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A Implementation Details

At training time, we consider two diagnosis tasks in different granularities: Disorder-level classification (5569
classes) and ICD10-level classification (931 Classes). The image input will all be resized to 256× 256×D
in height, width, and depth respectively. For 3D scans, the depth is treated as a factor for ablation study,
and will be discussed in the experiment section. In the vision encoder, we adopt two separate modules for
normalization and a shared module to compute the final embedding. The detailed architecture design will also
be further discussed in our ablation study. In fusion module, we use a 2-layer, 4-head transformer encoder
with a learnable “[CLS]” token for final prediction.

For augmentation, we adopt Gaussian Noise, Contrast Adjustment, Affine Variation, and Elastic Deformation,
implemented from the MONAI [1] package. For optimization, we utilize the AdamW optimizer with a cosine
learning rate curve, setting the maximum learning rate to lr = 1× e−5, with an adjustable batch size ranging
from 4 to 32 depending on the input image depth and model scale to avoid out-of-memory error. The total
training duration spans 100 epochs, with the initial 5 epochs for warm-up. At fine-tuning stage, we adopt a
similar model architecture and optimization setting.

B Fusion Strategy

In this part, we will discuss the fusion strategy for baseline implementation in detail and this will be adopted
for all the compared methods that are without fusion module.. Since most existing architectures cannot
perform case-level diagnosis, we propose three parameter-free methods to give case-level prediction with a
scan-level classifier:

• Random Picking. We randomly select an image scan a case. It is based on the belief that each scan
in a case should encompass the essential information required for an accurate.

• Max Pooling. We adopt max pooling on all the images in a case to get the final prediction. It is based
on the principle that if there is an image within a case that can illustrate the presence of abnormality,
we should consider it as an unhealthy case.

• Mean Pooling. Instead of max pooling, we replace it with mean pooling in this case. It is rooted in
the notion that relying solely on the diagnosis from a single image is insufficient, and our goal is to
comprehensively leverage all the scan image information in a case.

Subsequently, we will present a comparative analysis of the outcomes obtained through these strategies,
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focusing on the two classification standards, ICD-10-CM and disorders. As shown in the Supplementary
Table 1 and Supplementary Table 2, in most cases “Max Pooling” outperform others. Therefore, in the main
paper, we adopt max pooling as our baseline for comparison.

Supplementary Table 1 | Results on ICD10-CM classes. We report the different scores for Head/Medium/Tail
classes, “Rand”, “Max”. “Mean” represent the random picking, Max Pooling and Mean Pooling respectively.

Granularity Split Mode
Metrics

AUC AP F1 MCC R@0.01 R@0.05 R@0.1

ICD-10-CM

Head
Rand 89.12 12.39 20.51 21.72 24.12 51.82 67.93
Max 90.39 12.80 20.65 21.94 24.39 54.12 70.11
Mean 85.49 13.05 20.25 21.52 24.31 49.92 65.28

Medium
Rand 88.98 7.72 15.44 18.02 22.52 50.50 63.96
Max 90.15 7.74 15.41 17.96 22.75 51.10 66.31
Mean 85.05 7.69 15.03 17.53 22.58 47.41 64.52

Tail
Rand 86.41 4.46 8.54 12.48 8.37 23.74 37.12
Max 86.46 2.90 6.09 10.27 8.51 25.06 42.80
Mean 81.50 2.68 5.42 9.04 6.15 20.13 30.64

Supplementary Table 2 | Results on Disorder classes. We report the different scores for Head/Medium/Tail classes,
“Rand”, “Max”. “Mean” represent the random picking, Max Pooling and Mean Pooling respectively.

Granularity Split Mode
Metrics

AUC AP F1 MCC R@0.01 R@0.05 R@0.1

Disorders

Head
Rand 91.32 14.08 22.93 24.61 30.68 58.78 73.79
Max 91.91 13.56 22.08 23.66 30.88 60.50 74.70
Mean 88.72 14.29 23.26 24.60 31.97 59.67 71.22

Medium
Rand 92.63 9.47 17.62 20.61 28.18 57.04 71.42
Max 93.62 9.19 17.16 20.42 28.24 59.32 73.80
Mean 90.97 9.54 17.33 20.42 29.31 58.15 71.00

Tail
Rand 87.61 4.85 8.66 13.26 8.58 24.25 41.39
Max 88.55 4.34 8.03 12.96 9.13 27.46 41.43
Mean 84.50 4.35 8.09 12.80 9.38 25.96 42.57

C Ablation Study

To explore the optimal model architecture and parameter configurations, including the fusion strategy, visual
encoder architecture, the depth of 3D scans, and augmentation. The results on the visual encoder architecture
can be found in the main body. In the default experiment setting, we set 512x512 as the image size, use 16 as
the 3D scan depth, and ResNet-18+ResNet-34 as the visual backbone, without knowledge enhancement and
augmentation strategy. While conducting an ablation study on certain component, we keep other settings
unchanged.

Image Dimension. Here, we aim to investigate the effect of input resolution, i.e., increasing the depth
of input volumes. Due to the constraints of GPU physical memory, we experiment with 16, 24, and 32 as
the depths for 3D input volume. We employ trilinear interpolation to resample 3D scans to the same size.
Supplementary Table 3 illustrates the performance by varying the depths of 3D images. It can be observed
that an increase in depth can bring clear performance gain, suggesting that detailed depth information is
critical to perform diagnosis. Consequently, with more slices, the model tends to yield more favorable results.

Augmentation. Here, we evaluate the effectiveness of augmentation on our dataset. Specifically, we adopt
four augmentation strategies with 15% probability each, namely, Gaussian Noise, Contrast Adjustment, Affine
Variation, and Elastic Deformation. As a result, about half of the training data will be applied at least one
augmentation in each training batch. As shown in Supplementary Table 4, adopting data augmentation
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Supplementary Table 3 | Ablation study on different 3D scan depth size settings. Considering the computational
cost, we evaluated the commonly seen 16, 24, 32 depth sizes on our datasets. The value preceding ‘/’ represents the results from
the subset with top 200 classes, while the value following ‘/’ denotes the results from the subset of 200 random classes.

3D Image Depth AUC AP F1 MCC R@0.01 R@0.05 R@0.1

16 87.06/82.44 11.27/6.52 17.36/10.15 19.23/13.28 21.48/12.33 44.38/30.76 61.54/45.09
24 87.49/83.78 11.41/6.97 17.84/10.48 19.39/13.96 21.76/13.14 45.72/31.89 62.53/46.51
32 88.13/84.23 11.98/7.52 18.02/11.86 19.67/14.49 22.84/15.19 47.46/33.65 63.91/48.07

shows notable performance improvement. This improvement is particularly evident on AUC and AP when
employing the ViT as the visual backbone while, still, ResNet-based model performs better.

Supplementary Table 4 | Ablation on adopting augmentation strategy. In the table, we show the effectiveness of
adopting reasonable data augmentation for our task. “ResNet” denotes the ResNet-based visual encoder architecture, “ViT”
denotes the ViT-basde one, and “ResNet-ViT” denotes the ResNet-ViT mixing one. The value preceding ‘/’ represents the results
from the top subset, while the value following ‘/’ denotes the results from the random subset.

Augmentation Visual Encoder AUC AP F1 MCC R@0.01 R@0.05 R@0.1

YES
ViT 84.22/81.26 8.69/6.87 16.36/9.92 17.18/13.43 19.83/13.90 38.70/29.17 54.04/42.66

ResNet 88.96/84.47 13.92/8.66 22.04/12.80 23.08/15.93 25.75/16.52 51.61/35.18 66.47/52.15
ResNet-ViT 90.61/87.39 14.87/9.83 24.10/14.77 24.94/18.07 26.68/18.35 53.26/38.21 68.57/54.61

NO
ViT 81.69/78.11 6.40/5.26 14.71/8.89 15.30/9.74 18.11/11.33 34.73/25.97 48.84/36.20

ResNet 87.06/82.09 11.27/6.09 17.36/10.15 19.23/12.00 21.48/13.96 44.38/31.46 61.54/44.11
ResNet-ViT 88.54/84.23 12.85/7.52 10.31/11.86 22.13/14.49 24.02/15.19 49.37/33.65 63.87/48.07

In conclusion, we find the ResNet-based model with augmentation strategy and unifying the 3D scan depth to
32 are the most suitable settings for our long-tailed case-level multi-modal diagnosis task.

D In-class Analysis

The experimental results on whether to use fusion strategy and knowledge enhancement strategy show that,
statistically, models that combine both strategies tend to have a higher average AUC than those that do
not, across the head, medium, and tail categories, with some categories showing noticeable increase, while
some may remain same or slightly decreasing. Taking certain categories within the head category as examples
from Supplementary Figure 1. The application of the fusion strategy do not result in improvements for the
Meningioma class. Similarly, the implementation of the Knowledge Enhancement strategy do not lead to
improvements for the Renal cell carcinoma clas. However, we can observe significant improvements in more
classes such as Normal, Tuberculosis, and Lymphoma. Consequently, the average metrics across classes shows
a notable enhancement.

E Comparison with Current Diagnosis Datasets

In this section, we provide more detailed comparison with other current public available diagnosis datasets as
shown in Supplementary Table 5. From the table, we can see our proposed dataset RP3D-DiagDS is the first
diagnosis dataset considering whole body regions across different imaging modalities and cover a wide range
of diseases.

F More ROC Curves

In this section, we show more ROC curves for the classes in the head class category as shown in Supplementary
Figure 1
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Supplementary Table 5 | Comparison between RP3D-DiagDS and existing disease diagnosis datasets. #Image
refers to the number of images in the dataset. #Disorders represents the number of categories of labeled disorders. 2D/3D
indicates the dimension of images in the dataset, and the case-level column indicates whether the dataset contains multiple images
per patient. Our dataset demonstrates a significant increase in both size and diversity.

Dataset Anatomy Modality #Image #Disorders 2D 3D Case-level

ADNI [2] Head and Neck MRI 112k 4 ✗ ✓ ✗

Brain-Tumor [3] Head and Neck MRI 7k 4 ✓ ✗ ✗

CE-MRI [4] Head and Neck MRI 3k 3 ✓ ✗ ✗

Brain-Tumor-17 [5] Head and Neck MRI 4.4k 17 ✓ ✗ ✗

OASIS[6–8] Head and Neck MRI 3.2k 2 ✓ ✗ ✗

ICH2020 [9] Head and Neck CT 82 5 ✗ ✓ ✗

COVID19-CT-DB [10] Chest CT 1k 9 ✓ ✗ ✗

MosMedData [11] Chest CT 1.1k 5 ✗ ✓ ✗

LNDb [12] Chest CT 237 3 ✗ ✓ ✗

NSCLC [13] Chest CT, Nuclear Medicine 211 4 ✗ ✓ ✗

Covid-CXR2 [14] Chest X-ray 19k 3 ✓ ✗ ✗

POCUS [15] Chest Ultrasound 1.1k 3 ✓ ✗ ✗

MIA-COV19 [16] Chest CT 5.3k 2 ✗ ✓ ✗

CC-CCII [17] Chest CT 3.8k 3 ✗ ✓ ✗

RadChest [18] Chest CT 3.6k 83 ✓ ✗ ✗

LIDC-IDRI [19] Chest CT 1.0k 3 ✗ ✓ ✗

NIH Chestxray [20] Chest X-ray 100k 14 ✓ ✗ ✗

PadChest [21] Chest X-ray 160k 193 ✓ ✗ ✗

CheXpert [22] Chest X-ray 224k 14 ✓ ✗ ✗

RSNA [23] Chest X-ray 30k 2 ✓ ✗ ✗

SIIM-ACR [24] Chest X-ray 15k 2 ✓ ✗ ✗

MIMIC-CXR [25] Chest X-ray 371k 14 ✓ ✗ ✗

VinDr-CXR [26] Chest X-ray 18k 28 ✓ ✗ ✗

VinDr-PCXR [27] Chest X-ray 9k 51 ✓ ✗ ✗

ChestX-Det10 [28] Chest X-ray 3.5k 10 ✓ ✗ ✗

COVID-19-Radio [29, 30] Chest X-ray 21k 4 ✓ ✗ ✗

IU-Xray [31] Chest X-ray 7.4k 2 ✓ ✗ ✗

ISPY1 [32] Breast MRI 755 5 ✗ ✓ ✗

VinDr-Mammo [33] Breast Mammography 20k 10 ✓ ✗ ✗

DDSM [34, 35] Breast Mammography 55k 5 ✓ ✗ ✗

CMMD2022 [36] Breast Mammography 5.2k 2 ✓ ✗ ✗

BUSI [37] Breast Ultrasound 780 3 ✓ ✗ ✗

CT-Kidney [38] Abdomen and Pelvis CT 12k 4 ✓ ✗ ✗

VinDr-SpineXr [39] Spine X-ray 10k 13 ✓ ✗ ✗

Vertebrase-Xray [40] Spine X-ray 388 3 ✓ ✗ ✗

MRNet [41] Limb MRI 1370 3 ✓ ✗ ✗

MURA [42] Limb X-ray 15k 2 ✓ ✗ ✗

KneeMRI [43] Limb X-ray 917 3 ✓ ✗ ✗

DeepLesion [44] Whole body Radiology 32k 22 ✓ ✗ ✗

RadImageNet [45] Whole body CT, MRI, Ultrasound 1.35M 165 ✓ ✗ ✗

RP3D-DiagDS (ours) Whole body Radiology 192k
5568

(ICD-10-CM:930)*
✓ ✓ ✓

* We map disorders to ICD-10-CM for standardization.
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ROCs on Small bowel obstruction ROCs on Arachnoid cyst ROCs on Tuberculosis

a b c

d e f

ROCs on Hydronephrosis ROCs on Intussusception ROCs on Lymphoma
g h I

False Positive Rate (FPR)

Tr
ue

 P
os

iti
ve

 R
at

e 
(T

PR
)

w/o FM&KE (AUC = 0.76)

w/o KE (AUC = 0.79)

w/o Final (AUC = 0.80)

w/o FM&KE (AUC = 0.92)

w/o KE (AUC = 0.93)

w/o Final (AUC = 0.93)

w/o FM&KE (AUC = 0.89)

w/o KE (AUC = 0.91)

w/o Final (AUC = 0.89)

w/o FM&KE (AUC = 0.93)

w/o KE (AUC = 0.98)

w/o Final (AUC = 0.99)

w/o FM&KE (AUC = 0.93)

w/o KE (AUC = 0.93)

w/o Final (AUC = 0.95)

w/o FM&KE (AUC = 0.78)

w/o KE (AUC = 0.82)

w/o Final (AUC = 0.84)

w/o FM&KE (AUC = 0.95)

w/o KE (AUC = 0.94)

w/o Final (AUC = 0.95)

w/o FM&KE (AUC = 0.95)

w/o KE (AUC = 0.95)

w/o Final (AUC = 0.97)

w/o FM&KE (AUC = 0.79)

w/o KE (AUC = 0.80)

w/o Final (AUC = 0.8)
)

False Positive Rate (FPR)

Tr
ue

 P
os

iti
ve

 R
at

e 
(T

PR
)

False Positive Rate (FPR)

Tr
ue

 P
os

iti
ve

 R
at

e 
(T

PR
)

False Positive Rate (FPR)

Tr
ue

 P
os

iti
ve

 R
at

e 
(T

PR
)

False Positive Rate (FPR)

Tr
ue

 P
os

iti
ve

 R
at

e 
(T

PR
)

False Positive Rate (FPR)

Tr
ue

 P
os

iti
ve

 R
at

e 
(T

PR
)

False Positive Rate (FPR)

Tr
ue

 P
os

iti
ve

 R
at

e 
(T

PR
)

False Positive Rate (FPR)

Tr
ue

 P
os

iti
ve

 R
at

e 
(T

PR
)

False Positive Rate (FPR)

Tr
ue

 P
os

iti
ve

 R
at

e 
(T

PR
)

Supplementary Figure 1 | ROC curves on nine classes in "head" category of disorders. FM, KE is short for Fusion
Module and Knowledge Enhancement. Source data are provided as a Source Data file.

G More Probability Distributions, Cases Examples, and Saliency Map Visualiza-
tion.

To provide a more comprehensive and clear demonstration of our model’s performance, we included more
detailed prediction probability distributions, cases, and visualization in the supplementary. First, for each
disorder listed in Supplementary Table 6, we plot its corresponding probability distribution in Supplementary
Figures 5, 6, 7, 8 and 9. Then in Supplementary Figure 2, 3 and 4, we show more cases and corresponding
saliency maps. Each case block is attached with a link to the original website on Radiopaedia, along with
all corresponding diagnostic labels and abnormality descriptions. During the diagnostic process, our model
considers all images linked in the provided Radiopaedia references, while we only display keyframes for each
case here.
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Supplementary Table 6 | Modality distributions on some typical disorders. These disorders represent various body
systems. The "Modality Distribution" columns show the proportion of imaging modalities used for each disorder in RP3D-DiagDS.
As a single case may contain images from multiple modalities, the total count is the sum of images across all modalities for
all cases. For each disorder, we present the overall proportions of five primary modalities: CT, MRI, X-ray, Ultrasound, and
Mammography, with remaining minor modalities grouped under ’Others’.

Modality Distribution (%)
Anatomy Disorder

CT MRI X-ray US MG Others

Intracerebral Hemorrhage 82.76 12.93 0.43 - - 3.88
Subarachnoid Hemorrhage 72.22 10.42 2.08 - - 15.28
Obstructive Hydrocephalus 27.40 65.87 - 1.44 - 5.29
Craniosynostosis 74.16 8.99 15.73 1.12 - -
Mesial Temporal Sclerosis 1.89 92.45 - - - 5.66
Meningioma 27.04 68.87 0.99 0.42 - 2.68
Papillary thyroid cancer 34.57 6.17 8.64 37.04 - 13.58

Head and Neck

Medulloblastoma 26.52 70.45 0.76 - - 2.27

Pneumothorax 27.14 0.56 68.22 0.19 - 3.89
Cardiomegaly 28.43 3.92 59.80 4.90 - 2.95
Pulmonary Emphysema 52.69 - 41.94 - - 5.37
Pulmonary Fibrosis 54.00 - 44.00 - - 2.00
Pulmonary Embolism 66.07 1.43 16.07 4.64 - 11.79
Usual Interstitial Pneumonia 64.37 - 29.89 - - 5.74
Coarctation of the Aorta 51.61 8.60 26.88 - - 12.91
Ventricular Septal Defect 47.56 - 31.71 13.41 - 7.32

Chest

Pericardial Effusion 44.80 4.00 42.40 4.00 - 4.80

Choledocholithiasis 27.92 43.15 2.03 12.69 - 14.21
Hepatic Hydatid Infection 62.00 16.67 4.00 14.67 - 2.66
Hydronephrosis 57.62 5.20 5.57 17.10 - 14.51
Uterine Leiomyoma 21.83 51.78 7.11 13.20 - 6.08
Testicular Torsion - 2.90 - 94.20 - 2.90
Small Bowel Obstruction 60.32 1.36 28.53 2.99 - 6.80
Rectal Cancer 53.25 36.36 2.60 - - 7.79
Acute Pancreatitis 75.74 13.02 3.55 3.55 - 4.14

Abdomen

Cirrhosis 64.08 16.02 1.46 13.59 - 4.85

Torus Fracture 1.12 2.25 94.38 - - 2.25
Metacarpal Fracture 1.32 2.63 96.05 - - -
Tibial Plateau Fracture 37.80 7.32 47.56 1.22 - 6.1
Shoulder Dislocation 5.26 11.40 76.32 2.63 - 4.39
Elbow Joint Effusion 9.38 4.69 78.75 - - 7.18
Calcific Tendinitis 10.83 26.11 40.76 19.11 - 3.19

Limb

Meniscal Tear - 90.91 4.96 1.65 - 2.48

Cervical Spine Fractures 59.77 20.69 12.64 - - 6.90
Intramedullary Spinal Tumors 1.69 86.10 5.08 - - 7.13
Disc Herniation 17.65 69.12 1.47 1.47 - 10.29
Spondylodiscitis 18.13 63.75 11.88 - - 6.24

Spine

Spondylolysis 34.18 20.25 37.97 1.27 - 6.33

Ductal Carcinoma in Situ 3.10 4.65 1.55 20.93 62.79 6.98
Fibroadenoma (Breast) - 8.20 1.64 39.34 49.18 1.64
Breast Hamartoma 2.27 - - 22.73 68.18 6.82

Breast

Breast Neoplasms 21.64 13.15 6.85 23.01 30.41 4.94
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Label: Epidermoid cyst
Radiopaedia Link: https://radiopaedia.org//cases/floor-of-the-mouth-cystic-lesion?lang=us

Abnormality: A large thin-walled cystic lesion is noted at the floor of the mouth with 
homogeneous fluid density (14 HU) measuring 9.2 x 5.2 x 6.0 cm in AP, ML and CC 
dimensions. It is stretching and displacing the genioglossus and mylohyoid muscles 
downwards. Inferiorly, it is reaching the hyoid bone with no erosion or related extensions.

Label: Rhinolith
Radiopaedia Link: https://radiopaedia.org//cases/rhinolith-6?lang=us
Abnormality: A well defined rounded calcified lesion noted between the right inferior 
meatus and nasal septum. Centrally it contains an ovoid structure with a central air-filled 
canal. There is deviation of the nasal septum to the left. No evidence of bony destruction. 
Mucosal thickening also noted in the nasal fossa and right maxillary sinus. This is 
suggestive of a rhinolith, presumably around a long-standing foreign body.

Label: Gliomatosis cerebri
Radiopaedia Link: https://radiopaedia.org//cases/gliomatosis-cerebri-2?lang=us
Abnormality: An ill defined diffuse infiltrative process involving the deep white matter of 
left cerebral hemisphere mainly the temporal, frontal and parietal lobes, internal and 
external capsules, thalamus, left cerebral peduncle and left hemipons and contralaterally it 
extends through the corpus callosum to the right forceps minor fibers. The lesion displays 
bright signal on T2 and FLAIR, iso intense signal on T1 with no significant contrast 
enhancement or diffusion restriction. Mass effect in form of subfalcine herniation causing 
right lateral ventricular dilatation and transependymal CSF leakage are noted as well.

Label: Proptosis, Chronic sinusitis, Subperiosteal abscess, Subperiosteal abscess of the 
orbit
Radiopaedia Link: https://radiopaedia.org//cases/subperiosteal-abscess-of-the-orbital-
roof?lang=us
Abnormality: A fluid collection with air bubbles within the subperiosteal of the left orbital 
roof, preseptal and lacrimal gland soft tissue swelling, eye exodeviation, proptosis, and 
hypoglobus are seen. Fluid and thick mucosa in all paranasal sinuses more pronounced in 
the left side frontal, ethmoid, and the maxillary sinus are noted.

Label: Vitreous haemorrhage, Persistent hyperplastic primary vitreous
Radiopaedia Link: https://radiopaedia.org//cases/persistent-hyperplastic-primary-vitreous-
4?lang=us
Abnormality: Relatively small size of left globe with hyperintense vitreous on T1 images 
and a linear low intensity structure coursing anteroposteriorly from lens to optic disc 
(corresponding complimentary Doppler shows vascularity within). No obvious evidence of 
calcification seen. Cystic lesion seen in the posterior segment on left side abutting the 
above mentioned linear structure. Left optic nerve atrophy.

Label: Meningioma, Neurofibromatosis type 2, Trigeminal schwannoma
Radiopaedia Link: https://radiopaedia.org//cases/multiple-meningiomas-and-schwannomas-
nf2?lang=us
Abnormality: MRI selected images demonstrating multiple meningiomas along the falx, 
bilateral acoustic schwannomas and large right trigeminal schwannoma.

Label: Arachnoid cyst
Radiopaedia Link: https://radiopaedia.org//cases/arachnoid-cyst-middle-cranial-fossa-
18?lang=us
Abnormality: Large cystic lesion of extra-axial location in the left middle cranial fossa, 
extending to the insular region. It displays an isosignal to the CSF signal on T1 and T2 
sequences with no restricted diffusion. It compresses the temporal and frontal lobes with 
thinning of the adjacent inner table of the skull. No significant mass effect on the midline 
structures. Peritrigonal areas of high signal on T2 sequences suggestive of terminal zones 
of myelination.

Supplementary Figure 2 | Saliency map of the key frames. Red indicates the areas that our model focuses on when
inferring the corresponding disease category. Each case is attached with the corresponding disease labels, where the green
bold one indicating the guiding label for the explainable image and others represent all diagnoses for the case, potentially from
multiple modalities. The "Radiopaedia link" provides the source website. "Abnormality" refers to the anomalies in this case
(which may include multiple 2D and 3D images, with only keyframes displayed here).

|7



Label: Lobar pneumonia, Lung cancer
Radiopaedia Link: https://radiopaedia.org//cases/right-upper-lobe-pneumonia-8?lang=us

Abnormality: Large rounded region of consolidation with the right mid zone which is 
confirmed to be within the right upper lobe on the lateral image. Exact location of the 
horizontal fissure is unknown but this may be bulging the fissure. Air bronchograms are 
well seen on the lateral image.

Label: Ulnar styloidimpaction syndrom
Radiopaedia Link: https://radiopaedia.org//cases/elongated-ulnar-styloid-process-1?lang=us

Abnormality: Long ulnar styloid process.

Label: Cardiomegaly, Truncus arteriosus, Pulmonary plethora 
Radiopaedia Link: https://radiopaedia.org//cases/truncus-arteriosus-4?lang=us
Abnormality: There is cardiomegaly. Lungs are hyperinflated with increased pulmonary 
vascularity. Right-sided aortic arch is demonstrated.

Label: Large unilateral pleural effusion, Pleural effusion
Radiopaedia Link: https://radiopaedia.org//cases/pleural-effusion-15?lang=us
Abnormality: Large left sided pleural effusion with mediastinal shift. Right lung clear.

Label: Pathological fracture, Hereditary hyperphosphatasia, Insufficiency fracture, Paget 
disease (bone)
Radiopaedia Link: https://radiopaedia.org//cases/paget-disease-of-the-femur-with-
pathological-fracture?lang=us
Abnormality: Displaced complete transverse pathological fracture at the same site of 
previously mentioned lateral cortex insufficiency fracture. Diffuse cortical and coarse 
trabecular thickening with bowing of left femur.

Label: Shoulder dislocation, Upper extremity dislocations
Radiopaedia Link: https://radiopaedia.org//cases/anterior-shoulder-dislocation-26?lang=us
Abnormality: The humeral head is dislocated anteriorly and inferiorly with the 
anteroinferior margin of the glenoid, with some flattening of the corresponding part of the 
humerus.

Label: Breast neoplasms
Radiopaedia Link: https://radiopaedia.org//cases/carcinoma-right-breast-5?lang=us

Abnormality: Abnormal new density centrally medial.

Label: Ductal carcinoma in situ
Radiopaedia Link: https://radiopaedia.org//cases/intraductal-carcinoma-1?lang=us

Abnormality: An oval-shaped retro-areolar mass is noted with microcalcifications. It is 
vertically oriented with deep extensions.

Label: Pyonephrosis, Hydronephrosis
Radiopaedia Link: https://radiopaedia.org//cases/pyonephrosis-6?lang=us
Abnormality: Two large and oval radio-opaque shadows are noted in the pelvis, the 
largest measuring about 61 x 51 mm, compatible with urinary bladder stones.

Supplementary Figure 3 | Saliency Map of the Key Frames. (Cont.)

|8



Label: Bladder calculus
Radiopaedia Link: https://radiopaedia.org//cases/urinary-bladder-stones-2?lang=us
Abnormality: An oval-shaped retro-areolar mass is noted with microcalcifications. It is 
vertically oriented with deep extensions.

Label: Renal cell carcinoma, Sarcomatoid renal cell carcinoma
Radiopaedia Link: https://radiopaedia.org//cases/sarcomatoid-renal-cell-carcinoma?lang=us
Abnormality: Irregular exophytic renal mass, extending off the superolateral aspect of the 
kidney. It is mildly hyperattenuating relative to the kidney and contains a small focus of 
calcification. There are regions of hypoattenuation that are compatible with necrosis.  The 
solid component is hypoenhancing relative to the renal parenchyma. There is questionable 
involvement of the splenic flexure of the colon.

Label: Baker cyst, Synovial chondromatosis
Radiopaedia Link: https://radiopaedia.org//cases/baker-cyst-with-loose-intracystic-
bodies?lang=us
Abnormality: A Baker cyst at the posterior medial of the knee with a communicating tract 
to the knee joint via between the medial head of the gastrocnemius and the 
semimembranosus tendons. There are two T2-hypointense inclusion bodies at the distal 
pole of the cyst, which are T1-isointense.

Label: Jejunal atresia, Ileal atresia, Zuelzer-Wilson syndrome
Radiopaedia Link: https://radiopaedia.org//cases/microcolon?lang=us
Abnormality: The colon is opacified with contrast showing a narrow caliber. The distal ileal 
loop is also opacified showing some filling defects. The small bowel is dilated and gas-
filled. The rectosigmoid ratio is greater than 1.

Label: Haemopneumothorax, Pulmonary contusion
Radiopaedia Link: https://radiopaedia.org//cases/chest-and-abdomen-multi-trauma?lang=us
Abnormality: No evidence of traumatic aortic injury. No mediastinal hematoma. Extensive 
right pulmonary contusions with associated traumatic pneumatoceles and a 
hemopneumothorax. The pneumothorax component is very small. Less severe pulmonary 
contusions are also present within the left lower lobe. Multiple overlying depressed right rib 
fractures (1st - 9th) with subcutaneous emphysema. Comminuted right scapula and 
midshaft right clavicle fractures. No sternal fracture. A tiny amount of gas is seen anterior to 
segment 4 of the liver. No other subdiaphragmatic gas evident.

Label: Acute pancreatitis
Radiopaedia Link: https://radiopaedia.org//cases/acute-pancreatitis-56?lang=us
Abnormality: The pancreas is swollen with significant peripancreatic fat stranding 
extending to the right and left pararenal spaces with clear perirenal fat, giving bilateral 
renal halo sign, however, with relative hypo-enhancement in tail of the pancreas (in 
comparison with the rest of pancreatic parenchyma), representing acute pancreatitis with 
questionable pancreatic tail necrosis, which should be correlated with another study after 
72 hours to rule out necrosis. The splenic artery and portal veins are well opacified with 
contrast. Severe fatty liver infiltration is noted, with subcapsular fatty sparing areas.

Label: Ovarian follicular cyst
Radiopaedia Link: https://radiopaedia.org//cases/ovarian-follicular-cyst?lang=us
Abnormality: There is a 4.4 cm well-marginated uniformly T2 hyperintense and T1 
hypointense cyst in the left ovary. It has a single thin nonenhancing septation. No mural 
nodule, wall irregularity, or thickened septation. The other follicles in the ovary are normal 
size and appearance. On post-contrast imaging, there is a thin enhancing rim around the 
cyst wall. There are also multiple uterine fibroids.

Label: Arachnoiditis
Radiopaedia Link: https://radiopaedia.org//cases/arachnoiditis-1?lang=us
Abnormality: The cauda equina demonstrate clumping of the nerve roots seen 
commencing at the L2/L3 level and extending down to the sacral cul de sac.
Anatomical variant with sacralization of the L5 vertebral body. Modic type 2 endplate 
changes are seen at the L4/L5 level.

Supplementary Figure 4 | Saliency Map of the Key Frames. (Cont.)
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Supplementary Figure 5 | Prediction probability distribution on some representative disorders. Source data are provided as a
Source Data file.
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Supplementary Figure 6 | Prediction probability distribution on some representative disorders. Source data are provided as a
Source Data file.
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Supplementary Figure 7 | Prediction probability distribution on some representative disorders. Source data are provided as a
Source Data file.
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Supplementary Figure 8 | Prediction probability distribution on some representative disorders. Source data are provided as a
Source Data file.
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Supplementary Figure 9 | Prediction probability distribution on some representative disorders. Source data are provided as a
Source Data file.
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