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Abstract
Objectives. To compare frozen DINOv2-small with supervised ImageNet-pretrained visual
representations for tooth-level multi-label diagnosis classification on panoramic radiographs,
emphasizing performance under constrained annotation budgets.

Methods. We analysed 705 fully annotated DENTEX panoramic radiographs using 224×224 tooth-level
regions of interest for four diagnosis labels and a radiograph-grouped 65/15/20 train/validation/test
split. Frozen DINOv2-small, ImageNet-pretrained ResNet50, and random ResNet50 representations were
evaluated with per-label logistic-regression linear probes. Fifty matched few-shot repetitions used
annotation budgets of k = 5–100 positive examples per label with matched negatives. A secondary
sensitivity analysis added a supervised ImageNet-pretrained ViT-S/16 comparator.

Results. In the prespecified full-data comparison, DINOv2 and ImageNet ResNet50 achieved similar
macro-F1 (0.6243 vs 0.6181; 95% CI for the difference, -0.057 to 0.068; permutation p = 0.88), while
random ResNet50 achieved 0.4635. Across few-shot budgets, DINOv2 exceeded ImageNet ResNet50 in
all 50 repetitions (mean paired difference + 0.0488 to + 0.0732). Supervised ViT achieved full-data
macro-F1 0.6088; DINOv2 also exceeded it on average at every few-shot budget (mean paired difference 
+ 0.0139 to + 0.0331).

Conclusions. DINOv2 showed no statistically robust full-data advantage over ImageNet ResNet50 but
provided the strongest frozen representation under constrained annotation budgets. Its few-shot
advantage persisted against a supervised Vision Transformer, indicating that the finding was not solely a
CNN-versus-transformer effect. Differences in pretraining data, objective, patch size, and training recipe
prevent attribution of the advantage specifically to self-supervision.

Introduction
Panoramic radiography is widely used for initial dental assessment, but interpretation is subject to
observer variability and has recognized limitations for subtle caries and periapical findings [1, 14]. These
limitations have motivated substantial work on computer-assisted analysis of dental radiographs. Deep-
learning systems have been evaluated for caries detection and staging [15–18], periapical lesion
detection and segmentation [19, 20], impacted-tooth detection [21, 22], and automated tooth detection
and numbering [23]. The Dental Enumeration and Diagnosis on Panoramic X-rays (DENTEX) challenge
subsequently established a public, expert-annotated benchmark for tooth-level detection and diagnosis
of four abnormal findings: caries, deep caries, periapical lesion, and impacted tooth [2].

A recurring practical constraint in dental AI, and in medical imaging AI more broadly, is the scarcity and
cost of expert-annotated training data. This annotation bottleneck is a central motivation for self-
supervised, foundation-model, and other label-efficient learning approaches in medical imaging [24–27,
30–33]. Large-scale radiology foundation models increasingly rely on self-supervised encoders and
transferable representations, with evaluation on downstream tasks using limited supervision becoming
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an important methodological question [30–33]. In dentistry, this issue has become especially current: a
DINOv2-initialized, domain-adapted self-supervised framework recently achieved strong segmentation
performance on periapical films using only 229 labelled images after pretraining on 74,292 unlabelled
films [34], while an unsupervised few-shot approach has also been evaluated for periodontal diagnosis
on panoramic radiographs [35]. Dental-specific panoramic foundation models are now emerging at
substantially larger scale [36], and recent benchmarking work has evaluated DINO-family encoders
across multiple dental image-analysis tasks [4]. These developments strengthen the case for explicitly
evaluating not only absolute downstream accuracy but also how efficiently alternative pretrained
representations use scarce annotations.

Recent panoramic-radiography AI studies also illustrate how rapidly the task-specific literature is
expanding. Contemporary work includes multistage and transformer-based caries detection [37–39, 49,
56], periapical lesion classification and segmentation [40–43], impacted-tooth detection and
classification with hybrid CNN-transformer, YOLO-based, and embedding-based approaches [44, 45, 53,
54], and newer deep-learning systems for tooth identification and numbering [46, 47]. At the other end of
the scale, 2026 systems such as DentFound and DentVLM illustrate the rapid move toward large multi-
centre and multimodal dental foundation models [59, 60]. These systems address comprehensive
diagnosis and report generation rather than the controlled frozen-representation question studied here.
Recent evidence syntheses further document the breadth and heterogeneity of this field: systematic
reviews/meta-analyses have evaluated tooth detection and segmentation [50], periapical radiolucency
detection [51, 52], and CNN-versus-Vision-Transformer approaches across dental imaging tasks [55].
The latter review found that panoramic radiography was the most common imaging modality among
included CNN-versus-ViT comparisons, while also emphasizing that neither architecture is uniformly
superior across tasks [55]. This literature demonstrates increasingly strong task-specific performance,
but it predominantly optimizes individual end-to-end systems. It does not directly answer the
representation-level question addressed here: how self-supervised and supervised pretrained visual
features compare under identical downstream classifiers and deliberately matched annotation budgets.

The primary study compared frozen DINOv2-small self-supervised features with frozen, supervised
ImageNet-pretrained ResNet50 features for tooth-level multi-label diagnosis classification on DENTEX,
using the established linear-evaluation paradigm [28, 29]. These models were selected as practical off-
the-shelf representatives of two widely used transfer-learning regimes: a modern self-supervised Vision
Transformer and a conventional supervised convolutional ImageNet backbone. A randomly initialized
ResNet50 served as a negative control. Because this primary comparison confounds pretraining regime
with backbone family, we additionally performed a secondary architecture-matched sensitivity analysis
using a supervised ImageNet-pretrained ViT-S/16 of similar model scale. This additional comparator was
not treated as a perfectly controlled pretraining-objective ablation, because patch size, pretraining
corpus, and training recipe still differ from DINOv2. The central question was whether representation-
level differences persist when expert-labelled training examples are deliberately constrained.

Materials and methods
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Dataset and prediction unit

The fully annotated subset of the public DENTEX dataset (705 panoramic radiographs, three institutions,
heterogeneous acquisition equipment) was used [2]. Ground-truth diagnosis annotations are provided
for four labels — Caries, Deep Caries, Periapical Lesion, and Impacted — at the level of individual
anatomical teeth, defined by the triplet (image identifier, quadrant, tooth position). The analytic manifest
used in this study therefore treats the source radiograph as the highest available grouping unit; patient-
level demographic variables were not incorporated into model development or evaluation. This study
addresses diagnosis classification conditional on an already-localized, annotated abnormal-tooth ROI; it
does not address end-to-end detection or screening of unselected radiographs.

Region-of-interest construction

For each anatomical tooth, all diagnosis-specific bounding boxes assigned to the same (image identifier,
quadrant, tooth position) triplet were combined into a single union bounding box. Local context was
added symmetrically by extending each horizontal side by 10% of the union-box width and each vertical
side by 10% of its height, with coordinates clipped to the original image boundaries. The resulting region
was cropped from the original-resolution RGB radiograph. Each crop was then resized with aspect ratio
preserved using Lanczos resampling so that it fit within 224×224 pixels and was centered on a 224×224
canvas with black padding (letterboxing); no geometric cropping was used during this resizing step. For
teeth carrying more than one diagnosis label, the same union ROI was used for all labels.

Sample size. No a priori sample-size calculation was performed because the analysis used the complete
eligible fully annotated DENTEX subset available for the study. Statistical uncertainty and robustness
were instead characterized using grouped resampling and cross-validation.

Data split

A radiograph-grouped split (train 65% / validation 15% / test 20%) was used, so that no radiograph — and
therefore no tooth from that radiograph — appeared in more than one partition. Among 5000 candidate
group-shuffle splits, the split minimizing a combined score of (i) deviation of each label's prevalence in
every partition from its overall prevalence and (ii) deviation of partition size from its target fraction was
selected and frozen for all subsequent analyses.

Visual representations

Four frozen image representations were evaluated across the complete analysis: (1) DINOv2-small [3]
(Hugging Face checkpoint “facebook/dinov2-small”), a self-supervised Vision Transformer with a 384-
dimensional output; (2) ResNet50 pretrained on ImageNet-1k under supervised classification
(torchvision IMAGENET1K_V2 weights; 2048-dimensional global-average-pooled output) [8, 9]; (3) a
randomly initialized ResNet50 with the same architecture and no pretraining, used as a negative control;
and (4), in a secondary architecture-matched sensitivity analysis, a supervised ViT-S/16 (timm
checkpoint “vit_small_patch16_224.augreg_in21k_ft_in1k”), a 22.1-million-parameter Vision Transformer
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with 16×16 patches and 384-dimensional features, pretrained on ImageNet-21k and fine-tuned on
ImageNet-1k using the AugReg training recipe [57, 58]. All backbones were frozen and only label-specific
linear classifiers were trained. For the supervised ViT, model-specific inference preprocessing was
obtained programmatically with timm.data.resolve_model_data_config and timm.data.create_transform
(is_training=False), corresponding to 224×224 input, bicubic interpolation, center cropping, and channel-
wise normalization with mean and standard deviation of 0.5. The supervised ViT comparator was
introduced to test whether the DINOv2 few-shot finding persisted against another transformer backbone
of similar model scale; it was not considered a causal isolation of self-supervised pretraining because
the two ViTs differ in patch size, pretraining corpus, objective, and training recipe.

Classifier and model selection

For each representation and each of the four labels, a one-vs-rest logistic regression linear probe was fit
on the training partition. Regularization strength (C ∈ {0.01, 0.1, 1, 10, 100}), class weighting (none or
“balanced”), and the decision threshold (grid search over 0.05–0.95 in steps of 0.01, maximising
validation F1) were selected using the validation partition only, independently for every label and
representation. The test partition was not used for any model or threshold selection and was evaluated
exactly once per representation for the primary analysis.

Full-data evaluation

Using the validation-selected configuration, each representation's linear probes were refit on the training
partition and evaluated once on the locked test partition. Macro-averaged F1 across the four labels was
the primary outcome measure, given the substantially different prevalence of the four labels; micro-
averaged F1 and per-label sensitivity, specificity, precision, and F1 are reported as secondary measures.

Robustness and sensitivity analyses

Radiograph-cluster bootstrap. Because multiple teeth can originate from the same radiograph and are
therefore not independent observations, uncertainty was quantified with a cluster bootstrap resampling
whole radiographs (with replacement) rather than individual teeth, using 2000 resamples, both for overall
macro/micro-F1 and, in a supplementary analysis, for each label individually.

Cluster-level permutation test. As an independent, non-parametric complement to the bootstrap
confidence interval, a paired sign-flip permutation test (5000 permutations) was performed for the full-
data DINOv2-versus-ImageNet macro-F1 difference: in each permutation, the two representations'
predictions were exchanged, radiograph by radiograph, with probability 0.5, and the resulting null
distribution of macro-F1 differences was compared with the observed difference.

Nested radiograph-grouped cross-validation. As a complementary estimate of performance independent
of the single frozen split, the complete labelled pool was partitioned into five outer folds using
GroupKFold with source image_id as the grouping variable, ensuring that teeth from the same radiograph
could not occur in both outer-training and outer-test data. Within each outer-training pool, a single
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radiograph-grouped 80:20 inner train/validation split was generated with GroupShuffleSplit. For every
representation and diagnosis label, the inner validation set was used to select C ∈ {0.01, 0.1, 1, 10, 100},
class_weight ∈ {None, balanced}, and a decision threshold from 0.05 to 0.95 in increments of 0.05 by
maximizing label-specific F1. The selected configuration was then refitted on the complete outer-training
pool and evaluated once on the held-out outer-test fold. This analysis was supplementary to, and did not
replace or modify, the prespecified locked train/validation/test analysis.

Few-shot sample-efficiency analysis. The repeated analysis used label-specific balanced training subsets
at k ∈ {5, 10, 20, 50, 100}. For each one-vs-rest diagnosis task, up to k positive and k negative training
teeth were sampled. Sampling preferentially selected teeth from distinct source radiographs, with
additional teeth from represented radiographs used only when required to reach k. Multi-label teeth were
handled independently for each label. Fifty independently seeded repetitions were performed at every k.
Identical label-specific sampled indices were reused across DINOv2, ImageNet-pretrained ResNet50,
random ResNet50, and, in the secondary architecture-matched analysis, supervised ViT-S/16. For the
three original representations, previously validation-selected hyperparameters and thresholds were held
fixed. The supervised ViT underwent the same validation-only selection procedure before locked-test and
few-shot evaluation. All repetitions used the same locked test partition.

Secondary grouped-split robustness. As a further check on dependence on the single frozen split, the
full-data comparison was repeated across 20 independently resampled radiograph-grouped splits.

Statistical analysis
Ninety-five percent confidence intervals for the primary locked-test analyses were computed as
radiograph-cluster bootstrap percentile intervals unless otherwise stated. For each original DINOv2-
versus-ImageNet few-shot budget, the 50 matched macro-F1 differences were summarized by mean and
standard deviation, and a 95% bootstrap interval for the mean paired difference was obtained from 5,000
bootstrap resamples. Architecture-matched DINOv2-versus-supervised-ViT comparisons were
summarized as paired mean differences, standard deviations, and the number of DINOv2-favouring
repetitions. Because all few-shot repetitions share the same locked test partition, these summaries
quantify training-sample sensitivity rather than uncertainty from independent datasets. Per-label and
architecture-matched analyses were secondary/exploratory; the prespecified primary endpoint remained
four-label macro-F1 for DINOv2 versus ImageNet-pretrained ResNet50.

Reporting

This study is reported with reference to the TRIPOD + AI statement for studies developing or evaluating a
prediction model that uses regression or machine-learning methods [12], insofar as its items apply to a
representation-comparison design rather than a single deployable model.

Results
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Full training-set comparison

On the locked test partition of the frozen radiograph-grouped split, DINOv2 achieved a macro-F1 of 0.624
(micro-F1 0.748), ImageNet-pretrained ResNet50 achieved a macro-F1 of 0.618 (micro-F1 0.756), and the
randomly initialized ResNet50 achieved a macro-F1 of 0.464 (micro-F1 0.658) (Table 1; per-label positive
counts are reported in Table 2). The radiograph-cluster bootstrap 95% confidence interval for the
DINOv2-minus-ImageNet macro-F1 difference was − 0.057 to 0.068 (bootstrap probability of a positive
difference, 0.61), indicating no statistically robust full-data advantage for either representation. This was
corroborated by an independent cluster-level permutation test (observed difference + 0.006; two-sided p 
= 0.88) and by nested 5-fold radiograph-grouped cross-validation, in which mean macro-F1 was 0.633
(SD 0.025) for DINOv2 and 0.617 (SD 0.014) for ImageNet, with overlapping fold-level ranges. Both
pretrained representations substantially and robustly exceeded the randomly initialized control (DINOv2
minus random, + 0.161, 95% CI 0.107–0.212; ImageNet minus random, + 0.153, 95% CI 0.101–0.209),
confirming that the pipeline captured genuine, pretraining-dependent representation quality rather than
an artefact of the classification procedure.

Table 1
Prespecified primary full-data test-set performance for DINOv2, ImageNet-pretrained ResNet50, and the

random-feature negative control (locked test partition; validation-selected hyperparameters and
thresholds). The supervised ViT was introduced only as a secondary architecture-matched sensitivity

comparator and is reported separately.
Representation Macro-

F1
Micro-
F1

Macro
precision

Macro
recall

DINOv2-small (frozen) 0.624 0.748 0.579 0.705

ResNet50, ImageNet-pretrained (frozen) 0.618 0.756 0.562 0.687

ResNet50, randomly initialized (negative
control)

0.464 0.658 0.410 0.551

Per-label full-data performance

Per-label F1 varied considerably with label prevalence (Table 2). Caries (observed test prevalence 64.4%)
and Impacted (17.5%) were classified with high F1 by all pretrained representations. Deep Caries (15.5%)
and, in particular, Periapical Lesion (4.6%; 33 positive teeth in the test partition) were classified with
substantially lower and less stable F1. Radiograph-cluster bootstrap confidence intervals computed
separately for each label showed that, for Periapical Lesion, the point-estimate ranking between DINOv2
(F1 0.385, 95% CI 0.204–0.561) and ImageNet (F1 0.436, 95% CI 0.255–0.607) reversed relative to the
other labels, but the two confidence intervals overlapped almost completely, indicating that neither
representation's apparent advantage on this label is statistically distinguishable from the other given the
small number of positive test examples. The randomly initialized control performed near floor on this
label (F1 0.049, 95% CI 0-0.133), confirming that both pretrained representations retain genuine, if
limited, discriminative information for this rarer finding. Accordingly, label-specific comparisons for
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Periapical Lesion are considered exploratory and should not be used to infer superiority of either
pretrained representation.

Table 2
Full-data per-label F1 (95% radiograph-cluster bootstrap confidence interval in parentheses).

Label DINOv2 ImageNet
ResNet50

Random ResNet50
(control)

Caries (n = 457 positive) 0.853 (0.828–
0.878)

0.857 (0.832–
0.883)

0.821

Deep Caries (n = 110) 0.391 (0.319–
0.464)

0.339 (0.241–
0.425)

0.293

Impacted (n = 124) 0.873 (0.817–
0.918)

0.833 (0.771–
0.883)

0.686

Periapical Lesion (n = 
33)

0.385 (0.204–
0.561)

0.436 (0.255–
0.607)

0.049 (0.000-0.133)

Sample-efficiency (few-shot) comparison

Across all five constrained annotation budgets, the 50-repetition analysis showed a consistent ordering
of DINOv2 > ImageNet-pretrained ResNet50 > random ResNet50 (Table 3; Fig. 1). DINOv2 mean macro-F1
increased from 0.4298 at k = 5 to 0.5317 at k = 100, compared with 0.3606 to 0.4830 for ImageNet
ResNet50 and 0.2725 to 0.3847 for random ResNet50. The paired DINOv2-minus-ImageNet advantage
was + 0.0692, + 0.0732, + 0.0668, + 0.0577, and + 0.0488 at k = 5, 10, 20, 50, and 100, respectively;
DINOv2 was favoured in all 50 repetitions at every budget. Bootstrap intervals for the mean paired
differences excluded zero at all five budgets.

Table 3
Paired few-shot sample-efficiency comparison: DINOv2 minus ImageNet-pretrained ResNet50 macro-F1
across 50 matched training-set resampling repetitions per budget. Each k denotes up to k positive plus k

negative examples for each label-specific binary probe.
Up to k positive and k
negative examples per label

Mean paired Δ
macro-F1

95% bootstrap
interval for mean Δ

DINOv2 better (of 50
repetitions)

5 + 0.0692 0.0619 to 0.0767 50/50

10 + 0.0732 0.0665 to 0.0796 50/50

20 + 0.0668 0.0626 to 0.0713 50/50

50 + 0.0577 0.0534 to 0.0619 50/50

100 + 0.0488 0.0448 to 0.0527 50/50

Architecture-matched supervised-ViT sensitivity
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A supervised ImageNet-pretrained ViT-S/16 was added as a secondary architecture-matched
comparator. Its full-data macro-F1 was 0.6088 (Caries 0.8557; Deep Caries 0.3417; Impacted 0.8456;
Periapical Lesion 0.3922). Under matched few-shot sampling, mean macro-F1 ranged from 0.4159 at k = 
5 to 0.4986 at k = 100. DINOv2 exceeded the supervised ViT on average at every budget, with paired
mean differences of + 0.0139, + 0.0220, + 0.0262, + 0.0317, and + 0.0331 at k = 5, 10, 20, 50, and 100,
respectively. DINOv2 was favoured in 36/50, 42/50, 49/50, 50/50, and 50/50 matched repetitions. This
secondary result indicates that the sample-efficiency advantage was not confined to comparison with a
convolutional supervised backbone.

Table 4
Architecture-matched few-shot sensitivity: DINOv2 versus supervised ViT-S/16 across 50

matched training-set resampling repetitions.
k DINOv2 mean (SD) Supervised ViT mean (SD) Mean paired Δ DINOv2 better

5 0.4298 (0.0268) 0.4159 (0.0285) + 0.0139 36/50

10 0.4623 (0.0182) 0.4403 (0.0188) + 0.0220 42/50

20 0.4855 (0.0133) 0.4594 (0.0140) + 0.0262 49/50

50 0.5139 (0.0126) 0.4822 (0.0113) + 0.0317 50/50

100 0.5317 (0.0089) 0.4986 (0.0078) + 0.0331 50/50

Sensitivity to threshold and hyperparameter choice

Full-data macro-F1 was similar whether the validation-selected, per-label threshold or a fixed threshold of
0.5 was used for all three representations (DINOv2: 0.624 vs 0.636; ImageNet: 0.618 vs 0.619; random
control: 0.463 vs 0.459), indicating that the primary comparison was not an artefact of threshold
selection. A denser, purely descriptive grid over the regularization parameter C (1 to 200, thresholds held
fixed) showed a non-monotonic, sign-unstable DINOv2-minus-ImageNet difference (range − 0.050 to + 
0.030) with no consistent plateau, reinforcing rather than contradicting the conclusion, from the
bootstrap and permutation analyses, that no robust full-data advantage exists for either representation.

Discussion
In this tooth-level multi-label classification task, frozen DINOv2 and supervised ImageNet-pretrained
ResNet50 features were statistically indistinguishable on the prespecified full-data split, whereas DINOv2
showed a consistent advantage when labelled training examples were constrained. The 50-repetition
analysis demonstrated DINOv2 superiority over ImageNet ResNet50 in all 50 matched repetitions at
every annotation budget, while the random-feature control remained substantially lower. This pattern is
directionally concordant with recent dental studies specifically addressing annotation scarcity: domain-
adapted DINOv2 enabled segmentation of seven structures from only 229 labelled periapical films [34],
and an unsupervised few-shot framework has been evaluated for periodontal classification from
panoramic radiographs [35]. More broadly, contemporary reviews identify label efficiency as a central
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challenge for medical imaging and highlight foundation-model transfer as an increasingly important
strategy [26, 30–33]. The present study nevertheless addresses a narrower representation-level question
by keeping the downstream classifier framework fixed. Accordingly, the primary interpretation is
comparative representation quality under constrained annotation, rather than a general claim that one
learning paradigm is intrinsically superior.

The secondary supervised-ViT analysis materially refines interpretation of the few-shot result. The
supervised ViT-S/16 achieved full-data macro-F1 0.6088, close to the two original pretrained
representations, but its few-shot performance remained below DINOv2 at every budget: mean paired
DINOv2-minus-ViT differences were + 0.0139, + 0.0220, + 0.0262, + 0.0317, and + 0.0331 from k = 5
through k = 100, with DINOv2 favoured in 36/50, 42/50, 49/50, 50/50, and 50/50 repetitions, respectively.
Thus, the DINOv2 sample-efficiency advantage was not restricted to comparison with a convolutional
supervised backbone. This is important because a recent systematic review of dental image processing
found frequent task-dependent differences between CNN and ViT models rather than uniform superiority
of one architecture [55]. However, the sensitivity analysis does not establish that self-supervision itself
caused the advantage: the supervised comparator was pretrained on ImageNet-21k and fine-tuned on
ImageNet-1k with AugReg [58], whereas DINOv2 was pretrained self-supervised on a much larger
curated image corpus [3]. Patch size and training recipe also differ. The observed differences should
therefore be interpreted as properties of the complete pretrained representations—including architecture,
pretraining objective, corpus, and optimization recipe—rather than as an isolated causal estimate of self-
supervision. The magnitude and budget dependence of the advantage also differed by comparator: the
DINOv2-ResNet50 gap attenuated with increasing k, whereas the DINOv2-supervised-ViT gap increased
modestly.

From a practical model-development perspective, the few-shot gains quantify annotation efficiency
rather than demonstrated clinical benefit. For example, at k = 50, mean locked-test macro-F1 was 0.5139
for DINOv2, 0.4822 for the supervised ViT, and 0.4562 for ImageNet ResNet50. No validated clinical-
utility threshold exists for macro-F1 in this experimental, ROI-conditioned task, so these differences
should not be labelled clinically meaningful. Their practical relevance is that, for a fixed small expert-
annotation budget, the choice of frozen representation changed downstream performance consistently.
More generally, representation choice became consequential precisely when annotation was
constrained, even though the pretrained representations approached similar performance in the full-data
setting. Frozen-feature workflows also front-load computation: embeddings can be extracted once and
reused while the logistic probes are inexpensive to retrain. We did not benchmark inference latency,
memory use, energy consumption, or carbon footprint, however, and therefore cannot claim that the
observed accuracy gains are computationally or economically cost-effective.

Several limitations should be considered when interpreting these results. First, the dataset originates
from a single challenge cohort (three institutions, but a single curated release) [2], and generalisability to
different equipment or patient populations was not assessed. Recent panoramic foundation and vision-
language systems have been developed and evaluated at substantially larger multi-centre scale [36, 59,
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60], underscoring that the present results require independent replication rather than further internal
resampling to establish transportability. These systems address broader end-to-end diagnostic or
multimodal objectives than the present frozen-representation experiment. The current findings therefore
define a complementary research setting: when extensive task-specific annotation or development of a
domain-specific foundation model is not feasible, a frozen general-purpose representation may provide a
strong starting point for label-efficient downstream modelling; this should not be interpreted as
equivalence to, or replacement of, domain-specific foundation models. Second, Periapical Lesion had
only 33 positive test examples and unstable per-label estimates. Its full-data point estimate even
reversed the ranking seen for Deep Caries and Impacted teeth (DINOv2 F1 0.3793 versus ImageNet
ResNet50 0.4384), illustrating how a rare label can dominate a four-label macro-average. In a secondary
sensitivity analysis excluding Periapical Lesion, the DINOv2-minus-ImageNet difference increased from
+ 0.0062 to + 0.0279 macro-F1, but the radiograph-cluster bootstrap interval still included zero (-0.0066
to + 0.0652). We therefore retain the prespecified four-label endpoint and interpret the Periapical result
as an underpowered rare-label stress case rather than using post-hoc label exclusion to redefine the
main task. Third, the study evaluated frozen linear probes rather than end-to-end fine-tuning. Fourth, the
task was diagnosis classification conditional on an already-localized annotated abnormal-tooth ROI and
should not be extrapolated to end-to-end screening. Fifth, the supervised ViT comparator reduces, but
does not eliminate, architecture-related confounding: DINOv2-small and supervised ViT-S/16 still differ in
patch size, pretraining corpus, objective, and training recipe. Sixth, probability calibration was not
evaluated. Finally, patient-level demographic and detailed acquisition metadata were not incorporated,
limiting subgroup and equipment-specific generalizability assessments.

In conclusion, frozen DINOv2-small did not show a statistically robust advantage over ImageNet-
pretrained ResNet50 on the prespecified full-data comparison, but it consistently provided the strongest
performance under constrained annotation budgets. The few-shot advantage persisted against a
supervised Vision Transformer of similar model scale, reducing concern that the original result was
solely a CNN-versus-transformer effect. These findings support DINOv2 as a strong candidate frozen
representation for annotation-limited dental imaging research, while not isolating self-supervised
pretraining as the causal source of the advantage. External validation, calibration assessment, and end-
to-end fine-tuning studies remain necessary before broader generalisation or clinical-use claims can be
made.
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Figure 1

Few-shot locked-test macro-F1 across frozen visual representations. Points show means across 50
matched training-set resampling repetitions; shaded bands show ±1 SD. Identical label-specific sampled
indices were used across representations within each repetition. Variability therefore reflects training-
sample selection conditional on the same locked test partition
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