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Background and Contribution NEIF R

508 PEKING UNIVERSITY

Background

Pancreatic ductal adenacarcinoma (PDAD) is the most Lethal solid malignancy, often diagnosed at an advanced stage and
unsuitable for surgery,

Early detection, early intervention,

However, due to the relatively low incidence of PDAL, effective screening in the general population requires high sensitivity
and specificity to mMinimize the risk of overdiagnosis

[hallenge: Non-contrast computed tomography (CT) holds the potential for large-scale screening: however, the identification
of PDAL using non-contrast LT has long been considered iMpossible, while enhanced LT is prohibitively expensive and has
associated side effects on the body,

Contribution: An artificial intelligence-based system called Pancreatic Lancer Detection with Artificial Intelligence (FANDAD

has been proposed for the detection and classification of pancreatic Llesions using non-contrast CT. When combined with non-
enhanced LT, PANDA Is comparable to the use of enhanced LT in distinguishing common subtypes of pancreatic Lesions,
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ﬁl Multicenter external test n = 5,337 from 9 centers
(2,737 PDAC, 932 non-PDAC, 1,668 normal)

Supervisions (training only)

ja Pathology |
Label lesion 1
; subtypes | ®

y| |3
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M . . B4 Generalization to chest CT n = 492
" Lesion and | (63 PDAC, 51 non-PDAC, 378 normal)
Contrast CT  Annotation LAl pancreas :
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_______________________________ J & I
Training set n = 3,208 from one internal center : Real-world multi-scenario studies n = 20,530
(1,431 PDAC, 839 non-PDAC, 938 normal) El!!? |£| (chictr.org.cn, ChiCTR2200064645)
Cc
E Physical exam
"Q? {lunig cancer scrusng) Chest 1)  High sensitivity and exceptional specificity for consecutive
-contrast CT real-world patients
Emergency OGO : : :
H — __. | 2) Detect malignancies missed by the standard of care
% ) 3) Detect malignancies at the surgically resectable stage
Outpatient 1  Abdominal T 4) Safe (;:me flals_e positive amc;ng 1,(_)00 test_s) an::! ijficl:ient
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PANDA

Stage 1 (Pancreas Localization):
Due to the typically small area of pancreatic lesions in LT scans, localizing the pancreas can expedite
the process of lesion detection, eliminating irrelevant information and enabling focused training on the

pancreatic region,

Method:

UNIY

::@ﬂtg.%‘f’

PEKING UNIVERSITY

The input Mage size 1s (224, 192, 5B). nnJ-Net i1s employed for iMage segmentation, and the pancreatic
region of the LT scan Is extracted, It 1s then resized 1o a fixed size of (1&M, 256, 4D to enable more

fine-grained classification and prediction of the LT scan,
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PANDA

Stage £ (Lesion Detection):

The purpase of this stage Is to detect lesions (PDAL/Non-PDALD
versus normal tissue

Method:

Using nnU-Net for further image segmentation, specifically segmenting
the lesions, Additionally, multiple scale pooling layers are incorporated
into the model to predict the probability of the presence of Llesions
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Stage-2 Network: Multi-task CNN

Segmentation of:
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PANDA

Stage-3 Network: Dual-path Transformer

Stage d (Differential Diagnosis): 2 ol
: . . . Pancreas / PDAC / PDAC/PNET/SPT/IPMN/MCN/CP/SCN/Others
The goal of the third stage is to differentiate between - non-PDAC

different types of pancreatic Lesions, which are classified into | 2xconvaD  |oRsse o i
: : : C
sight subtupes PDAC, PNET, SPT, IPMN, MCN, chroic TR e
. ( ) 40x64x40 —l self-attention
pancreatitis, SLN, and others, O o (&)
Method: Qe o “cose
. . , ___[ 2% ConvaD 1?:)(;1;3;(30 _ — 200%320
The mage Is further segmented using nnU-Net to separate the : S ! TELL
. . . . . 2x Conv3D ‘ 4
lesions into pancreatic tissue, PDAC, and Non-PDAC regions —T—— e e
. . ! sl J C=320 ., Cross attention &
Additionally, the model incorporates learnable memory toKens e mmmﬁ| ot atlontion |
- . . ¢ ) C=320
and learnable positional encodings for cross-layer sharing, ™ ZComap | e 200320
\ = m [ Cross attention &
' | 40x64xa0—— —self-attention
2x IConv3D ‘ 4%51"'2;‘0 bos
2x ConvaD | eoxtasuo
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2x Conv3D ]150(’;2;22*40

Memory
160x256x40 EE 200x320
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Task

1. Lesion detection: This task involves distinguishing Lesions from normal tissue, including
detection rates based on lesion type and cancer stage

2. PriMary diagnosis: This task focuses on differentiating PDAC from non-POAL Lesions

and normal tissue. It also includes evaluating PDAL identification compared to non-
PDAL + normal cases

4. Differential diagnosis: This task involves classifying PDAL and seven subtypes of non-
PDAL Lesions,
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Evaluation

Sensitivity (B & ¥ ), Specificity (4 & 1 ), AUC

Ground Truth
Pred/GT Total
True False
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' positive=TP+FP positive, Precision positive
Diagnosis
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Internal Evaluation & External Evaluation
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Internal Test Cohort (n=291) External Test Cohorts (n=5,337) C
Primary diagnosis Primary diagnosis
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Lesion detection Lesion detection
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f 33 readers 15 readers PANDA prediction PANDA probability
Non-contrast CT (on non-contrast CT) Contrast-enhanced CT (on contrast CTs) (on non-contrast CT) (on non-contrast CT)

Mormal Normal

Normal - PpAC [ Non-PDAC
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Lesion Detection on Chest CT
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Lesion Detection on Chest CT

Normal

- Non-PDAC

- PDAC

Radiologist missed X PANDA detected v~

COVID-19 prevention chest CT
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Real-World Study

/" Patient inclusion criteria

Nencontrast chest and abdominal CT scans
retrospectively collected from December 1 2021 to
December 30 2021 in the physical examination center,
emergency department, outpatient department, and

Lo + R

selection

-

[ Duplicate scan

'® 162 duplicate scans
O Physical exam: 0
O Emergency: 128
O Outpatients: 4

O Inpatients: 31

~

J

4 Exclusion

® 2,234 excluded patients
O Physical exam: 122
O Emergency: 379
O Outpatients: 1145
\_[ Inpatients: 585

™

R A

(WY

Cn

B FEHE

~.

3

Duplicate scan selection criteria

1. If a certain patient has both chest scan and abdominal sean,
select abdominal scan,

2. If a certain patient has multiple scans timewise, select the
earliest scan.

Exclusion criteria

1. Patients who underwent surgery that can impact or alternate
the anatomical structure of the pancreatic region, such as
esophageal, gastric, pancreatic surgery or ERCP procedure, etc.

2, Patients who underwent treatment to cancer (chemotherapy,
radiotherapy, and chemoradiotherapy).

3. Low image quality.

4. Patients with ascites.

5. Patients with pancreatic trauma.

&. Patients with acute pancreatitis.
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Case Study

""" ‘Standard of Care (SOC)
Month 0
Physical exam chest CT
&)
i

No pancreatic lesion reported 3
Initial SOC

PANDA screen-detected PNET
Data collection

Month 7 PANDA detected v
Real-world clinical study  PANDA NonPDAC: probability 95%

.
=

normal R PDAC B nonPDAC
[ 4

3""3 MDT review
-

non-POML

Recall for contrast MRI
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- T MRI report conclusion: consider PNET
}IIHsi
TR
W E
2 MDT recommends Patient consent
5 3 forsurgery for surgery
Month 7

Successful minimally invasive surgery

i_ Paiholm;'_yr report ]Eﬁﬁﬁﬁ
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6-month J _m

follow up TEY
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Pancreas MR T2W| Pancreas MR DWI b=800 ¥

MRI report conclusion: no relapse, no metastasis
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Reader Experience

I
Reader ID Experience CT read Pancreatic CT Traning/Expertise
(yr) per year read per year
Specialist 1 (S1) 17 7,500 950 Pancreatic radiology
Specialist 2 (32) 14 3,000 550 Pancreatic radiology
Specialist 3 (S3) 14 15,000 1,500 Pancreatic radiology
Specialist 4 (S4) 7 20,000 2,000 Pancreatic radiology
Specialist 5 (S5) 7 12,000 460 Pancreatic radiology
Specialist 6 (S6) 7 12,000 1000 Pancreatic radiology
Specialist 7 (S7) 9 7500 340 Pancreatic radiology
Specialist 8 (S8) 12 11,000 450 Pancreatic radiology
Specialist 9 (S9) 13 16,565 2600 Pancreatic radiology
Specialist 10 (S10) 8 15,000 560 Pancreatic radiology
Specialist 11 (S11) 8 8000 1000 Pancreatic radiology
General 1 (G1) 13 3,000 150 General radiology
General 2 (G2) 31 5,000 300 General radiology
General 3 (G3) 9 13,000 200 General radiology
General 4 (G4) 9 3800 170 General radiology
General 5 (G5) 8 1,800 100 General radiology
General 6 (G6) 8 20,000 500 General radiology
General 7 (G7) 8 1500 100 General radiology
General 8 (G8) 10 15,000 300 General radiology
General 9 (G9) 9 3200 150 General radiology
General 10 (G10) 10 18,000 200 General radiology
General 11 (G11) 9 3000 150 General radiology

BEBEH REHE

ANELFE R

PEKING UNIVERSITY

Resident 1 (Rl) 2 4,500 300 General radiology
Resident 2 (R2 3 5,000 350 General radiology
Resident 3 (R ) 2 1,000 200 General radiology
Resident 4 (R4) 2 12,000 1,000 General radiology
Resident 5 (R5) 2 500 100 General radiology
Resident 6 (R6) 4 6500 200 General radiology
Resident 7 (R7) 2 300 100 General radiology
Resident 8 (RS8) 8 12,000 350 General radiology
Resident 9 (R9) 4 6000 200 General radiology
Resident 10 (R10) 2 1200 100 General radiology
Resident 11 (R11) 4 6000 200 General radiology
Specialist 12 (S12) 6 16,000 400 Pancreatic radiology
Specialist 13 (S13 7 17,000 400 Pancreatic radiology
Specialist 14 (S14 7 15,000 500 Pancreatic radiology
Specialist 15 (S15 12 17,000 2,000 Pancreatic radiology
Specialist 16 (S16 8 25,000 500 Pancreatic radiology
Specialist 17 (S17 10 17,000 1,000 Pancreatic radiology
Specialist 18 (S18 6 23,000 500 Pancreatic radiology
Specialist 19 (S19 12 20,000 2,000 Pancreatic radiology
Specialist 20 (S20 12 30,000 3,000 Pancreatic radiology
Specialist 21 (S21 6 17,000 400 Pancreatic radiology
Specialist 22 (522 i 15,000 1,000 Pancreatic radiology
Specialist 23 (523 19 20,000 450 Pancreatic radiology
Specialist 24 (524 10 20,000 450 Pancreatic radiology
Specialist 25 (525 10 20,000 500 Pancreatic radiology
Specialist 26 (S26) 10 21.000 500 Pancreatic radiology
<20 >
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The good generalizabllity of PANDA can be attributed to the following factors:

1 Training data from large tertiary hospitals, covering diverse representations of the Chinese population

2 Non-contrast LT scans mMay be more universal for Al Models compared to contrast-enhanced LT scans

4 Integration of segmentation (capturing local pathological basis) and classification reduces the risk of
overfitting in pure classification-based Al Models,

i The model was fine-tuned to achieve reliable control of false positives, with a specificity of 5997% in the
cross-validation process on 3 large training set (n=4,208).

5 Specificity was further iMproved to 995% by fine-tuning on false positives from external centers and the
real world (tune on RW1 and val on RWE)

b, Regarding training data, simlar LT imMaging protocols (eg, slice thickness, LT dose index, oral contrast) were
used for cases and contrals, forcing the model to focus on the primary learning obiectives rather than
fitting shortcuts or confounding factors,

BIEBEH FEHE <21>
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The site of a primary tumor is crucial for guiding clinical care in Metastatic cancer cases

Determining the site of origin is challenging despite histopathological examination and clinical/radiological
assessMents

[ancers categorized as LUPs (Lancer of Unknown Primary) account for 1-27% and lacK a definitive primMary
origin,

[omprehensive diagnostic work-ups are performed for LUP patients, but empirical chemotherapy Is usually
administered due to the lacK of primary site identification

[benomics and transcriptomics have been proposed to identify the primary origin, but molecular profiling is not
routinely conducted, especially in low-resource settings,

Uncertainty in classifying tumors as priMary or Metastatic and mMisdiagnosing relapse are reported in the
Literature

m
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Results
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Attention Map

1 Pancreatic Cancer Detection: (HARD)
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4 Alzheimer's Early Detection:
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