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Fig. 1. Distribution of the number of extracted findings per patient and the distribution
of each finding type in the dataset.

cent, Radiopaque, MixedDensity}), or multi-label assertions (e.g., :hasMor-
phology, :hasPeriodontalFeature).

2.1 SHACL Validation and Automated Extraction

SHACL (Shapes Constraint Language) is a standard used to validate RDF graph
data against a set of conditions or constraints. Our SHACL core shape requires
exactly one :findingType, constrains qualifier value ranges, and validates tooth
IDs using an FDI regex. Additional shapes restrict qualifiers by finding type and
specific conditional requirements.

In our context, ground-truth instances are produced from free-text reports
using GPT-5.2. For each patient, the prompt includes: (i) the OWL/RDF on-
tology schema defined by clinicians, (i) the raw report text (both reports when
available) with instructions to consolidate duplicates, (7) three few-shot exam-
ples authored by clinicians, and (iv) explicit extraction rules. The model is tasked
to output pure Turtle code, i.e., a syntax for defining RDF graphs. Outputs are
parsed with rdf1ib and validated with pySHACL. Each extracted finding includes
an rdfs:comment that quotes the source phrase, enabling targeted auditing. The
extracted ontology instances (our labels) are released alongside free-text reports
and the final validated ontology instances, enabling future researchers to use the
labels without re-running the LLM extraction pipeline.

Supervised Iterative Refinement. We employ an iterative and interactive
extraction process: each SHACL violation (i.e., an output that is non-compliant
with the defined rules/shapes) was reviewed by a dental clinician who either cor-
rected a report typo, updated the ontology constraint, or manually authored the
instance for that patient. When systematic errors were identified, the prompt and
few-shot examples were updated, and affected cases were re-extracted. Iterations
continued until no extraction errors remained.

After the SHACL-based structural validation process, all generated ontology
instances were further manually verified by clinicians, leveraging the free-text re-
port excerpt from which the finding was extracted. Notably, the final structured
graphs represent clinician-validated annotations rather than raw LLM outputs.
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Fig. 2. Overview of the proposed pipeline (Sec. . Frozen VoxTell features are tok-
enized per anatomical structure and pooled into one embedding per structure. A pres-
ence head detects which finding types are active; per-finding-type slot heads localize
each finding to its anatomical index (tooth/side/quadrant) and predict its qualifiers.

Dataset Statistics and Label Distribution. Across successfully parsed cases,
the extraction pipeline yields a total of 5,703 finding instances over the 18 find-
ing types, exhibiting strong class imbalance consistent with clinical prevalence.
Fig. [[] shows all selected types and their distribution.

Clinical Agreement. To quantify human agreement, we separately applied
the above-described free-text-to-ontology automatic conversion pipeline to the
subset of 358 patients for whom at least two independent reports were available.
We refer the reader to Sec.[d] where the evaluation metrics and the corresponding
agreement scores are reported.

3 Methods

The proposed ontology allows us to reframe the free-text report generation task
into a “simpler” classification problem. To this aim, we develop and propose
a model that maps a CBCT volume and its multi-structure segmentation to
an ontology-grounded structured report through four pipeline stages: (i) frozen
multi-scale feature extraction, (ii) segmentation-guided regional tokenization,
(i) a trainable encoder producing one embedding per anatomical structure, and
(iv) ontology-driven prediction heads for finding presence (what), slot allocation
(where), and property prediction (how). The pipeline is depicted in Fig.

Feature Extraction and Tokenization. We adopt VoxTell [22] as a pretrained
and frozen 3D encoder. Features from encoder levels 3, 4, and 5 are upsampled to
the level-3 spatial grid and concatenated along the channel dimension (C=896),
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Fig. 3. t-SNE applied to extracted tokens after applying max-pooling to the largest
structures. Features used are the concatenation of VoxTell Stages 3, 4, and 5.

combining coarse semantic content (level 5) with finer spatial detail (level 3). The
ground-truth segmentation mask from the ToothFairy3 dataset is downsampled
to this grid via adaptive max-pooling to preserve structure labels.

This provides typically ~10,000 structure-aligned tokens per patient. Fig. [3]
shows a t-SNE visualization of extracted structure-level tokens, confirming that
embeddings form semantically coherent clusters by anatomical category.

Structure Encoder. Tokens are then projected to d=256, enriched with a
learned structure-type embedding (8 coarse anatomical categories) and a spatial
positional encoding, then grouped by structure ID. Within each group, additive
attention pooling collapses the tokens into a single structure embedding:

Se = Z o Xp, oy, = softmax,ez, (v tanh(Wx,)). (1)
ne’ly

Here, ¢ indexes an anatomical structure and Z, denotes the set of token indices
belonging to structure ¢; X, € R? is the embedded feature vector of token n. The
pooled structure representation s, € R is obtained as an attention-weighted sum
of its tokens, where oy ,, is the normalized attention weight computed via additive
attention: W is a learnable projection matrix, tanh(-) is applied element-wise,
and v is a learnable vector producing a scalar score per token. The softmax is
taken over n € Z; so that > oy, = 1. The resulting set of tokens is defined

as H e RBXSX256

Ontology-Driven Prediction Heads. Head configuration is derived auto-
matically from our SHACL schema at each stage.

nely

Stage 1 — finding presence (what). A global attention pool over H produces a
patient-level embedding, from which a small MLP predicts 13 sigmoid logits.

Stage 2 — slot allocation (where). For each finding type f with Ky ontology-
defined slots, slot embeddings are computed via cross-attention to H and a
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binary activation is predicted per slot:
Zj = CrossAttn(Qy, H, H) € REXK0 gelet _ o(Tz, Lp) (2)

The slot queries Qy follow the ontology indexing scheme: tooth-indexed find-
ing types use K ;=32 slots (one per FDI tooth 11-48) with queries initialized
from the corresponding tooth embeddings in H. Side-indexed types (K ;=2) and
quadrant-indexed types (Ky=4) use fully learned queries.

Stage 8 — property prediction (how). For each active (f, k) slot, a per-property
MLP maps Zy ) to qualifier predictions: softmax for single-choice categorical
properties, sigmoid for multi-label. During training, losses are applied only to
ground-truth active slots.

Training Objective. We minimize a weighted sum of per-stage losses:
L= ['pres + £slot + £pr0p~ (3)

Lpres and Lot use focal-BCE (y=0.5) with per-class positive weights; Lyt addi-
tionally applies label smoothing (€=0.1). L,0p uses cross-entropy for categorical
and BCE for multi-label properties, both with label smoothing (e=0.1).

4 Experiments

Evaluation Protocol. A clinically useful structured report must simultane-
ously satisfy detection, localization, and characterization axes. To this aim, we
evaluate performance at four levels, aligned with the staged task:

Finding-Type Detection (pres-F1). Macro F1 over the 13 finding types, ignoring
localization and properties.

Instance Localization (inst-F1). Macro F1 over (finding type, slot) pairs. A pre-
dicted slot activation is a true positive only if both the finding type and the
anatomical slot match a ground-truth target exactly.

Characterization Accuracy (char-acc). Mean per-property accuracy over true-
positive localized instances, isolating characterization from upstream errors.

Patient-Level Report Quality (rep-F1). Per-patient F1 between the predicted and
ground-truth sets of (finding type, slot) pairs, averaged across patients.

To decouple pipeline stages for ablation, we also report slot-F1 (slot-activation
F1 conditioned on ground-truth present finding types) and prop-F1 (property F1
conditioned on ground-truth active slots). These GT-conditioned metrics isolate
localization and characterization quality independently of upstream errors.

Training Setup. We use all 529 ToothFairy3 volumes with successfully ex-
tracted ground-truth. A fixed held-out test set (20%, ~107 volumes) is isolated
via stratified sampling over finding types, slots, and properties; the remaining
80% (~425 volumes) is partitioned into 5 folds, stratified by finding-type preva-
lence. Each fold trains on four-fifths of the pool (~340 samples). We report means
over folds. Training uses AdamW [I5] with cosine LR schedule (7peqr=1073,
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Table 1. Effect of segmentation source on full-model performance (5-fold CV means
+ std, fixed held-out test set). GT segmentations use ToothFairy3 masks; predicted
segmentations are obtained from an nnU-Net trained on the same split.

Segmentation pres-F1 slot-F1 prop-F1 inst-F1 char-acc rep-F1

nnU-Net 71.2+£0.6 51.7+£2.2 50.1+0.6 43.3+0.9 51.0+0.6 49.8 £1.7
GT 72.0+£1.0 53.4+1.1 61.24+1.5 46.7+0.8 85.4+0.7 53.8£0.9

Table 2. Effect of VoxTell encoder level on full-model performance (5-fold CV means).
Single-level inputs use features of that level only; concat uses levels 3+4+5.

Features pres-F1 slot-F1  prop-F1 inst-F1 char-acc rep-F1

Lv. 3 694+18 524+14 586+£17 441+13 84.2+09 51.1£22
Lv. 4 70.1+£15 528=+1.2 594+16 449+12 84.6+08 51.9+19
Lv. 5 60.1+3.1 487+28 53.6£22 372+19 80.7+15 43.1+4.1

Concat 720+13 534+1.1 61.2+15 46.7£0.8 85.4+0.7 53.8+0.9

Nmin=1077), batch size 32, dropout p=0.2, and early stopping on validation
pres-F1 (patience 50, max 150 epochs). Post-hoc per-class threshold calibration
is applied on the validation fold before reporting test metrics.

Segmentation Sensitivity. Tab.[I]reports model performance when leveraging
automatic segmentation produced by an nnU-Net trained on the same split vs
the GT segmentation masks. The small gap between these two variations (pres-
F1: 71.2 vs. 72.0; rep-F1: 49.8 vs. 53.8) indicates that the pipeline is robust to
imperfect structure delineation and quantifies the contribution of segmentation
quality to reporting performance.

Stage-Decoupling Analysis. In the same table (Tab. , distinct behaviors
at each prediction stage are reported. Under GT-conditioned evaluation, slot-
F1=>53.4 and prop-F1=61.2 confirm that, given correct upstream inputs, both
localization and qualifier prediction perform reliably. In a fully-predicted evalu-
ation (segmentation predicted), inst-F1 drops to 43.3 due to cascading detection
errors. Notably, with GT segmentation, char-acc is high (85.4): if a finding is
correctly detected and localized, its clinical properties are predicted with high
fidelity. This identifies presence detection as the primary deployment bottleneck,
not characterization.

Multiscale Feature Ablation. Tab. [2] compares individual VoxTell encoder
levels against the full multi-scale concatenation. Level 5 alone performs worst:
at 8x16x16 resolution, structure-masked pooling collapses the localization sig-
nal. Levels 3 and 4 retain finer spatial detail and perform substantially better.
Concatenating all three levels yields the best results, confirming that high-level
semantic content and fine spatial resolution are complementary.

Clinical Agreement. Human agreement is high overall for finding detection
(pres-F10.81+0.16) and characterization (char-acc. 0.8340.13) and remains sub-
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stantial for structured report matching (rep-F1 0.67+0.21) and instance local-
ization (inst-F1 0.7040.20).

5 Conclusion

We introduce the first ontology-grounded CBCT report resource, with 893 clin-
ical reports and clinician-validated structured labels spanning 13 finding types.
We also propose a hierarchical metric suite that decouples detection, localiza-
tion, and characterization, replacing surface-level text similarity with clinically
interpretable scores, and a lightweight ontology-driven baseline. Overall, the re-
leased dataset, ontology, metrics, and baseline provide a rigorous foundation
for moving dental CBCT AI beyond segmentation toward clinically actionable
interpretation.
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