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Abstract

Undiagnosed interstitial lung disease (UILD), an early form of lung fibrosis is increas-
ingly detected in population-based low-dose computed tomography (LDCT) screening but
remains systematically under-reported due to its subtle appearances. We develop and
validate a foundation-model–augmented deep learning system for UILD detection across
two of the largest thoracic CT cohorts worldwide: SUMMIT, the UK’s largest LDCT
screening study (>11,000 scans), and COPDGene, a multi-centre US cohort spanning 21
scanners and >8,800 scans. We propose ViT-3D-TE, a multi-token 3D Vision Transformer
that aims to preserve both high-frequency focal texture and diffuse parenchymal change
through CLS, MAX, and AVG token fusion. The model is initialised with TANGERINE,
an open-source 3D masked autoencoder pretrained on 98,000 full-volume LDCT scans,
providing volumetric priors essential for stable optimisation. Trained solely on SUMMIT
and evaluated on COPDGene without domain adaptation, ViT-3D-TE achieved strong
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performance (AUROC 0.9805, AUPRC 0.7699 internal; AUROC 0.9705, AUPRC 0.6170
external), representing 17× and 25× improvements over random baselines at clinically re-
alistic cohort prevalences (4.6% and 2.5%). We further introduce ConvNeXt-2.5-MIL, a
slice-based 2.5D alternative that performs competitively without relying on 3D foundation
model pretraining. Together, these results provide, to our knowledge, the largest real-world
validation to date of deep learning for UILD detection and demonstrate that foundation-
model–enhanced 3D Transformers offer a practical and scalable pathway for integrating
UILD detection into national LDCT screening workflows.

Keywords: Foundation Model, Large-scale CT data, UILD, ViT, ConvNeXt.

1. Introduction

Interstitial lung disease (ILD) comprises a heterogeneous group of disorders characterised
by inflammation, fibrosis, and progressive architectural distortion of the lung parenchyma.
Within this spectrum, recent screening-cohort studies have identified an under-recognised
subgroup with definite fibrotic changes on CT but no prior ILD diagnosis. This entity,
termed undiagnosed interstitial lung disease (UILD) is defined radiologically by faint retic-
ulation coexisting with early traction bronchiolectasis in three or more lung lobes which falls
below existing diagnostic thresholds, yet remains prognostically important (Hunninghake
et al., 2022; Hatabu et al., 2020). Individuals with UILD have significantly higher risks of
respiratory hospitalisation and mortality than CT-normal peers, even after adjusting for age
and smoking history (Putman et al., 2016; Sanders et al., 2023). UILD is not rare. Across
large lung cancer screening programmes, early fibrotic abnormalities are seen in approxi-
mately 4–8% of older adults (Jin et al., 2013; Brown et al., 2019), but most cases remain
unreported because findings are low-contrast, spatially heterogeneous, and often dismissed
as benign age-related change (Hatabu et al., 2020; Hunninghake et al., 2022).

The rapid expansion of population low-dose CT (LDCT) programmes heightens the
urgency for automated early fibrosis detection. Initiatives such as the UK Targeted Lung
Health Check and comparable international efforts now generate millions of volumetric
scans annually (de Koning et al., 2020; Team, 2011; Cancer Research UK, 2024). Although
designed primarily for cancer detection, these programmes offer an opportunity to identify
incipient interstitial lung disease at a stage when lung function is often preserved and inter-
vention may still alter disease trajectory (de Mattos et al., 2022). However, integrating ILD
assessment into routine screening faces major capacity constraints: subtle UILD patterns
are easily overlooked by generalist radiology readers, inter-reader agreement is modest, and
expert review of every LDCT scan is infeasible at national scale (The Royal College of
Radiologists, 2023). These factors create a compelling need for robust, scalable AI systems
capable of flagging fibrotic abnormalities.

Despite progress in deep learning for fibrosis staging and ILD subtype classification, au-
tomated detection of UILD in screening populations remains limited. Early fibrotic changes
often appear as fine textural deviations in the peripheral lung, sometimes spanning only a
few slices. These characteristics make UILD particularly challenging for standard 3D Vision
Transformers (ViTs) (Dosovitskiy, 2020), which rely on deep semantic abstractions formed
after extensive patch mixing. This process can oversmooth high-frequency parenchymal
texture cues—such as early reticulation or traction change—that radiologists depend on for
diagnosis, leading to false negatives and unstable decision boundaries.
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To address these limitations, we propose ViT-3D-TE, a multi-token fusion 3D Vision
Transformer designed to better preserve radiologically meaningful texture. The architecture
integrates complementary representations from the final encoder block: (i) a global [CLS]
token summarising overall thoracic context and lobar distribution; (ii) a MAX-pooled em-
bedding that encourages sensitivity to focal, high-saliency abnormalities; and (iii) an AVG-
pooled embedding that encourages retention of diffuse, low-amplitude parenchymal change.
This token-ensemble design is motivated by radiological reasoning, where both focal traction
change and subtle distributed reticulation contribute to early disease assessment.

A second cornerstone of our approach is TANGERINE (McConnell et al., 2025), a 3D
masked-autoencoder foundation model pretrained on more than 98,000 full-volume chest
CT scans. TANGERINE provides robust anatomical priors and stabilises full-volume ViT
optimisation, which would otherwise be brittle under the substantial class imbalance and
subtle pathology characteristic of UILD.

Contributions. This work makes four primary contributions:

1. We develop a deep learning system for detecting undiagnosed interstitial lung disease
(UILD) under clinically realistic disease prevalence, trained and internally validated
on the SUMMIT lung cancer screening cohort and externally validated on COPDGene.

2. We introduce ViT-3D-TE, a token-ensemble 3D Vision Transformer that preserves
high-frequency focal texture cues alongside global context, mitigating the oversmooth-
ing limitations of standard 3D Transformers.

3. We demonstrate the critical role of large-scale 3D foundation model pretraining in this
setting, showing that the TANGERINE encoder substantially improves performance
over convolutional baselines and unpretrained Transformers.

4. We propose ConvNeXt-2.5-MIL, a 2.5D slice-based MIL architecture with gated at-
tention and cranio–caudal positional encoding that achieves strong performance in
the absence of 3D foundation model pretraining.

2. Related Works

Deep learning has been applied to a range of ILD diagnosis tasks in specialist cohorts,
primarily using high-resolution CT (HRCT). Prior work includes models for idiopathic
pulmonary fibrosis (IPF) diagnosis and acute exacerbation detection, pattern-subtype clas-
sifiers using 3D CNNs or radiomics, and multimodal frameworks that integrate CT with
clinical and pathological data (Yu et al., 2023; Huang et al., 2024; Zhang et al., 2025;
Kumarganesh et al., 2025; Baba et al., 2025). Across these HRCT clinic studies, models
are trained on hundreds of patients from tertiary ILD centres, often incorporate additional
clinical priors, and address tasks such as IPF diagnosis, acute exacerbation detection, or
pattern subtyping in already-diagnosed ILD.

Most closely related to our setting, Chen et al. evaluated ScreenDx, an FDA-cleared
proprietary deep learning tool, for automated detection of early or under-diagnosed ILD in
a COPDGene sub-cohort (2,280 subjects; 28 true-positive ILD cases), reporting a sensitiv-
ity of 84.8% and specificity of 98.0% at a single pre-selected operating point (Chen et al.,
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Table 1: Summary of datasets used for internal development (SUMMIT) and external val-
idation (COPDGene). Counts for UILD and non-UILD are shown per split where
applicable.

Dataset Total Scans UILD (n) Non-UILD (n) Train Validation Test Notes
SUMMIT 11,179 Train: 275

Val: 51
Test: 102

Train: 7,550
Val: 1,066
Test: 2,135

7,825 1,117 2,237 UK LDCT screening cohort;
labels from 3 thoracic
radiologists

COPDGene 8,874 220 8,654 – – 8,874 External inference-only
evaluation; no fine-tuning
performed

2025). However, ScreenDx is a closed-source black-box system with no publicly available
architectural details, is assessed on a relatively small, retrospectively constructed sample
with few positive cases and case-enriched prevalence, and is evaluated without threshold-
free or prevalence-aware metrics (e.g. AUROC, AUPRC), limiting its direct applicability to
national screening workflows. We instead target UILD in population low-dose CT screen-
ing, use full-volume LDCT alone as input, initialise a 3D Transformer with a large-scale
foundation model, and provide, to the best of our knowledge, the first deep learning based
large-scale multi-cohort study of cross-cohort generalisation for UILD detection, analysing
more than 20,000 screening LDCT scans and evaluating performance on over 10,000 scans
at clinically realistic prevalence.

3. Methods

3.1. Datasets

3.1.1. SUMMIT Cohort (Internal Development & Evaluation)

The internal dataset was derived from the SUMMIT Study (Dickson et al., 2023; Bhamani
et al., 2025), a UK lung cancer screening cohort of at-risk adults aged 55–77 years un-
dergoing baseline low-dose CT (LDCT) with a standardised protocol. Three fellowship-
trained thoracic radiologists independently reviewed each scan and assigned a binary la-
bel indicating definite undiagnosed interstitial lung disease (UILD) by expert consensus.
Train/validation/test splits were performed at the patient level (70%/10%/20%), with UILD
and non-UILD counts summarised in Table 1.

3.1.2. COPDGene Cohort (External Validation)

External generalisation was assessed using COPDGene (Regan et al., 2011), a multi-centre
US cohort of smokers and ex-smokers imaged across 21 scanners with heterogeneous ac-
quisition parameters. We included 8,874 baseline inspiratory scans. The same radiological
criteria as in SUMMIT were used to assign UILD labels. No model was fine-tuned, cali-
brated, or adapted on COPDGene; all evaluations were performed strictly in inference mode
(Table 1).
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3.2. Task Definition

We formulate UILD detection as a binary classification task distinguishing UILD (label
= 1) from a composite Non-UILD class (label = 0). The negative class was intentionally
broad, including radiologically normal controls and individuals with other abnormalities
and comorbidities (e.g., non-fibrotic ILA, bronchiectasis, COPD) that do not meet criteria
for UILD. This design imposes a stringent discriminative objective, requiring the model
to identify prognostic patterns of early fibrotic ILD while rejecting common parenchymal
mimics.

3.3. CT Preprocessing

All CT scans underwent a standardised preprocessing pipeline to ensure consistent spatial
alignment and radiometric comparability across scanners:

• Resampling: All volumes were resampled to 1.35mm isotropic spacing.

• Lung segmentation: Automated whole-lung masks generated using TotalSegmen-
tator (Wasserthal et al., 2023).

• Lung-centric normalisation: Each volume was rigidly translated and embedded
into a 2563 voxel grid, centring the segmented lung fields.

• HU clipping: Intensities clipped to [−1200, 800]HU corresponding to a standard
lung window.

• Intensity scaling: Voxels min–max normalised to the range [0,1].

3.4. Model Architectures

3.4.1. ResNet-vanilla (3D, non-pretrained)

A standard 3D ResNet-50 (He et al., 2016) was trained from scratch using He initialisation.
Operating directly on the full 2563 volume, this model provides a baseline for fully supervised
learning without domain-specific priors.

3.4.2. Med3D-ResNet (3D, medical-domain pretrained)

We fine-tuned a ResNet-50 encoder pretrained via Med3D (Chen et al., 2019) on multi-organ
segmentation tasks. Volumes were normalised using per-volume standardisation to match
Med3D conventions. This model investigates the effect of generic 3D medical pretraining
compared with training from scratch.

3.4.3. ConvNeXt-2.5-MIL (2.5D Multiple-Instance Learning)

Unlike the fully 3D models, ConvNeXt-2.5-MIL (Woo et al., 2023; Ilse et al., 2018) operates
in a 2.5D regime (Fig. 3.4.3), decomposing each CT volume into N uniformly spaced axial
slices (e.g., N = 128), each treated as an instance within a MIL bag. This reduces spatial
dimensionality while retaining high in-plane resolution.
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Figure 1: Overview of the proposed ConvNeXt-2.5-MIL architecture. Each CT volume is
decomposed into N axial slices processed by a ConvNeXt-V2-Tiny backbone; slice
embeddings (with cranio–caudal positional encoding) are aggregated by gated
attention into a patient-level representation for UILD prediction.

For each slice, features are extracted using a ConvNeXt-V2-Tiny backbone initialised
with FCMAE weights (Woo et al., 2023; He et al., 2022), globally average pooled, passed
through per-slice LayerNorm, and concatenated with a normalised cranio–caudal positional
encoding (0 = apex, 1 = lung bases). A gated attention module aggregates these position-
aware embeddings into a patient-level representation for binary classification. The positional
encoding is clinically motivated by the basal predominance of early interstitial abnormalities.

Novel aspects: Our implementation combines (i) slice-wise LayerNorm to mitigate inter-
slice heterogeneity, (ii) explicit cranio–caudal positional encoding, and (iii) a modern ConvNeXt-
V2 backbone pretrained via masked autoencoding. To our knowledge, this combination has
not been applied to ILD or UILD classification and provides a texture-sensitive alternative
to full-volume 3D Transformers.

3.4.4. ViT-C, ViT-HF, and ViT-NP

We adapted a 3D ViT-Large architecture to full-volume CT. Each 2563 volume was par-
titioned into 163 patches, embedded into 1024-dimensional vectors, and augmented with
fixed 3D sinusoidal positional encodings. In the CLS-only baseline (ViT-C), a learnable
CLS token is prepended and its final representation alone is used for prediction. To evalu-
ate multi-scale aggregation, ViT-HF concatenates MAX-pooled intermediate block features
(layers 8 and 16) with the final CLS token. To isolate the effect of pretraining, ViT-NP
uses the same triplet-pooling architecture as our proposed model but is trained from scratch
with He initialisation.

3.4.5. ViT-3D-TE (Final Proposed Model)

The proposed ViT-3D-TE (Fig. 3.4.5) extends the CLS-only ViT with triplet token ag-
gregation from the final encoder layer: (i) the CLS token (global thoracic context), (ii)
a spatial MAX-pooled embedding that encourages sensitivity to focal abnormalities, and
(iii) an AVG-pooled embedding that encourages retention of diffuse low-contrast changes.
Standard ViTs progressively mix and homogenise patch embeddings at depth, potentially
attenuating such high-frequency parenchymal texture. By aggregating MAX and AVG
pooled representations alongside the CLS token, ViT-3D-TE is explicitly supervised to re-
tain both focal and diffuse cues. The three 1024-dimensional vectors are concatenated into a
3072-dimensional representation, normalised, and passed through a lightweight MLP head.
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Figure 2: Overview of the proposed ViT-3D-TE architecture. A 3D CT volume is par-
titioned into patches and encoded by a 3D Vision Transformer; the final CLS,
MAX-pooled, and AVG-pooled representations are concatenated into a token-
ensemble vector and passed to an MLP for UILD prediction.

3.4.6. Note on TANGERINE Pretraining

All ViT variants except ViT-NP were initialised with the encoder from TANGERINE (Mc-
Connell et al., 2025), a 3D masked autoencoder (He et al., 2022) pretrained on more than
98,000 full-volume LDCT scans from 28 datasets across eight countries. TANGERINE
provides volumetric priors on thoracic anatomy, reconstruction variability, and parenchy-
mal texture, offering a strong inductive bias and improving label efficiency, stability, and
cross-cohort generalisation for subtle entities such as UILD.

3.5. Training Strategy

All models were trained end-to-end with AdamW (weight decay 10−4). Pretrained models
used a base learning rate of 5 × 10−5; non-pretrained models used 1 × 10−3. A five-epoch
warm-up preceded cosine decay. Transformer models used layer-wise learning-rate decay
(ratio = 0.8). Effective batch size was 32 using gradient accumulation. Augmentations
included Gaussian noise, smoothing, and contrast jitter. Given the low UILD prevalence, we
applied BCEWithLogitsLoss with a positive-class weight reflecting the empirical training-
set ratio. All models were trained for 75 epochs, with the checkpoint used for inference
selected according to the epoch with highest validation AUPRC.
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3.6. Evaluation Protocol and Statistical Analysis

Internal performance is reported on the held-out SUMMIT test set; models were trained
on the SUMMIT training split and tuned on the validation set. External evaluation was
performed on all COPDGene scans in strict inference mode, without fine-tuning, domain
adaptation, calibration, or threshold adjustment.

We report AUROC and AUPRC as threshold-free metrics, and sensitivity/ specificity
at a single operating point. The threshold was chosen on the SUMMIT validation set as
the largest value achieving sensitivity ≥ 0.90 and then fixed for both SUMMIT (test) and
COPDGene, reflecting clinical preferences for high sensitivity in early-detection settings.

Ninety-five percent confidence intervals were computed via patient-level non-parametric
bootstrapping with 5,000 resamples. To assess differences between models, we used paired
bootstrap testing: for each resample, AUROC and AUPRC were computed for all models,
paired differences versus ViT-3D-TE were obtained, and two-sided p-values were derived
from the empirical distribution of differences.

3.7. Implementation

Models were implemented in PyTorch 1.13 with timm 0.9 backbones and trained on NVIDIA
A6000 GPUs. For inference efficiency, we measured single-case runtime and peak GPU
memory on an A6000: ViT-3D-TE processed a 2563 volume in 607ms (1.47GB), while
ConvNeXt-2.5-MIL, using 128 axial slices of 256×256, achieved 368ms per scan (3.05GB).
Both models operate comfortably within modern GPU constraints, with ConvNeXt-2.5-MIL
offering lower latency and ViT-3D-TE lower VRAM demand.

Code: we will release code and trained model weights upon acceptance to facilitate reuse
in future validation studies.

4. Results

4.1. Internal Validation - SUMMIT

We first evaluated all models on the SUMMIT internal test set, where training and evalu-
ation data originate from the same screening population (Table 2, Fig. 3a–b). ViT-3D-TE
achieved the strongest performance, with AUROC 0.9805 and AUPRC 0.7699, outper-
forming all comparison models. ConvNeXt-2.5-MIL was the closest competitor (AUROC
0.9712), but remained significantly below ViT-3D-TE in AUROC (∆AUROC = −0.0094,
p = 0.004), while AUPRC differences did not reach significance (p = 0.082).

Performance dropped substantially for the 3D convolutional baselines (ResNet-vanilla
AUROC 0.77; Med3D-ResNet AUROC 0.56), both significantly worse than ViT-3D-TE
across AUROC and AUPRC (all p < 10−4). ROC and PR curves (Fig. 3a–b) show ViT-
3D-TE maintaining clear separation across thresholds, ConvNeXt-2.5-MIL remaining com-
petitive but saturating earlier in the low-precision regime, and the convolutional models ex-
hibiting flattened curves consistent with limited discriminative capacity at high-sensitivity
operating points.
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Table 2: Performance comparison on the SUMMIT internal test set. AUROC and AUPRC
are reported with 95% bootstrap confidence intervals.

Model AUROC (95% CI) AUPRC (95% CI) Sensitivity Specificity
ViT-3D-TE 0.9805 [0.9709, 0.9875] 0.7699 [0.6918, 0.8312] 0.9706 0.9091
ConvNeXt-2.5-MIL 0.9712 [0.9584, 0.9815] 0.7353 [0.6517, 0.8046] 0.9216 0.9115
Med3D-ResNet 0.5587 [0.5050, 0.6107] 0.0645 [0.0444, 0.0952] 0.9020 0.1719
ResNet-vanilla 0.7720 [0.7403, 0.8037] 0.1158 [0.0820, 0.1556] 0.9216 0.5541

Table 3: Paired bootstrap significance testing on the SUMMIT internal test set. Baseline
model is marked with †. ∆ values represent paired differences relative to the
baseline.

Model ∆AUROC (95% CI) p(AUROC) ∆AUPRC (95% CI) p(AUPRC)
ViT-3D-TE† – – – –
ConvNeXt-2.5-MIL −0.0094 [−0.0172, −0.0029] 0.0040 −0.0346 [−0.0747, 0.0057] 0.0820
Med3D-ResNet −0.4218 [−0.4725, −0.3705] < 10−4 −0.7054 [−0.7717, −0.6292] < 10−4

ResNet-vanilla −0.2085 [−0.2403, −0.1773] < 10−4 −0.6541 [−0.7252, −0.5732] < 10−4

(a) ROC curves (SUMMIT) (b) PR curves (SUMMIT)

Figure 3: Receiver operating characteristic (ROC) and precision–recall (PR) curves for the
four main models on the SUMMIT internal test set. (a) ROC curves show the
trade-off between sensitivity and specificity. (b) PR curves highlight performance
under class imbalance.
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Table 4: External validation on the COPDGene cohort. AUROC and AUPRC include 95%
bootstrap confidence intervals.

Model AUROC (95% CI) AUPRC (95% CI) Sensitivity Specificity
ViT-3D-TE 0.9705 [0.9622, 0.9777] 0.6170 [0.5535, 0.6771] 0.9020 0.9119
ConvNeXt-2.5-MIL 0.9672 [0.9573, 0.9758] 0.6051 [0.5405, 0.6672] 0.9227 0.8876
Med3D-ResNet 0.5658 [0.5273, 0.6015] 0.0313 [0.0254, 0.0379] 0.7000 0.3981
ResNet-vanilla 0.7355 [0.7098, 0.7598] 0.0471 [0.0394, 0.0558] 0.9227 0.4571

Table 5: Paired bootstrap significance testing for the COPDGene external dataset. Baseline
model is marked with †. ∆ values denote paired differences relative to the baseline.

Model ∆AUROC (95% CI) p(AUROC) ∆AUPRC (95% CI) p(AUPRC)
ViT-3D-TE† – – – –
ConvNeXt-2.5-MIL −0.0033 [−0.0090, 0.0022] 0.2630 −0.0119 [−0.0464, 0.0250] 0.5130
Med3D-ResNet −0.4047 [−0.4423, −0.3680] < 10−4 −0.5857 [−0.6448, −0.5229] < 10−4

ResNet-vanilla −0.2350 [−0.2591, −0.2120] < 10−4 −0.5699 [−0.6287, −0.5072] < 10−4

4.2. External validation - COPDGENE

We next evaluated cross-cohort generalisation on the COPDGene external test set, where
training (SUMMIT) and evaluation populations differ in scanner type, acquisition protocol,
and patient characteristics (Table 4; Appendix Fig.4a–b). Despite this distribution shift,
ViT-3D-TE maintained strong performance (AUROC 0.9705, AUPRC 0.6170), outperform-
ing all comparison models.

ConvNeXt-2.5-MIL was again the closest competitor (AUROC 0.9672, AUPRC 0.6051),
with differences versus ViT-3D-TE not reaching statistical significance (∆AUROC=−0.0033,
p = 0.263; ∆AUPRC =−0.0119, p = 0.513), indicating that the 2.5D slice-based MIL model
retains reasonable robustness under distribution shift.

As in the internal evaluation, convolutional baselines showed substantial performance
drops under cross-cohort shift: ResNet-vanilla and Med3D-ResNet achieved AUROCs of
0.7355 and 0.5658, with AUPRCs below 0.05, and were significantly inferior to ViT-3D-TE
across all metrics (all p < 10−4). ROC and PR curves (Appendix Fig. 4(a) a–b) show ViT-
3D-TE preserving a stable margin across the operating range, ConvNeXt-2.5-MIL diverging
in the low–false-positive regime, and convolutional baselines failing to achieve meaningful
precision at COPDGene’s low prevalence.

Overall, these results demonstrate that ViT-3D-TE generalises from SUMMIT to COPDGene
despite substantial domain shift, underscoring the robustness of TANGERINE-based full-
volume Transformer representations.

Interpreting AUPRC in the context of disease prevalence. Because AUPRC is
strongly prevalence-dependent, it is informative to compare model performance against the
expected precision–recall curve of a näıve classifier. In the SUMMIT internal test set,
UILD prevalence was 4.6% (102/2237), corresponding to a random-guessing AUPRC of
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0.046. ViT-3D-TE achieved an AUPRC of 0.770, representing a 17-fold improvement over
this baseline.

The external COPDGene cohort exhibited even lower prevalence (2.5%; 220/8874),
yielding a random AUPRC of 0.025. ViT-3D-TE achieved an AUPRC of 0.617, a 25-
fold improvement over random performance. These gains emphasise that the model offers
substantial clinical value beyond what is attainable from prevalence-driven heuristics, par-
ticularly in large-scale screening settings where UILD is rare.

4.3. Architecture Ablation Study

Table 6: Ablation study evaluating variants of the ViT-based classification architecture.
AUROC and AUPRC include 95% bootstrap confidence intervals.

Model Variant AUROC (95% CI) AUPRC (95% CI) Sensitivity Specificity
ViT-3D-TE 0.9807 [0.9714, 0.9881] 0.7698 [0.6963, 0.8354] 0.9706 0.9091
ViT-HF 0.9695 [0.9565, 0.9796] 0.6943 [0.6119, 0.7731] 0.8922 0.9330
ViT-C 0.9458 [0.9110, 0.9731] 0.7522 [0.6715, 0.8196] 0.9314 0.8084
ViT-NP 0.7625 [0.7132, 0.8100] 0.1668 [0.1192, 0.2434] 0.8725 0.4075

Table 7: Ablation study on the COPDGene external cohort. AUROC and AUPRC include
95% bootstrap confidence intervals.

Model Variant AUROC (95% CI) AUPRC (95% CI) Sensitivity Specificity
ViT-3D-TE 0.9704 [0.9626, 0.9774] 0.6156 [0.5516, 0.6756] 0.9020 0.9119
ViT-HF 0.9574 [0.9445, 0.9680] 0.5814 [0.5161, 0.6454] 0.8636 0.9078
ViT-C 0.9054 [0.8753, 0.9325] 0.5687 [0.5006, 0.6327] 0.9091 0.5484
ViT-NP 0.7543 [0.7235, 0.7825] 0.0841 [0.0624, 0.1150] 0.7500 0.6086

We conducted a series of ablations to isolate the contributions of key architectural
design choices within the ViT-based classifier, examining (i) multi-token aggregation, (ii)
hierarchical fusion, (iii) use of the CLS token alone, and (iv) removal of TANGERINE
pretraining (Tables 6–7).

On the SUMMIT internal test set, ViT-3D-TE achieved the strongest overall perfor-
mance (AUROC 0.981, AUPRC 0.770). ViT-C underperformed on AUROC (0.946) but
achieved a surprisingly competitive AUPRC (0.752), indicating that the CLS token alone
captures coarse-scale disease signal despite discarding patchwise spatial context. However,
this CLS-only formulation yielded poorer thresholded performance suggesting that although
the CLS token preserves global structure for threshold-free metrics, it leads to unstable
decision boundaries and systematic overcalling when a clinically constrained sensitivity op-
erating point is imposed.

Under external distribution shift, the limitations of the CLS-only strategy became
more pronounced. On COPDGene, ViT-C performance degraded (AUROC 0.905; AUPRC
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0.569), whereas ViT-3D-TE generalised more strongly (AUROC 0.970, AUPRC 0.616).
This indicates that triplet token aggregation—preserving focal, diffuse, and global struc-
ture—substantially improves robustness across scanners, kernels, and patient populations.

The remaining ablations reinforce these conclusions. Hierarchical fusion (ViT-HF) con-
sistently underperformed relative to ViT-3D-TE, suggesting that concatenating intermedi-
ate features introduces representational noise without improving discrimination. Removing
TANGERINE pretraining (ViT-NP) led to severe degradation across all metrics (internal
AUROC ∼0.76; AUPRC ∼0.17, with external AUPRC falling below 0.10), confirming that
large-scale 3D pretraining is critical for stable optimisation.

5. Discussion

In this work, we present, to our knowledge, the largest deep learning–based cross-cohort
generalisation study for UILD detection—a subtle but clinically consequential entity associ-
ated with accelerated lung function decline, respiratory morbidity, and increased mortality
(Putman et al., 2016; Sanders et al., 2023). Across two of the largest thoracic CT cohorts
worldwide, we show that these subtle parenchymal alterations—typically challenging for
routine radiological detection—can be identified using a combination of multi-token 3D
Vision Transformers and large-scale foundation model pretraining.

Clinical implications for population screening. Our findings have direct relevance
for the evolving landscape of population CT imaging. National lung cancer screening pro-
grammes, such as the UK Targeted Lung Health Check and comparable US initiatives,
already produce millions of LDCT scans each year (de Koning et al., 2020; Team, 2011;
Cancer Research UK, 2024; Dickson et al., 2023). Although these programmes were de-
signed to detect malignancy, they also offer an opportunity to identify preclinical interstitial
lung disease—including UILD, which recent screening-cohort studies have shown to be both
common and prognostically severe. In the SUMMIT study, individuals with UILD exhib-
ited significantly higher rates of respiratory hospitalisation and mortality than CT-normal
participants, despite having no prior ILD diagnosis (Putman et al., 2016). Moreover, the
imaging features that define UILD—particularly early traction bronchiolectasis distributed
across multiple lobes—have been validated as markers of early fibrotic remodelling, with
strong associations with symptoms, physiology, and survival (Hunninghake et al., 2022).

Yet UILD remains systematically under-recognised (Hatabu et al., 2020). Standard
ATS/Fleischner classifications were designed for earlier-generation CT imaging and tend to
undercall early fibrosis, particularly because traction bronchiolectasis is excluded from their
fibrosis definition and minimum-volume thresholds (> 5%) overlook subtle disease. The
system presented here illustrates how deep learning could support radiologists by flagging
subtle fibrotic changes, reducing missed early disease, and enabling streamlined referral for
confirmatory assessment or specialist review.

Effectiveness of foundation model pretraining for 3D volumetric tasks. Our
results highlight the central importance of foundation model pretraining for full-volume 3D
CT analysis. ViT-3D-TE, initialised with the TANGERINE encoder, achieved the strongest
performance on both SUMMIT (internal) and COPDGene (external), despite extremely
low disease prevalence—4.6% and 2.5%, respectively. Against random-guessing AUPRC
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baselines of 0.046 (SUMMIT) and 0.025 (COPDGene), ViT-3D-TE achieved roughly 17-
fold and 25-fold improvements, indicating that the model learns genuinely disease-relevant
texture signatures.

By contrast, the unpretrained 3D ViT variant (ViT-NP) was unable to converge to a
meaningful solution. This highlights the difficulty of purely supervised optimisation on full
2563 volumes, where texture cues are subtle, imbalance is severe, and features of inter-
est are sparsely distributed in peripheral lung regions. Large-scale pretraining on nearly
100,000 LDCT volumes equips the model with anatomically grounded features that stabilise
optimisation and substantially enhance sensitivity to subtle interstitial changes.

2.5D MIL as a strong alternative when 3D pretraining is unavailable. The
ConvNeXt-2.5-MIL model achieved performance markedly higher than any conventional
(non-pretrained) 3D architecture, demonstrating that reliable UILD detection is feasible
even without access to 3D foundation models. Its strong performance underscores the
practical value of 2.5D MIL-based approaches in settings where full-volume 3D pretraining
is not available or difficult to obtain. As modern screening infrastructures expand glob-
ally—including sites with constrained computational resources—such alternatives are likely
to be important for equitable deployment of early fibrosis detection (Bolón-Canedo et al.,
2024; Besiroglu et al., 2024).

Limitations and opportunities for future work. Several limitations warrant discus-
sion. First, models operated on downsampled 2563 inputs, a necessary compromise given
the quadratic memory cost of Transformer attention. Downsampling may attenuate the
fine-grained textural signatures that define UILD—such as subtle subpleural bronchiolecta-
sis or faint reticulation—potentially constraining maximum achievable performance. Future
work could explore multi-resolution hierarchies, axial–coronal–sagittal fusion, or longitudi-
nal modelling to quantify disease progression.

Second, UILD represents just one early fibrotic phenotype. Other preclinical airway-
or interstitial-disease signatures may be detectable using similar methods and could form
the basis of more comprehensive “multi-phenotype” screening tools. Extending this work
to quantify progression, characterise regional fibrosis patterns, and integrate clinical, func-
tional, or genomic predictors of risk would further strengthen its clinical relevance.

Finally, real-world deployment studies are needed to assess prospective performance,
workflow integration, and radiologist–AI interaction. Given UILD’s prognostic consequences
and under-recognition in routine practice, AI-assisted triage may be particularly impactful
in enabling timely specialist review and enrolment into preventive trials before irreversible
fibrosis develops (Martinez et al., 2022).

Conclusion. This study demonstrates that subtle early interstitial abnormalities—long
overlooked in routine LDCT interpretation—can be detected reliably using a foundation-
model–initialised 3D Transformer. Multi-token fusion enhances sensitivity to both focal and
diffuse parenchymal texture changes, large-scale 3D pretraining provides essential anatom-
ical priors, and 2.5D MIL offers a strong alternative when 3D foundation models are un-
available or impractical. Together, these findings establish a feasible and scalable pathway
for incorporating early ILD detection into population CT screening workflows, supporting
earlier intervention and enabling identification of high-risk individuals for disease-modifying
therapies and clinical research.
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Appendix A. Figures

(a) ROC curves (COPDGENE) (b) PR curves (COPDGENE)

Figure 4: Receiver operating characteristic (ROC) and precision–recall (PR) curves for the
four main models on the COPDGENE external test set. (a) ROC curves show the
trade-off between sensitivity and specificity. (b) PR curves highlight performance
under class imbalance.
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