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Figure 1. Disease taxonomy of the ten types of pancreatic masses
(tumors, cysts). Mass type diagnosis determines the clinical ma-
lignancy indications that lead to the proper patient risk stratifica-
tion and management. The purple histogram bars represent their

relative frequencies. All images are in the arterial-late CT phase. .
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Deep Mesh Learning.
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Pancreatic Image Analysis.
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Figure 2. Flowchart of our proposed Segmentation-Mesh-Classification Network (SMCN). SMCN has three components: the pancreas-
mass segmentation network, the mask-to-mesh 3D anatomy modeling, and the global mass classification network. The mesh model is the
bridge between the segmentation network and the classification network, who pools the features from the segmentation network into the

vertex feature vectors in the graph classification network. .
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3.2. 3D Mesh-based Anatomy Representation
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(a) Epoch 0 (b) Epoch 20 (c) Epoch 40 (d) Epoch 60 (e) Segmentation
Figure 3. The 3D mesh deformation process. The mesh is initialized as the pancreas prototype (a). Given the pancreas-mass segmentation
mask (e), the geometry of the mesh is deformed gradually to fit the surface of the segmentation mask, as in (b-d). Red: the head of pancreas;
Blue: the ventral body of pancreas; Yellow: the dorsal body of pancreas; Green: the tail of pancreas.
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Mask-to-mesh Process.
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Mask-to-mesh Process.
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Experiments

4.1. Evaluation on Mass Segmentation
R

Table 1. Segmentation and detection results over the ten types of pancreatic masses. Note that in this experiment, networks are trained with
four labels: background, pancreas, PDAC, and nonPDAC. micro: result for all patients; macro: average of the metrics of the ten classes.

Metric PDAC | NonPDAC | AC CP DC | IPMN | MCN | PNET | RARE | SCN | SPT | micro | macro

Average Dice | 0.734 0.478 0.423 | 0.533 | 0.001 | 0.151 | 0924 | 0.514 | 0.849 | 0.585 | 0.762 | 0.618 | 0.548

nnUNet[ ! 3] | Detection rate | 0.959 0.693 0.7 0778 | 0.0 | 0.308 1.0 | 0.833 1.0 0.8 1.0 | 0.838 | 0.738

SMCN Average Dice | 0.738 0.611 0.438 | 0.668 | 0.006 | 0.602 | 0.924 | 0.514 | 0.824 | 0.666 | 0.801 | 0.681 | 0.618

(Ours) Detection rate | 0.972 (0.887 08 | 0889 | 0.0 1.0 1.0 1.0 1.0 0.8 1.0 | 0.934 | 0.846
FFAIHISMCNKIER SR AHIE Z3D nnUNet [13]H1TECEL, 1ZE BRI IRVEWESE LML 18lIZk.

I, BETFIDMIBHESIERRENEGraph-ResNet P BER S T RESEFIMNERIE, S3IEXTTF
JEPDAC, TMIEITWilcoxonfFEFEFRLE (Dice: 0.611350.478; G HZR: 88.7%3969.3%) .
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4.1. Evaluation on Mass Segmenta

TN
SMCNRJLUBII B S VUK 1S o8NS, HE
TENDEISER, X TRMEFEXEIRY

nonPDACZS, 7EESH, nnUNetZRiIFIEAC (M) . BEh
BfEETERESLIMER. FAIIRISMCNIEBY RRTtENE] TXPMACK
M. ¥WFiPmnGEHl CEEFRE) . FRIIRMEEHRH TEE3D
nnUNetiRBIEESEEERIGE], SIEEREN IRRIIGARXEIRE
{MIE[13]. XFTFSCN (RM) , SMCNDEIEPEERE.
FREXLEERERER, FeliJaVRESI) LT RRISMCN R4 T
FERITHAT3D nnUNet [13] ERDEIGER, T IZRTEZEMK
&RLF.

Figure 5. Examples of pancreas-mass segmentation results. Light
red: pancreas. Green: surgery mass. Blue: monitoring mass. Yel-
low: discharge mass.
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