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Pancreatic ductal adenocarcinoma (PDAC)

» Deadliest forms of pancreatic cancer

» Exceptionally low 5-year survival rates

VNET B
: |
» Represents more than 90% of pancreatic cancer cases A
ompa!rlson
» Tumors are small, deeply located in the abdomen, and blend in | Metrics;
. . » SegResNet | :
with other soft tissues | Dice Score, Jaccard
Index, Precision,
PDAC’s high mortality rate stems from its difficult detection by M’::gi\llt,)glustgolzrﬁbr Figure 3. Single Slice Visualization of Data Utilized in Training Models
C||n|C|a nS, Wh|Ch Often Mmeans |t,S diagnOSEd tOO Iate fOI‘ mOSt True Mask - Model Background Dice Score Comparison Model Pancreas Dice Score Comparison
. 0 - 1.0 - —
treatments to be effective. w | R A S
. "":“« u;:r:”””?«w*;,m%ww A s .',-’““""‘jv::w"‘ NI s PRTATR
Importance of Al Segmentation Models i 081 "N}M%’W‘”MW T m’gﬁ;‘:{-{%W%wwmw“"
T I Sl
C : : . A WA
» Highlight tumor regions with high accuracy to enhance PDAC — 06 | y 06 ,"“{,,:% f
detection Figure 2. Visual Representation of Model Comparison Process ; "’ M» }1
0 0.4 O 0.4 - i !
» Enables clinicians to catch PDAC sooner, when therapies are most : — [ —— ttention
) ‘ P Dataset Preprocessing el I
. . : _ . 0.2 — UNETR S —
etrective Each image—mask volume pair was cropped to the contiguous span of slices —wer h,’ i
. . o o s o —— SegResNe
» Validated reliable outputs bolster confidence for both clinicians containing pancreatic tissue or tumor, with a 20-slice margin added on 001 —— SegResNetDS 00 ! | | | —— SegResheds
. . . . . . 1 ) ' ) 40 ' 0 100 200 300 400 500
and patients either side to preserve contextual information. Patient cases were then i o  moch > > epoch
> Rapid automated segmentations accelerates review and decision- randomly allocated into a 70 % training set and a 30 % testing set to Model Tumor Dice Score Comparison
. . . . il I I 1.0 4
making in busy clinical workflow facilitate model development and unbiased evaluation.
Training Transformations i
: : : : : : : > Orientation: Rotate all scans into standard RAS coordinates W
This project aims to identify which model architectures are 038 1 (i'«iﬁ‘a !
° ° ° . . . . M WY
most effective for accurately detecting tumor signature. > Intensity normalization: Clamp Hounsfield units in images to [-100, ‘J‘m’_‘"’.ﬂ

300] and normalize values linearly to [0, 1] |
» ROI: Center crop (or pad) volumes from (512 x 512 x n) to (128 x 128 x 1l

Dice Score
o =
(@) ~J

1
|-

—— Attention UNET

> 51 | =t
— VNET
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across scans, reflecting differences in patient anatomy and acquisition protocols.
The scans were acquired at Memorial Sloan Kettering Cancer Center in New York
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& AttentionUNET data characteristics cause certain segmentation models to
» Integrates attention gates into the UNet architecture to out.p.erform others . . ,
automatically weight and highlight relevant tumor regions. » Training on a larger and more diverse collection of scans is
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» Extract the feature matrix from the bottleneck layer of the best
performing segmentation model for use in training an autoencoder
model

» Combines a CNN encoder with transformer-based bottleneck
(VIT) for long-range context modeling, capturing anatomical
structures
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