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2022 Radiological Society of North America &= (RSNA 2022) L E i b2 E i
B2 ST McCormick Place #2¥ » B BE/ M4E STV BB BT ZEAIE0E » il Rai e T 7%
FHIANTEE > WA FEHELL « ZERMEMAPIERYEZM: - RSNA 2022 245Ky
RV FiE RS - B8 7 900 ZREam ik~ 1,300 ZEE%E 300 LI EREM 1,450
ZifEoran - Hh 3 644 SRS R T BN g f7 i (Computer Tomography,
CT) ~ WitziSE st (Magnetic Resonance Imaging, MRI) ~ A T Z¢EZ (Artificial Intelligence, Al)
R R B G Rl - Bl NBmE 38,000 A(BLE BN ~ HUATEN « £2F - s ) -
COVID-19 BRI A e (B &M ELLR SR Er s VRS TT » RSNA 2022 RN 4R E 2l
FRALTT(EHY APP (RSN NS [01E - AHRHERAE S R 5% -

KRR G FHEANTREEANTES - REIE - Emfiors S8 S i S\ i s &y
BUE B - DL EFRIIRIE NS SR - WA 327 SEERE - HEAAN
Bl ~ R e A LR M ETHAGIT B A WA - ER M BN R A TR
FISCEBUNEE TR FAZIVEZE TR - bR 7 AE M2 - RIS - S2i3 B E - /EmII -
R & 75 e W (4 B ey R8I - T Al Showcease | A1 T Al Theater | » T Al Showcase | ZEEH &
FREH E LR R I - AERLRRAREITY Al ZEdn 0 RS LA Al B S BLE A R SR
w5 " Al Theater ; 24t 17 235 Al FHERVEEBEIECR » (4] RSNA SHMEEHT Al PREREERVAEE
& BEEAERG R ER Al TEERER - GEeGad RS siEZ N2 LIER
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(—) AT SR s
AT HIZEEEE (Deep Learning) (LB 1R « HAAGES - HEE A HIKA
ATZZENE - B 2016 = 2 1% R s R g e - D08 T R ERCH G RlaiIig - B &
PEREE - ZERE - BEE - SFhESEREI2ERREEE - MiiEERHER
1H 4% 4 % (Convolutional Neural Network, CNN)(&z & #5688 FHAY 2 U-Net) ~ H 415
(Auto-Encoder) (& ERYZ ) Variational Auto-Encoder E51 Masked Auto-Encoder) ~ S5
Z3(Transformen) (55 7ll5& VIT) ~ 4= pl B4 E% (Generative Adversarial Network, GAN)ZE 5
TR AR S R A - PR B B E =052 (Self-Supervised  Learning) A1
% E2H (Transfer Learning) F Rl 1T HII 4R - ILZ A SRERHEC A e B A 5021k
(Generalization) s Es » Fl4055E% T Transforming Radiograph Imaging with Transformers |
1 » 7R H Johns Hopkins University /Y Junfei Xiao 55 #tet B DL B G/E 17— (& ik [e]
B o BCHTHY A S ROTES () B SR (Diffusion Model) ~ 133 &5 (Knowledge Graph)
T PRETAMARF B AT R AN BUESUR RIEGE & -
1. 2 EE (Image Reconstruction) :
" Deep Learning in Imaging Formation ; 552K 138 A &R FIRE (AR ELE A
15 BB A PR S BRI IE o - 3 (408 B A5 (Filltered Back Projection, FBP)={
BAER > FIFRESEE R A 2 5nE © A0 —FR - GE ~ Philips 55057
KW L 4R S B2 s 5 EE 73 (Deep Learning Image Reconstruction, DLIR)AYEE#E (%
gsEnn . SRR R ERVEIE o] R AEI 6k - K25 5 4wt (Auto-Encoder)
AIIARIZR IR TaxaT > FIFH RS a3 (Encoden)i 25k 2D R BiRie Blm e ESE
g7=f#](Latent Space) > RI{{FERALHH I GAVELEE - FEA RS 25 (Decoder) S/
3D 244 - B4 GE HYEELh TrueFidelity 2R U-Net fH251 - DUBTERYE T BIRHE
TTallER > TERIEE FIORE (S 2 R BUK-2) 1 E a5 55 FDA -
/0B ARG EEEN Y > WE AR o FrsR s 2GR A RIR 2D
FeE & R E 2 3D §20% > (G DLEFIRY Zebra AFIE A HEH IS AR & R
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A i BT 4 ES (Generative Adversarial Network, GAN) » #¢4 i—1{[& i 2% (End-to-End)
AT THIIGR - MRS FCA FIRIRRIT DL SAEHR R e R & EoA AT > il 25 et
A NE =R o D B A S A REE RN o BAESHERTE {50 F#aER
¥4 (Neural Radiance Fields) - jRE2€ RS2 5 &5 & 51 oK E B (Ray Tracing) {E 7 A& A
(Volume Rendering) - ZE %A [EIAERY 2D &2 &R R -

SRR R G EEAIRITEE e - AR ARG ARSI RN - (e FHARY
By RATEEASI DS B ERVRURRDL - BEILIEIE B O REEEER
2% b B G Hiiw A iR ElSE: > HEEATEIREIERIRIGR 2D = 3D &2
GEGE LR X SEE@ 0 H1E o KRR o4 e @ st m o R = /K P& AfE Pdfr
N RS R R EEAE A 2D etk o BT AR E AT RS G
anE > H] RN 25 R L e AR A B R R R

FE b o #E R TR E LR R B E RS an E R - {EANIE AR RS
PRIEEER n R iSRG BRIVRL ¢ A FE5I Y2 (L (Generalizability) 5] 8 5 Ky %
B fIESFER  — BERERSGIRAE G RE R R E R » R
TIIEE 7= HEELAY IR B i (Domain Adaptation) = 504 HARIR - w1 AR
TR i 8 fee o SV EE B PRRE PR BB BV B RE ) » W E B RSN R E I ZbEE
EAFHATR M -

. 5 ¥ (Image Processing) :

BRE - BRAME « IR FSREE AR E A S E - (RS
SRG S E ST - DUREIE AR MEREE BB - 0BT - 2% B R
il Noise2Noise RIS GAETTRHERNAVIIGR - ERFIIRE R Z AU -
ETTRUS KRB HE R R 3114k - F 2L PCD CT(Photon-Counting Detector CT)
TRl b EFEECR B TR (Fine-Tuning) » ZzisifrthaE 8l PCD CT RS HEI T E
Mr o Rt s BUR EE LIRS DR B A B AERG L2 S - 2iE/\ ~ B URE-
A BB E—RZ B ERY Patch(V) 73 (5214 » & R G R A H
Patch FT{EMLE > 7540 Y A ) B P8 B 2052 5 2 21 BB 4 52 72 (One-Shot

i

~
M
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RIS BB BRI B IR BN A G - T A R At i
= > 40 PCD CT /& Dual-Energy % » AL SREAE AR EEN) - (HE L
AR E > FEECATERZEEE (Knowledge Distillation)ZE el {E EAHAY > 4rifE-F-—AlE -+ —
FITR Al P A e/ I o] 400 A B A5 i Y ek 2% (Truncattion Error) = 55—
TER A REAERE - BN EAERY CT (TR, ~ B ERGE - WE+=H1
T VURT R o 3% B R F R A B3 Ot 48 B € 1E 7 B 2 72 52 (Positron Emission
Tomography, PET)s (G 4= $HIEAT CT 526 - FFIA CT Gl T PET S8
T ARINMESAVERRS S - FEEERIED e R E RS 2 52 - ¥R E
REEEEIE o R DT4ERE 0 A AR EdE — B BRI - B+ TR o 22 R
F Siemens {28 M/ TIER ARG BB TGRS AR HRZ R B S () GE f688
FHRRATEERT -

55— (B3 AR H 2 (L% #ifE (Motion Compensation) » CT £ &l H
AR R PR T 2 R G SER » mT (o R [EI R B 3 2D #E S B e/ N e
PR B R TR R B RS 2 (Offset) - A BRI AT IE » 3051
WE+7SF - A RIPMELR T TR I MRS NS LRI, - TR 2 CT 48
2N ETE T E R R E U B TROE » B9 R BRI ~ Fi S0y, S P B S
AR EE 2 -

LEARHE AR EER - FIASEERNEEE - WIHEN - #508%
RS RE STERS R IR E - HREER BN EUX B oG (LB Bt
M S FETA RS EES R - THIIRARIVERETT A EAHEIER S - FHEE
4445 (Edge Device)iH /) » B EHEEA (ERS (L7 RAGEHE B HAEAS BRHRE -
SRS T Ry RS 1 [ J2 P R PV B Ak 1 <4 e (Physics Informed Neural Network,
PINN) - HEH{E &R IR B2 A AR (R SESERRL G > PSR UR TE A Al 7E [ B
AERREN 5 1] -

3. B SnE (Image Quality)

HR 2B BRI R R T A F RS R LI ES - &

AL SRR A RE R AT B R B BT Al ~ R4 I Bl A AL T2 - SR
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RIS VBRI NS —20E T o BnE ) SR A RGN £l - EhER R
B G BB E LI HERIEL » RS AREEENRRE & AT -

Bizz Al SR GIREANET EHYSUARIEAU AR S8 51 (Variance) » Al ATLL
TGRSR BRI Y —TEEAR IR ENECLL - FIR 20 Al A
{5 & AG 2 (Ensemble Learning) #1715 » & [F] Al AL [ 7L 722 SR h4a
TEFor o E TR > BERYEF o Ron Al IR BIUE Y2 2K G2 A B E HY
(Uncertainty) - #& It 25784 BT BCBUR N > 1248 & BRI SR B35 B S48 A e
% » o0 P RS B2 R B A (Stacking) 2z#48 52 (Continuous - Learning){Z1E Al
AU B TR 5 2 -

BN Gan 8 i AL — (E 2R B A& T aF oy 0 B2 B & Rl 2 U
(End-to-End) Y ZRfE(E /& 1221 (Quality Control)- LI " a deep quality assurance network
for Al in CT applications ; Jiz# Fsf5] > 0fE+/\F7w - Jo{# 4 Dual-Energy CT 4R
[FE#EHT Sinogram 2% > SR —(E B EHIHREEEHA > afghe A FEAER
Sinogram 25 Fy CT 5245 £ NARFISR S —(EAEEEEEA > HHEE CT s BrEl
AEMERY CT 246 dE -+ LA TR 2R % 1 —{E =155 (Forward Projection)
A EE R Sinogram 5248 - A& EIERIFE > RS EFAIEERY CT 2% - %
T B ATRIFEA CT 2GR AIELEY A AR > BB SR .
L R A FE B2 AR A Rl (G A TP E IS EEECA YNy - BR Grad-CAM JHERVES
TR EAE - ER s 1 HAM 68 &5 B 52 7 2K $73 8 = i A (Teacher
Model) -

—FRHY R ER A U IE T BRI SREEE - SRR EIR A AL e
RESIAEE » ERFCHESREE IS - BHEAER [N 55(Data Poisoning) sfH A
Jit%(Model Drift)F 52 > Rydg iiE IR S YRS (M (Robustness) > HFI I A B E DT
RN Z IR S » B —+—F7= » 5% " Who is watching the Al: computational
solution , ¥}55 57 H 4mAi(Variational Auto-Encoder, VAE)HY 7B 55 & 22 [a] 1% L H A ES
(Discriminant Network) - ## 5 gisr A= p > FHZE RIS BtV EE S B 2= HFE R
fb (Data Augmentation) EFYSTEE - 408 -+ —FR o 5L ZE IRV SR ER(Cluster)Xy
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H o

g m R BB EMEEHRESEYE > BERZAE LEEN25Y) (No
Reference) - &5 (i A DA AR B¢ S Do 4 % B E 1Y 129t 1 JF B B =0E2 & (Unsupervised
Learning) - £l AP S o HHIAAT S AR BB M B 38 B 22 IRy AR AR T
GG - BT IR R A R A (Flow-Based Generative Model) ~ #gi f5%4 (Diffusion
Model)%5 » A THHIAR R & BB B 8 22 MRl SRS - M RF BN A 4
PEFIEZE A -
. BREES R (Natural Language Processing) :

KRR G LS NE sl EA E % m B S R EE A EER - 4

" NLP and Report De-Identification in Abdominal Radiology Reporting | #4A{#H F S ¢

Rilr EREARN s - — RIS G A TR BN R AVAEECE R - 1 B BTECBUN Bl
1G22 ETIBIE » A 2017 4EELA Transformer iy 514515 22 (Bidirectional Encoder
Representations from Transformers, BERT) - {5 % {if 3 = 9f 42k 7 7] 7 Il 6k A5 2
(Pre-trained Model) - ¥ S AU E R H (F R s sk AL BN > 1€
AT AP IR Bl £ 0 i L R RV ARE AL

2021 FAEJEHEHPE AL 5 (Contrastive Language-Image Pre-Training, CLIP)$
e - AE7E S B 22 A F SRR (Cluster) S B2 AG A PIAE [F] —(EI L B - #5HCTR
AREHERE AL (Diffusion Model) iy » 1F = 422 R S Bl S A —#E - L
FZERERR - A N TEE B BRI (Al Generated Content, AIGC)iEE — Ik
5 o fJl40 " Rethinking the Role of Data in Radiology Al | 7142 FH H IR B 2E
PR i FAE R X ez g - A — -+ =AIE —VURTR > Xt GE RS
HITE > TEGARKBUN AT ] LB RERIERAY - B0 " A2 T AryrER - NE—BE > FR—
B R —N.. ) FHEREAS - &I SRETEIRE S (FEERVEEE - Al g
FiiE TR ~ HEE (T8 - A R B 22 Iy — (& 4R -

H2GE S RO E R R A Al Bk » IR RS ARGl Transformer £
Attention #VERF B 2AsE S RER ARG - RS IESHEE E EREER MBI &
EifiR— > R Re R EAN A A B TTaEEs - AR MR ARRSE » R

HT7TH



S AT BB LRSS - THITHR G & EREE ) B 2458 = ROl B By S 5650
sk 5 I [E[ 1R (Graph Neural Network, GNN)E2 fENTEKE R - FHELREUIR AL TE
B ZEHE S - SOSNEIN B 28EE S RO 2 M BT B SR Y 280K - s Rt

(Image Manipulation) - 5 & # fi# (Image Understanding) ~ 2 W& W& B =

(Content-based Image Retrieval )<z 481 & 2 R AT 2 J5 A -

(5) FeRsHEmEHER

ANLEZSTHFEE BRI AR RAVES » DIBER R ERVEFUAREM -
M~ BERS ~ T~ P e~ B - MELEATA IS - RiirE it R R SIS
— V) B35kt Y AT S SR T R PR > BIUIOR & 58 K Y R S R 5
" Translational Al Science: Bringing Advances in Deep Learning into Clinical Practice | 4%
BIPRET A B ABRPR IS > i Al BLEEBe 3R 5 B 5L 2 (0 17 A5 B i (S % 45 (Picture

Archiving and Communication System, PACS)4&&45 -

I

" CT Protocol Standardization: the Foundation for Successful Al | $2%1] T ki EdH| &
Al - B R AORETR - BE T TIERNEEE ) TR Al ZERRE
T RHAGEE T TESREEE ) FU TSR E AR " Failures, Biases, and
more: When Good Al Goes Bad | 2% Al AU BEEEEE A IR 2 a Pk - anE — 1
TR
BPTA EEEERO T T Al AYRIEATRERAETEYT - BPE B R 2 B e A (T
A T ERLEE (R E) B R E AL/ R R E ARG, T ESE Al RlarE
8 JEEEHREUELL Al KO A S EE | T BB 8RB W AL ERT S - EFE
RALKRZEERNE S M) - HLUEHEHAMBERS & - FEEIIAE | T 2EE
AL ZIVIARYE T - 2 NI EANAITH RS2 Al SCREBRTEATSHIS T X
SREMEERREE S —EHEEAEM Rl E R RS - WEERAe
(EF IR > T A — s ANESEE - BAEE RS - BRRKHER - TER
TR R RSB - A B fBlR O R E L 2 (RS2 W r R s B A (B
RIS Z RIS T AR S ERAE - MBS ERREIS AN B EAER
%8 H



AR - RSN EER T RERE (B R ) |, ~ T AR
NTEZ 520 B F AR IRV S i AP > T L RSV B ~ ERlES: -
HURSEA AR (R FTTTAY T2 o T BB e 20 A T B8 Al 15 ~ FR 2 O (se A
EFE T HE IR - BEg i A ) - AR R B EETE (R FEARUE
A AL B2 IR E WY - EENTT - IR E RS AR ER U b &2
e

1. BEg i (Medical Imaging Chain) :

Ry TRlE Al BRI - Faikf C B A TR T8 s - WE —+/\ - B+
JUATR - BEERIVEIER - Al 3T~ E R TR - DL CT &g APl > H
28 CT AT i A R IS C A I R as Eall 0 (H AL ERIEZ (RS
EERRAT N EEE E - E =TFrr > PREERES A ERGE ~ FESFUEAER - i
SRl B T ER B2 S AR - i HEANIG 6 - B0E REMABERA
RGP R E(CS R R T B8 [ ERTREERS - R ARSI
MEEARER " HEib, AR - HEERATYARBLm EE LU Bt B -

FERGH—RAVEAFEGH " Business of Imaging Al FEHE {2 Ry e B2 (5
(Medical Imaging Chain) - {E%52 ERMERPEEZNY_ B Al BRAE /T A B - —FS R
R Al A B B eV SRR RS IRST Al BAIRE - Bl T Al
real-time feedback during clinical workflow | & 554 40{n] & 1R B o) & BhELEHE - Wi F
PR EAE] Al YBIE[E]E% -

=% " Applications Throughout the Radiological Imaging Chain | 8225 (5 gi/E
—(EfRAF IR EEERE - B =140 T B G R AR - [B =T I ABTE
2= (Dashboard) {5 PR & Rl R Bl RIS Be e R (B B M Bl (e - 3% B2 R
NERAlarm)BEHIE Al FRATRESR T SEBIR A IR T DISels - thasfe P& S
BB R R B [ = =R A T > AR A (R E AR
T EHLT) ~ PREXERIRS AR FEJR(FHIR) ~ JT#dE (MetaData)
AE ~ FOTEEZR - B =T TH4RaS T rs RS - BEE R G e R A g o L
TREERANSI SR (AR ER -

F9H
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5—i5s T Al for Radiology Workflow: Private Practice | 71-434I{Al {55 F Al s
R (RS B (G R R 0 Al IS EE R - B =+ 7R - DAE2REE
SR 77 A S L SR B iR e R W ERY T s B AU AL 1R
[ AR BB (s (g L (Feature Extraction) - 41 =-F/NForR - @A B A RERE
B FlIaTTEdE - AR ER(NLP Tokenization): - FLAREEE ~ LR - B - ACHR
BFREE

RSV R EmE 2R - Il Al FZEUC REEA RS - FrilZ i H
IR (CE VW= nEavA = INERE < Gk AR e iy S S s I R
BB A NSRRI R A o DB RS R TREE BT ER
{EFIFE A= (User Friendly) Y[ % (3R - RAGEE SRR E R E—P(F
B EZAAICEFHEES - R DSBS AR - B BRI B - 454G VRIAR %
AT VE AR B R BB (i S 2E ~ DU SR BE AT RAS T T2 - B AR L e e
Y SR FR)I SR L i
. mEHEfR(Quality Assurance) :

ST E VRIS ERERR - WATE AR - MBS E =1t i
ABER AL ZFI B EL - Bt ERE) » FERBIE A S BRI B E -
IR —(ERFE T - MR Al (FEIRERE - BaERE—EiEnE
B~ AR Al IR - FESRHOI P 2B (R IE T - RS = RS ok B
RFTR B A A E A L 23 WA S AR IR T B8 BRI - Bkl
L RE AR BB F SRS S (DIBTEA) - B =1/ \Fr > T RERIRR A
Al [ERIZEH -

% B R AL BB R Bl B B e R R 0 (A 52 A Bl Tk #0 B2 7 (Federated
Learning) (T8 & » K BITER AR ANMEILE LS - B =TI - K Al
BEANRCE SR - HE N E 2 ERHEWE TR E S E R - EE AR - i
Uit B B BB A o] MRS = B - e BLR BB B B G s S
FEES) - SITEREEREDS - B 2EE ARG 2P TERE - LE Y —AfE
M-+ —Fr - PR E I A R B IR TE BT « BT B RS EE A -

%10 H



£ Al e P a2 b ERBmE W B BRI PACS ~ FHIR 55 - W{FEHRmE
Epr - BETTEER « BUBAREC ~ BURRL ~ BiELd et - AEE - ZRAEBKImE
Al PRI AR - FERCINE R (Bl BB R (7 8 2 Sl R PRI 25 (AR m B A%
HEEL3(Ensemble Learning) Ay &% & (Aggregation) ZE4E 21k fE 7 (Global Model) » fig1&
TR B e i B el R LB 5 7oA - S0 iR A s R A It i (FBH AR NE - Wi &1
i fe 55 B B AL 3z (Poisoning Attack) - AR s e ~ AT ~ fEEmAyE
B o RO 2 B e A [ B )RG5 20 i R S - DRI 1 AR ) (R RE &
(Homomorphically Encrypted)if /5255 215 Rl > e BT/ DA R O R (47
HEHIEoE R4S G > FHENKE - CA(Certificate Authority) 55 ~ Bbif + EEHH -
Hes(LFEESEHIE - A 58 =AY EEE A (Data Flow) -

Al BEGPEmE R B REEERE 2 L BE BRI
(Exploratory Data Analysis, EDA)F1& ] 17 HU# #4 #k A (Extract Transform Load,
ETL) - % " Al Governance in Medical Imaging: How to Herd the Cats and Avoid Chaos
FHEEE T IRE A TR A (Al Governance) » & EICRRIAHIEEIRTL Al E T
o (R MBI - RrilliE Al B Z AL Bl et Z LB RIS 5 - RS H
AR = AT B AR T A AL afe) TR ) BRI Al RIGEE 0 AL

B GH BT ILRE Al AU — {8 -

(5) ALEEEE T ERE LT
1 NTEEHREEE
RSNA &—FH A B G AN TR EHE - MR HY Kaggle BRI £
Ve o WEVU+=ArR > 2022 SFEYEE & CT 2GSA ST (HM] > b7 883 (R
BB FIHRERIRER 9 HEZ k5T 343.51 GB I ARIEEEE - WA AR
BEEMETIRRG - ERE R T SEEE TV E - 828R 3 BT - R HIERHE
RAEIR 528 H S R AR 2000 G AR - AHRER o RE ELRE S I HIE T T3k -
ARG —+ Qishen Ha £RH] 2-stage HYFI S B E/AHET TRERE » 55— P& B fF 3D
FYEEZ 57 & (Semantic Segmentation) » £ 1 SFfEERE] - 55 & EL(HE ] 2.5D HYRARFEHC

%11 H



RAHARCIEAGES (Long Short-Term Memory, LSTM){ES38fHAL - K& 4% Ryan
Rongu /2% FIMIFE EL(E 7L - 55— PR ER{3E T 2.5D 245D U-Net A4 E85(g -
DU EIEAY - 55 " FEECRE & CNN ~ &[5 {EEE (Bidirectional Gated Recurrent
Unit, BIGRU)HIA: & JJ (Attention) # il B #5417 534H - AEr55 =4 Darragh Hanley £%
18- {E(Global Average Pooling, GAP)Zf# CNN &g - i FEH 5 E
(Transfer Learning)fy 545 (Frozen)f%17 » FAHCEE SR EE ] LSTM S+ 55 7 6 B
AV EE -

7 b T A A B B S AR T EACHE E - EHEENEIESE T A EVIREEL
e SEEE SRR BE R B - AR ITRUE Kaggle i
52 TR (Open Source) > JRCE A GitHub ~ Hugging Face Z£3F-& - 2023 41y
e H Ry X SRR AR 0 VTR - Y Al Bl IR B av RS R
it P KEA S ERHEET - BT EEE =R RN - R
—AEE LA TSR | B R IR A R Al SEEIRR - FE a1 DUENIG E IS IAH R
b - BEFESUE ~ PSR EE S b -

- ANLEEESER
" Al Showcase ; f1 " Al Theater ; HIRZHEAELEN » AlIRIFAREER
DM » (R S A 755 8 B R AR ES - —(EER P E eI H B 7 A -
[ - BErBERRRAE - SIMBREN B ERE R - BB AR RV
8 o DUEES T 5 Steps to Your Al Strategy: Enlitic | A4l » David Wilson 7148 Al E%
P SRR A0 DU TN U oSFR o RS i AR E R Al 325
PR ZZ A0 PRI I+ /T« B BB AIAE A 2 O e R AR S (B B A S AR AR
o UEEGES R TR ARA R ERGS ©
AR E #EEHY Hye Weon Kim 7R T R BYERSTIEE & Neurophet i > 3%~ F- & 0
FEIXA 30 fir Al B - 60 LiEHATIEEREL 100 ZREA] » HELEFH HAREIERE
A SHRIAREE » AR AL 34k (Magnetic Resonance Imaging, MRI) %
T RIS & TRE N S5 FDA HEEIRSCANE Y-+ IUFs - EHEBUN KIS F - [

%12 H



8 Ehidt 3 HELL EAVEER AR BN - A8 71 PR o FAEL PR A U-Net
YT SAU-Net BT TSR B & > HET Al T B aC R BEET TSR > B 1—
FIT7r » SAU-Net FIIFFE #2255 2D 4G - W IES BT 2E
FOEIRIRCR - HE HE 3D 25 HIFERAE B {8 R AR Y £ R 15 4 (Backbone
Model) » ‘EHRVBCERANE 71+ FR > BB R0 (R4 A AR e 73 HHY A A -
fiile 7y B 1% RE E RS (A e i 1T RS - A4S & PET 28 (MRI 2 8ZHER PET
s BIEEML) - EASBEETEETEN - WE L+ =Frr - AREBIESHIFEE
Gz % LB ZIHYIAE - REIRE R R HAEE - BT IURTR - B
M > DESRESEIAR RS ARV AT » B & B e R IR (558
(Data Cycling) - {3 & plf it -

% 13 H
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(—) ALEITES Y Efr 5 22 > FRBE S PUIR T35 e dn LR > ST (A il - 2R Al
Rofr s e HARVER - 55— B IHY<EISIE No-Code Al » AEEEGERL > MEATA AH
WARIE Al R HARRE R K& 2 5 e 2 B B iR RO Bl AT s 2 e o T
H Al LE. » A E B s E AR UL - BRI 34 - PO
S ~ BGIE F RS T MR A -

(D)EREE P e R RHZ AR BEE - WEE A RN - —ZO#EE - BRI
AT PE (B As =0 -t as mTE M ~ LB MEAIFHGETR) - (FSEi& i = RPkEIT T Al
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(jtg) MAY!

O CLINIC

Clinically Available DLIR

CT vendors

GE:
Canon:
Philips:

&3
TrueFidelity (2019) il i oY
AICE (2019) T R T
Precise Image (2022)

Vendor-agnostic implementations (image-

Al for significantly lower dose

based denO|S|ng) L)ujgi frnp‘r'f’)ved image quality
— AlgoMedica: PixelShine 14t PixelShine

The power behind RixelsShine noise reduction

Cl a rl CT.A' processing

ClariPl:

Miontoya, Li, & Che
Montoya, Zhan

|
|

Clan 7t w

P PR = '\
“LIANZ ClariCT.Al

[ — ~ SRR E LR S e AR (1]

ScoutCT-Net: Neural Network

LAT
888x24

ection scout images using deep learming. A

& ~ /DB AR AR R R A 4E (2]
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C‘@j MAYO CLINIC

Uncertainty quantification pipeline

Marginalization must be conducted to systematically quantify each uncertainty

One realization of

\/ difference images (Noise)
One realization of One realization One realization of Custom inference- Multi-realizations

low-dose images of CNN weight denoised images | time augmentation of low-dose images

Custom MCD Multi-realizations
variational inference of CNN weight

= 2 2 o i 2 Ve o2 oo
Oot = \[arlulu + Omodel ¥ \[,-Lm: Tw, + 1-2“"1 Ho, —H

0,, - sample STD w.r.t the tth realization of weight w

I, - sample mean w.r.t the t‘" realization of weight @ Data a;d.mtc.)del Marginalization
I - the overall sample mean across all realizations of w Unee =

&= ~ D EAE G E R ALE3]

SR-DLR: Clinical applications

In the clinical environment, SR-DLR can produce the CT images with
improved spatial resolution and reduced image noise on widely
available NR CT scanner.

These benefits come with no additional radiation dose to the patients.

SR-DLR is implemented in 320-row area detector scanners that allows
one volume cardiac imaging at single heart beat.

NR Validated SR-DLR SR-DLR
sinogram images

[V ~ FREET R g A Sinogram [4]
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F@W MAYO CLINIC

Degradation of subtl
AT |

Delabie et al, Acta Radiologica 2021 2
&~ RS EREES (1]

Q‘-p MAYO CLINIC

Generalizability

* When the network is
applied to images that
are not representatives
in the training cases, it

may lead to suboptimal
performance

Reconstruction
kernel
mismatch*

Huber et al. JCAT 2021

% 17T H



Noise Independent Pair in PCCT

Noiseless
(sinograms >
basis images)

Noise independence preserved in image domain

Fd (100% dose) Ld (10% dose) Rd (90% dose)
Full-dose > Anticorrelated ;
~

(sinograms >
basis images)

Recon

Low dose d l lRmnaining dose 1-d

Binomial
Lar s s | selection

[-150, 250] HU
A

Independent
noise

Noise

Anticorrelated

=
».
L ;
2
o
g c
~ e
s p=0.322 p =0.004
Input £ (Ld2Fd) (Ld2Rd)
(noisy) O

Neural Network Output
Ce=sassosmaTesmcesSTsaseacy (denoised) 2 %

&~ RS EERAE CT 242 (9]

Purpose:
* To develop a training scheme only uses clinical images.

* To apply the training scheme on a single-patient denoising task.

Simulated Low-
Dose Images

- —
I

-Denoising Model Trammg

-
""""-——___1___————_—

‘—-___._.--—— i o,

& Trained Model

-

.~

-
e e

Novel CT Images Denoised CT Images

[/~ BRI S BRI H REE A E S50 [6]

% 18 H



11 SR S B RIS B AR [6]

Uniform Px

CNN classifier trainin

random patches of patient images is sufficient for training a CNN to identify uniform patches.

[+~ AR ERE AL A Pateh HREE [6]
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Motivation
System A

N\

* In dual-source CT, the
field of measurement
(FOM) of the second
source-detector pair is
often limited by technical

constraints.
7/

System B Dual-energy information is
only available within the

Reconstruction A Reconstruction B’ small FOM

Deep learning-based
iterative reconstruction to
recover missing
information.

*Note: The reconstruction was performed using a custom reconstruction software. The vendor’s reconstruction software would clip the
reconstruction lo the small FOM.

B~ AR AN SSRGS AT [7]

Proposed Approach

Sinogram of current estimate Current estimate

Forward projection

Sinogram, energy B Raw data fidelity Update image

Make use of limited angle information outside small
FOM to learn a more reliable mapping.

B+ AR A SRy n SR E S R R TR R AR [7]

% 20 H



Al approach: Generative Adversarial Network

* Combination of two
networks

* Generator .
* Creates artificial i
image from input .
ﬁ} Generator ——» Sample

https://developers.google.com/machine-learning/gan/gan_structure

JojeuIwIaSIQ

Discriminator

* Discriminator

* Classifies image as
real or generated

* Combined training of
two networks to
lower generator loss

$S0|
STOCIENETS)

Random input

[+ = ~ AR TR IE [8]

CT-less attenuation for PSMA PET/CT studies

* 303 PET-CT studies at
NCI, NIH
* 18F.DCFPyL PSMA

NAC PET ) . i * Must include:
* NAC-PET

‘ CT scans

Al-based NAC-PET
AC PET

* AC-PET
* CT scans
* Data splits:
* 183 Training
* 60 validation
* 60 testing

[0 ~ {5 P A AR A TR IE A AER [8]
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Cycle GAN transformation (Siemens -> GE)

Cycle-GAN

B+~ (EAAERE TR A F R Es iSRG [9]

BN~ TSR EAEAEME [10]
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Methodology

Uncertainty Ranking

External Test Set Q
= Uncertainty g
PaC @ { Scores } §
~
wrce (SAES (W
00 01 02 03 04 05

Uncertainty Score

Performance Comparison

Al Algorithm
(model ensemble) Uncertainty Classification >SS
:@ /‘}i ‘/ >
::\./. eee %7 g /
Model Model 3 |
1 15 * o
02 03 04| 05 | — Certan Caes
= Unceruain Cases

0.1

Uncertainty Score

Certain Group
Uncertain Group

Cancer Likelihood
Scores

&+t~ AR TS AR E Mg TR [11]

Architecture of the Deep-QA Framework

Training stage:

DECT Water
Sinogram P,,
AR o Deep-QC Module

: / Estimated Single- Measured Single-
(' m\ kV Sinogram KV Sinogram
(5 )

DECT lodine
Sinogram P;

Implementation details
« 4 fully connected layers
* Adam optimizer (Ir=1e-4)

[&-/\ ~ {£ 4] Dual-Energy CT ZEI7aHEFERINYREEE4ERE [12]
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Architecture of the Deep-QA Framework

Inference stage:

Estimated Water
Basis Image a,,

Estimated Single-
kV Sinogram

Estimated lodine Estimated lodine
Basis Image a; Sinogram P;
)

* F denotes the forward projection
1. Y. Li, et al. Proc. SPIE, Vol. PC12031, PC120310I (2020)

&+ ~ SEEM E T B A B R4S [12]

Architecture of the Deep-QA Framework

Inference stage:

Estimated Single-
kV Sinogram Error Map Overlay

& - ~ A B R E R (F R B2 12]
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CVAD —an unsupervised anomaly detector

ie=: wajg

il 1] p, | ‘x N 8)
| ) . Lais -
[ .
concat Ez I
Inter-class
Lyec = Anomaly Score 00D2

| '[
.1-

Guo, Xiaoyuan, Judy Wawira Gichoya, Saptarshi Purkayastha, and Imon Banerjee. "CVAD: An Anomaly Detector for Medical Images Based on Cascade
VAE." In Workshop on Medical Image Learning with Limited and Noisy Data, pp. 187-196. Springer, Cham, 2022.

[ A~ (EH VAE SRR R DT T T IR R B A SRR [13]

Discriminator

Generator
!

Model architecture Diericiace
00D3

External Shift Data Identification

MedShift Pipeline

Dy Dy ng ng-‘ Dgl
/—\(1) (. 2\ ( ) (3) i Z R & = 2 ( V
[ = AL FeE G o ]
= e s ey
I =i o =] I .
=) =) (=)
J—=—"" s J_! ¢ - $ 4 Nal—
Internal (4) Internal External External External E""+“‘
|
Multi-class LI e o ¥ B AR L T S ot ( S) -'_ - (~6)— -l- ————————— (f.”f)]
Classifier G

[ -~ A BER ARG st R R e PR Al [13]
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RoentGen: Vision-Language Radiology Model

“Small right- ~ “Small left-
No pleural R
sided pleural 7 » sided pleural
: o effusion. e W
effusion. effusion.

10,000+ A100
GPU hours in
total

~1,500 A100
GPU hours for
final model

i 1 -

“Big right- “Bilateral ”“Big left-
sided pleural pleural sided pleural
effusion” effusions” effusion”
("-;:’ Chambon®, Bluethgen®, et al. RoentGen: Vision-Language Foundation Model for Chest X-ray Generation. arXiv. 2022
Stanford AIMI Chambon®, Bluethgen®, et al. Adapting Pretrained Vision-Language Foundational Models to Medical Imaging Domains. NeurIPS FMDM 2022 \

[ A=~ RS S G () [14]

RoentGen Capabilities

Atelectasis Cardiomegaly Consolidation Edena

° 4 -
-a 4 _ i
Enlarged Mediastinum Lung Lesion Lung Opacity No Finding
Ul
* Chambon®, Bluethgen®, et al.
RoentGen: Vision-Language
Foundation Model for Chest -
X-ray Generation. arXiv. 2022
. Chambon‘, Bluelhgen", et al. Pleural Effusion Pneunonia Pneunothorax Support Devices

Adapting Pretrained Vision-
Language Foundational
Models to Medical Imaging
Domains. Neurll’S FMDM
2022

)
Stanford AIMI

[ — 00~ (RIS G ST B G() [14]
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Five challenges to Al success

Acquiring and normalizing the right data from the right
sources

Integrating Al models naturally into clinical workflows

Scaling Al models to support hundreds of healthcare
organizations and thousands of clinicians

Building continuous improvement into every Al deployment

lucerhealth.

Earning the trust of frontline clinicians

& 71 > Al BRZHEY FL(EPRER [15]

By converting to a Standardized Protocol set ...

simplifies life for the CT Radiologist and Technologists
decreases the burden on the CT Physicist
saves time and money for any institution.

should take full advantage of each scanner’s capabilities

provides the required documentation for the Joint Commission

It makes standardization of protocols across the enterprise more
likely to succeed.

[ 7N > BT ARG e E I [19)
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Discriminatory
data

1 ‘ ';" ] (21;‘}
| |
Patterns of bias and

discrimination baked
into data distributions

Sampling biases and
lack of representative
datasets

Biased Al design and
deployment practices

&
Qi uio

Powerimbalances in Biased and exclusionary Biased deployment,
agenda settingand  design, model building explanation and system
monitoring practices

problem formulation and testing practices

ACR RSNA 2022

% % d

Disregarding

7
[a

Exacerbating global
and deepening health inequality and discriminatory repurposing
digital divides rich-poor treatment gaps of biased Al systems

Real world patterns of health
inequality and discrimination

® &

. Unequal access Discriminatory Biased clinical

and resource healthcare decision
allocation processes making
Application
injustices

/]
ol A

Hazardous and

B+t - Al R

SEUATET] g g

% [16]

Present State: Emerging State: Future State:
Exam/Indication-Based Responses Diagnosis-Based Suggestions Population-Based Monitoring

Single

Exam
Single for Exam
Patient Q}

’Slmle

Indication

*  Provider actively selacts an exam and
then indication

*  CDS system provides feedback for
that particular combination, suggests
alternative/preferred exams

* Requires provider to be actively
engaged with single patient’s record

* Limited ability to account for
additional considerations (other
diagnoses, implants, allergies, prior
imaging history)

t

4

Other

%%

Factors
@ Multiple
Single l Suggested
| Patient Exams
"Multiple
Diagnoses

* Provider documaents patient’s
diagnoses and problems as part of
routine care

*  CDS systems actively suggests exams
likely to lead to furthering patient’s
care

* May be able to account for multiple
diagnoses and other imaging factors
(implants, allergies, prior imaging)

* Requires provider to be actively
engaged with single patient’s record

g m

Mulﬂple
Patients

Bz
Other )
Factors mﬁ@

Multiple
I Suggested
Exams
" Multiple ;
Diagnoses

Providers document patients’
diagnoses and problems as part of
routine care

CDS systems monitor populations for
exams likely to optimize population
health care (early diagnosis,
preventative care)

Can provide active reminders to
providers and practice managers even
when individual patient records are
not manually accessed

Fig 2. Diagram showing the current examination- or indication-based clinical decision support (CDS) for referring providers, our

[/ BRI R A
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Patient is scanned and Al interprets
case to provide a tentative diagnosis

— | &

@AI assigns case to Trainee whose
profile indicates will most benefit

e JD, Chen PH, Cc

ok TS, Bryan RN, Mohan S. Artific
he British journal of radiology. 2 2(1103

Trainee and Attending radiologists
collaborate on final report

Trainee and Al collaborate to use
quantitative tools for diagnosis

al intelligence for
90389

19 Nov:92(1103):201 @nsafdar

& 1 - Al E AR TIERE [17]

CT Imaging Chain — Al

Patient ‘

Justification Positioning

Parameter
Selection

Protocol

selection Reconstruction

Scan positioning |

|

|

|

= f ; ‘
' \

|

Y 7
BI=1 - 51 CT Husfiat (18]

Y
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MEDICAL IMAGING CHAIN

Ordering
Scheduling i S
Imaging System
Patient e
Artitacts
Blur
& Transfer Contrast >
() Nolse S
Distortion ~

Interpret

Operator Observer

B =1 BEp AR N EE [19]

At the Scanner: Image Quality Dashboard
Example Motion Dx on MRI Brain

Admin Panel
‘ motion threshold
Modei analyzes the X/
Patient in the images and pezforms —
0 0.5 1
on) (moderate) SEVRID;

scanner motion prediction
One series
acquired and
reconstructed B T1 sagitta y
A image 16

(0.8 moson) Mild Moderate Severe
Image 22 noticeable but

o g motcn) limits reading, but  IMages cannot be
Little to

does not affect main anatomic adequately read;

the reading of non-dlagnostic
. structures still visible
_oa No Motion general findings tud:
Technologist assesses
flagged images
Controied Motion mitigation
patient actions while patient
discharge in the scanner

Slide courtesy of Fabiola Macruz, MD, PhD,
Ivana Sesic, MD and Donnella Comeau, MD, PhD

& =+~ DAERIS A T R E IR (E R R G e [19]
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HL7
~~Event

Demographics
MRN
Location

HL7

DICOM

HL7 Workiist

Event SQL

MRN

AccNum

EXATIVING
HL? f

SO

Results

Reporting Report

HL7 DICOM

B == BEERFENAGHIAEE [19]

Summary

Al can be applied at multiple points throughout

the medical imaging chain, not just at Diagnosis

—Imaging Examination Ordering, Protocoling, Acquisition, Image Quality,
Triage and Worklist Prioritization, Image Processing, Hanging
Protocols, Displays, Archival Strategies, Use of Images for Research

Integration Standards and Orchestration
Frameworks must be used to embed Al tools
into the clinical workflow

— DICOM, HL7 FHIR, IHE, CDE, RadLEX, Docker

Platforms and Marketplaces exist to assist in
application development & product purchase

RADIOLOGISTS must be involved in ML Model
development, performance evaluation and QA
as a clinical domain expert

[ =10 ~ 4R&5 Al B2 ZREEEE I [19]
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Because Our Data Is Unstructured...

DICOM metadata

|

CTA Cher . For PE CTA Chest
SEHES CT axial soft tissue, standard
— — ) ¥ o
¢ o i =
\ / / =

CTA axial soft tissue, thin

CT axial lung

MIPS

Scout

CT Radiation Dose

CT coronal, soft tissue, 2 mm

CT sag, bone

Unstructured Pixel Data
Structured Metadata

[ =7~ FIH AR TOEnSE R Rocds [20]

report

[ =75 ~ A Al B S AR ERER [20]
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Conclusion

» Quality can never be assumed
— Quality must be validated, verified, and monitored

» Process control is a program
— Tools must be in place to support the entire program

» Quality is a philosophy, not just a set of tools
— Must drive toward continuous quality improvement

» Quality problems can perpetuate for decades
— The CT radiation dose problem is still far from solved

) Certain Al tools might help, but only in the context of a

program and after a lot of “boring” Ql work

— Such as image quality-based optimization, monitoring

applications, protocol management, etc.

» Other sectors moved on decades ago

— It's time to modernize our tools, modernize our approach

@ Stanford

MEDICINE

& =1 - Al 25 B HEpREE MY

CheXstray: Real-time Multi-Modal Data Concordance for Drift Detection in Medical Imaging Al

External Oversight

* Same size (D= 145 cm)
* lday apare

* Same scanner

« Fourlold diflerence in dose

e

A

s [21]

4 HJ A IS

A Multi-Modal Concordance

DICOM Motadata Prodicted Probs.

DICOM Metadats

b | '
o ”.'th,l! md"'l-l =il
et

"\ “m'k

Individual Metrics

v

Data Stream Time

| ¥ | Duke Radiology

e =1/~ Al RERIRIRAERS 37 [22]
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BACKGROUND © Bt

CLINICAL WORKFLOW Q

i LOCAL IT NETWORK ON THE CLOUD
A

S £

N
SN
>

{ Ris |

IMAGES
ACQUISITION

GATEWAY + FILTERS

D PSEUDONYMIZATION * Step done only for
B PROCESS one use case
A
mﬁi@ —— [

application (KEROS) for

° testing purposes
* (subset)

AlIN CLINICAL WORKFLOW

RSNA 2022 3R GROUP

& =+J1 ~ PlmEHATGHER Al BER TR E iR [23]

RESULTS

FINDINGS DISTRIBUTION (BEFORE RADIOLOGIST CORRECTION)

@ inceEPTO

O ANALYSES 2¢ KEROS
RSy =

3R GROUP

V-~ DAL i B R B Ay B B i oA [23]
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Typical Configuration of Translational Al studie

. .............. Hea|th3ystem ............. ., : R R S
Acquired . | gtructuring & Quantifying
o Data/ i/ Data/ Observations
g Observations :
:( —————r \ . :
: : i
Data-driven diagnostic findings “ Chincet
f z ‘ j',, '_':A:..:'.A..‘ Radw
Clinical Decision Making ¢ i i |
S
: . . v Lab Medicine
T ot e e St ST e sV Ui s N s e P iR ST SR s e aa s e e e e m——
S
[FJ@spyridonBakas Nov 27, 2022
ﬁpenn I APD sbakas@upenn.edu H:;INAZZ E

&V ~ IR A T U IR LA T [24]

Take Home Message(s) for Translational Research
TRANSLATIONAL RESEARCH SHOULD CONTRIBUTE TO:
1. Address clinical requirements

2. Support decision-making, towards reducing clinician’s burnout
3. Personalized diagnosis driven by population studies

THE NEED

+ Assessment of generalizability, by capturing ample patient demographics.
* Addressing bias in Al, and inequities in underserved/underrepresented patient populations.

THE PROMISE: Federated Learning & Real-World Deployment
(a paradigm shift in multi-site collaborations)

Enables access to A solution to legal, privacy, Performs in par (or even
Large & Diverse Data & ownership concerns better) to data-sharing
Big data analyses to optimally address clinical questions, even in rare diseases.

Thank you for your attention!

N, __________________________________________________|
%Penn AIZD [F]@spyridonBakas sbakas@upenn.edu Nov 27, 2022
LS sbakas@upenn.edu  Funding: NCI/ITCR:U01CA242871, NINDS:RO1NS042645, NCI/ITCR:U24CA189523, ITMAT of the UPenn nRsNA22 A

PO+~ IR E R B S [24]
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kaggle

Create

Home
Competitions
Datasets
Code
Discussions
Learn

More

kaggle

Create

Home
Competitions
Datasets
Code
Discussions
Learn

More

Q_ Search

' 4

s ( N
(e Fea(‘ur(ed Code Crypetmo'rb 2 ( < ‘1
: X

ANy

RSNA 2022 Cervicdl pine.Fracture Detection

Identify Eervical fractlresfrom'scabs

y

Radiolagical Society of North America - 883 teams - 3 monthsago

Overview Data

Description
Evaluation
Timeline

Prizes

Code

Code Requirements

Acknowledgements

P9-+= ~ RSNA 2022 St F (=M TR EPkEEE [25]

P) Featured Code Competition

Discussion Leaderboard Rules

Goal of the Competition

Over 1.5 million spine fractures occur annually in the United States alone resulting in over 17,730 spinal cord injuries
annually. The most common site of spine fracture is the cervical spine. There has been a rise in the incidence of
spinal fractures in the elderly and in this population, fractures can be more difficult to detect on imaging due to
superimposed degenerative disease and osteoporosis. Imaging diagnosis of adult spine fractures is now almost
exclusively performed with computed tomography (CT) instead of radiographs (x-rays). Quickly detecting and
determining the location of any vertebral fractures is essential to prevent neurologic deterioration and paralysis after

trauma.

RSNAIScreening Mammography Breast Gancer Detection $50,000
Find breast cancers in screening mammeograms s Prize Money

Radiological Society of North America - 1,369 teams - 25 days to @ (18 days to go until merger deadline)

Overview Data

Description
Evaluation
Timeline
Prizes

Code Requirements

Code

Discussion Leaderboard Rules

Goal of the Competition

The goal of this competition is to identify breast cancer. You'll train your model with screening mammograms
obtained from regular screening

Your work improving the automation of detection in screening mammography may enable radiologists to be more
accurate and efficient, improving the quality and safety of patient care. It could also help reduce costs and
unnecessary medical procedures.

VO--PY - RSNA 2023 FffE X Setafll A T Sk [26]
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Challenges with Al Deployment
78% 96% 78%

of AI/ML projects stall of enterprises of facilities can require
at some stage before encounter data quality more than 6 months to
deployment and labeling challenges deploy an Al solution

1%’ 50%'
Training the algorithm has Report data is not in a

proven more challenging usable form, lack
than expected people/tools to label

The most common hurdle organizations face when deploying Al/ML solutions is around the data used to build and train the
models. Companies frequently misunderstand or underestimate the data they already have and the utility it provides, how
that data needs to be organized & labeled, and what data is needed to be acquired to properly build the required models.

As a result, the projects cannot be implemented or are implemented poorly due to various data quality-related issues.

1. Dimensional Research: Artificial Intelligence and Machine Learning Projects are Obstructed by Data issues
2. Dimensional Research: What data scientists tell us about Al model training today
3. Enlitic Sponsored Reaction Data Survey

[EVU+7 ~ Al E S R A EGE R [27]

Challenges within Radiology Al

» Radiology data is highly nuanced and unintended bias is hard to avoid without proper education.
» Data scientists and engineers need support from many experts — not just radiologists.

* More time is spent building tools enabling us to build clinical Al than actually building clinical Al.
» Most hospitals do not design software infrastructure with “ease of Al integration” in mind.

» Validation is expensive but important to repeat for each target population.

» Workflow integration needs to be as convenient and non-threatening as possible.

» Adoption requires buy-in from every stakeholder, but they all speak different languages.

« And more...

While businesses are broadly aware of the importance of adopting Al technology, and the advantages it can
offer, they fail to approach it from a strategic standpoint; this means fully understanding the aims and
objectives of all aspects of Al operations, from data gathering to how the insights uncovered are
communicated across the workforce and put to work.

VU753 ~ Al B EE Ay PhER [27]
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Phases of Adoption

1. INITIATING 2. EXPLORING 3. EXPERIMENTING

The initial phase begins with facilities Facilities begin to explore the available Concepts start to take form and data is
considering the value of Al, evaluating the technologies, may be using a VNA and PACS centralized with a good data governance
benefits and use cases. Facilities lack any in multiple departments. POCs become a strategy. A central implementation platform
formal strategic plan for how Al would be reality at this phase, limited roll out to a begins to take shape and reliance on

adopted, technology and data is siloed. couple of physicians. Still subspecialty vendors begins to decrease. Departmental.
Very subspecialty focused initiations. driven.

(D]
o Y
5. EXPANDING 4. FORMALIZING
Al Adoption becomes routine, Al is A central platform is in place making
enterprise wide and 100% of data is deployment easier, data becomes a
available. Al influences all activities and is mainstay for decision making. First
profitable to the organization development of a Data Science team forms
while Al becomes a part of strategic
planning. Enterprise focus.

E1]08 e AN ATV T A SESSTETN S I P

Factors to Consider at Each Phase

TECHNOLOGY The state of technology is a large determining factor
i! in the evolution througf;thle phases olf a successf:l ORGANIZATION Process drives quality improvements while a
‘_:1‘ _AI strategy. PACS, VNA’ eployment platforms an & PROCESSES supporting organization drives consistent
1 infrastructure contribute to the deployment of Al. deployments to an enterprise standard.
Creation of processes ensure repeatability and
adoption occurs faster.
DATA =

The most critical factor, data requires
standardization, accessibility, and utilization in

decision making processes.
e &P ETHICS & The evolution from reliance on a vendor to

REGULATORY  ensure regulatory compliance and the use of
IRB to ensure ethical practice matures to being

Reliance on internal staff and Al knowledge provides é% embedded in all decision making and
independence from vendors while also reducing é: practices.

costs. Enterprise-wide experience enables

knowledgeable deployment capabilities that

conform to the facilities policies and processes. BUDGET
A

PEOPLE &
COMPETENCIES

The easiest to define, yet the hardest to
acquire. Business plans need to define ROI,
stakeholders need to buy in and understand
the long-term benefits.

PRODUCTS &
SERVICES Tied to budget, the need for use cases and a
dependence on Al to contribute to the daily

ﬁ business evolves until Al creates value and a
competitive advantage.

[EVU+/\ ~ Al E b & —(E R S FHIFER-E [27]
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neurophet

Neurophet AQUA MFDS, South Korea ‘ E| FDA, USA (in progress)
Neurophet AQUA-DS MFDS Class 3, South Korea (in progress) FDA, USA (in progress)
Neurophet SCALE PET MFDS, South Korea FDA, USA
Neurophet tES LAB MFDS, South Korea

Neurophet TMS LAB MFDS, South Korea

Neurophet innk MFDS Class 3, South Korea

(&7 ~ Neurophet £ IHRERAH L 560 FDA HEFHL [28]

Amyloid / Tau / Neurodegenetation / Vascular neurophet

Neurophet's ATNV System

I\@ ‘*.\» P : g S .k
THTTRITTRTRETTONTE B < A
T -) & 8 N/

30,000 cases of Dementia AEx, T-
Database by Al-based Neuroimage Categorizing

8 General Hospitals in Korea Quantification Subtypes & Stages of Dementia

(Fund supported by Korea Dementia £ e -
Research Center) using Imaging Biomarkers

Finding Correlation between Imaging Biomarkers and Types of Dementia
Predicting Amyloid or Tau Positivity & Dementia Probability

& 711 ~ Neurophet F|FIRBHR R E Al iéThae Bt [28]
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neurophet

Brain Segmentation Using
Deep Learning Techniques

Neurophet Model Ground-truth FreeSurfer

SAU-Net fine-tuned Radiologist-based manual annotations

neurophet” Brain MRI(T1-w) segmentation

& F1— ~ MRIBSIORERG ) B EERE [28]

in Segmentation neurophet

Béneflts

Segmentation Error (Soft-Failure) of Typical Method

—> Neurophet Al reduces error dramatically

A AR R TR G BRI RS [28]
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neurophet

Benéfits

Brain MRI(T1-w) segmentation of multiple brain regions for volume quantification

g Neurophet SegPlus

For quick & precise analysis

= ROl segmentation viewer
= A downloadable report of volume
quantification

B = BHSEAET RS REE(L 2R [28]

neurophet

Cerebral Microbleeds Detection

* The Largest Size: 5.34 mm
* Total Counts: 10
* Location : Deep area

Ground truth

] CMB prediction with probability score

[ F AU~ B s A BB AR [28]
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slide from Lifeng Yu, Ph.D., " Deep Learning in CT Imaging: Clinical implementation and
evaluation

slide from Guang-Hong Chen, " Addressing CT Image Reconstruction Problems via Deep
Learning Schemes

slide from Gong H, ' Patient-specific uncertainty and bias quantification for
deep-learning-based noise reduction in diagnostic x-ray CT |

slide from Yasunori Nagayama,  Seeing More with Super-Resolution Deep-Learning CT
Reconstruction |

slide from Sen Wang, ' Spectral CT Image Denoising from Routine Scans using a
Noise2Noise Framework

slide from Wenchao Cao, " One-Shot Learning for Patient-Specific CT Image Denoising |
slide from Joscha Maier, " Deep Learning-based Iterative Reconstruction for Field of View
Extension in Dual-Source Dual-Energy CT |

slide from Baris Turkbey M.D., T Artificial Intellignece in Nuclear Medicine

slide from Maciej A. Mazurowski, " Breast MRI Harmonization |

slide from Qiulin Tang, " Deep-learning-based motion compensation for lung CT image
reconstruction |

slide from Natalia Alves, " Towards Safe Clinical Use of Al for Cancer Detection Through
Uncertainty Quantification |

slide from Xin Tie, " Deep-QA: a deep quality assurance network for Al in CT applications |
slide from Imon Banerjee, " Who is watching the Al: computational solution |

slide from Akshay Chaudhari, " Rethinking the Role of Data in Radiology Al |

slide from Myron A. Pozniak, " CT Protocol Standardization: the Foundation for Successful
Al |

slide from Florence Doo, ' Failures, Biases, and more: When Good Al Goes Bad |

slide from Nabile M. Safdar, " Al for Radiology Workflow: Academic

slide from Giridhar Dasegowda, ' Promise and pitfalls of Al in CT Protocols |

slide from Katherine P.Andriole, " Applications Throughout the Radiological Imaging Chain |
slide from Nina Kottler, " Al for Radiology Workflow: Private Practice |

slide from David B. Larson, " A Framework for Quality Control in the Era of Al |

slide from Walter Wiggins, " Monitoring Deployed Al Tools |

slide from F.Zanca, " Monitoring performance of Al algorithms(A Quality Assurance
Experience)

slide from Spyridon Bakas, ' Federated Learning & Clinical Deployment |
https://www.kaggle.com/competitions/rsna-2022-cervical-spine-fracture-detection

https://www.kaggle.com/competitions/rsna-breast-cancer-detection
slide from David Wilson, 5 Steps to Your Al Strategy: Enlitic |
slide from Hye Weon Kim, " Quantitative Approach of Al-based Neuroimaging |

%42 H



£t 8

RSNA 2022

Sun, November 27

Keynote Speaker: Advances in Temporal Bone Imaging

Ashok Srinivasan, MD

9:00am-10:00am

N229 S51-SSHNO1-1
Keynote Speaker: Imaging of Myocarditis

David M. Biko, MD

9:00am-10:00am

S405 $1-SSPD01-6
Photon Counting

Shuai Leng, PHD, Ke Li, PhD

9:00am-10:00am

E353B S1-CPH14
Science Session with Keynote: Head and Neck (Temporal Bone)

Dann Martin, MD, Ashok Srinivasan, MD

9:00am-10:00am

N229 S1-SSHNO1
L Keynote Speaker: Advances in Temporal Bone Imaging

Ashok Srinivasan, MD

9:00am-10:00am

N229 $1-SSHN01-1

Science Session with Keynote: Pediatric Imaging (Chest/Cardiac)
David M. Biko, MD, Sarah M. Desoky, MD, Shabnam B. Grover, MD,DMRD
9:00am-10:00am

5405 S$1-88PDO1
L Keynote Speaker: Imaging of Myocarditis

David M. Biko, MD

9:00am-10:00am

8405 $1-SSPD01-6

RSNA 2022

Sun, November 27

Science Session with Keynote: Nuclear Medicine/Molecular Imaging
Francois Benard, MD, Katherine A. Zukotynski, FRCPC, PhD
10:30am-11:30am
E352 S$2-SSNMMI01

L Keynote Speaker

Francois Benard, MD
10:30am-11:30am

E352 S2-SSNMMI01-5

The Business of Medical Imaging Al

Peter Chang, MD, John V. Crues, MD, Andrew D. Smith, MD, PhD, Hari
Trivedi, M

10:30am-11:30am

5401 S2-CIN09
5 Steps to Your Al Strategy: Enlitic

David Wilson

11:00am-11:15am

Al Showcase, South Hall, Level 3 1S2-A1102

Enabling Lung Cancer Screening with iBiopsy? Al-based Software as
Device: Median Technologies

Benoit Huet, Science Director, Yan Liu, Chief Medical Officer

11:30am-11:45am

Al Showcase, South Hall, Level 3 IS3-Al103
Deep Learning Lab: Data Processing & Curation for Deep Learning

Kirti Magudia, MD, PhD, Walter F. Wiggins, MD, PhD

12:00pm-1:00pm

Learning Center - DL DLLO2

ativsoftware.com
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Sun, November 27

Translational Al Science: Bringing Advances in Deep Learning into Clinical
Mariam S. Aboian, MD, PhD, Spyridon Bakas, PhD, Charles E. Kahn, MD, MS
M..
9:00am-10:00am
E350
Deep Learning Lab: DICOM Data Wrangling with Python
Katherine P. Andriole, PhD
10:30am-11:30am
Leaming Center - DL

S1-RCP32

DLLO1

Keynote Speaker
Eva M. Fallenberg, MD, PhD
10:30am-11:30am
E450B S$2-SSBR0O1-1
Keynote Speaker
Francois Benard, MD
10:30am-11:30am
E352 S52-SSNMMI01-5
Science Session with Keynote: Breast Imaging (Contrast Enhanced
and Vascular Calcifications)
Maxine S. Jochelson, MD, Ritse M. Mann, MD, PhD
10:30am-11:30am

E450B S2-SSBRO1
L Keynote Speaker

Eva M. Fallenberg, MD, PhD

10:30am-11:30am

E450B S2-SSBR0O1-1

Sun, November 27

MEDIP-enabled medical image digital twinning in NVIDIA OMNIVERSE:
P

Soon Ho Yoon, MD, PhD

12:00pm-12:15pm

Al Showcase, South Hall, Level 3 1S4-Al104
Dual- and Multi-energy CT of the Abdomen and Pelvis

Bari Dane, MD, Joel G. Fletcher, MD, Cynthia H. McCollough, PhD, Alvin C.
Silva

1:00pm-2:00pm

5401 S4-CGIl06
Keynote Speaker

Helen R. Nadel, MD

1:00pm-2:00pm

N226 S4-SSNMMI02-5
Keynote Speaker

Susan E. Sharp, MD

1:00pm-2:00pm

N226 S4-SSNMMI02-6
Radiology Al Innovation: Academics vs Industry

Mona Flores, MD,MBA, Rowland O. llling, BMBCh, FRCR, Nickolas
Papanikolaou...

1:00pm-2:00pm

E450A S4-CIN27
Science Session with Keynote: Nuclear Medicine/Molecular Imaging

Helen R. Nadel, MD, Susan E. Sharp, MD
1:00pm-2:00pm
N226 S4-SSNMMI02
L Keynote Speaker

Helen R. Nadel, MD

1:00pm-2:00pm

N226 S4-SSNMMI02-5

Powered by EventPilot® Conference Apps
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RSNA 2022

Sun, November 27

- Keynote Speaker
Susan E. Sharp, MD
1:00pm-2:00pm
N226 $4-SSNMMI02-6

Artificial Intelligence in Radiology: Managing Professionalism Challenges
by RSNA Professionalism Committee)

Tessa S. Cook, MD, PhD, Kate Hanneman, MD, FRCPC, Ryan K. Lee, MD,
Geof...

2:30pm-3:30pm

E451B 85-RCP35
Gastrointestinal Imaging (Advances in CT Techniques and Dose Reduction)

Bari Dane, MD, Andrea Ferrero, PhD

2:30pm-3:30pm

S401 S85-88GI04
How Al-based CT Denoising Impacts Imaging Workflow Efficiency: An
at Tubingen University Hospital: ClariPi, Inc.

Saif Afat, MD

2:30pm-2:45pm

Al Showcase, South Hall, Level 3 1S9-AI109
Imaging Informatics (Al and NLP in Reports)

Gian Marco Conte, MD, PhD, Jessica G. Fried, MD

2:30pm-3:30pm

E350 S5-3SINO1

Science Session with Keynote: Pediatric Imaging (Neuroradiology)
Elka Miller, MD, Susan Palasis, MD
2:30pm-3:30pm
8405

ativsoftware.com

RSNA 2022

Mon, November 28

Artificial Intelligence in Abdominal Imaging

Imon Banerjee, Errol Colak, MD, Tessa S. Cook, MD, PhD, Brett Marinelli,
MD,MS..

8:00am-9:00am

N228 M1-CGl12
Cutting Edge (Artificial Intelligence)

9:00am-9:30am

Learning Center Theater M1-STCE

Al: Intelligent Clinical Neuroimaging On the Horizon
Daniel S. Chow, MD, Christopher G. Filippi, MD, Mai-Lan Ho, MD, Yvonne W
Lui
9:30am-10:30am
E352 M3-CNR10
Gastrointestinal Imaging (Dual- and Multi-energy CT in Gl Imaging)
Jennifer W. Uyeda, MD, Benjamin M. Yeh, MD
9:30am-10:30am
S406B M3-SSGI05
Keynote Speaker
Baris Turkbey, MD
9:30am-10:30am
8402 M3-SSNMMI03-5
Keynote Speaker
Jonathan G. Goldin, MBChB, PhD
9:30am-10:30am

N226 M3-SSCH03-1

Science Session with Keynote: Chest Imaging (ILD/Emphysema)
Jonathan G. Goldin, MBChB, PhD, James F. Gruden, MD
9:30am-10:30am

N226 M3-SSCHO03

ativsoftware.com

Sun, November 27

State of the Art Coronary CT

Kristopher W. Cummings, MD, Jonathan Weir-McCall, MBBCh, FRCR
Michelle C

2:30pm-3:30pm

227B S5-CCA04

How Structured Intelligence Creates Better Outcomes for All: Kailo Medical

Bernard Duscher, Robert Newman

3:30pm-3:45pm

Innovation Theater, South Hall A, Level 3 I1S8-IT110
President's Address and Opening Session

4:00pm-5:30pm

Arie Crown S6-PLO1

Powered by EventPilot® Conference Apps

Mon, November 28

L Keynote Speaker
Jonathan G. Goldin, MBChB, PhD
9:30am-10:30am

N226 M3-SSCHO03-1

Science Session with Keynote: Nuclear Medicine/Molecular Imaging
Learning)

Michael V. Knopp, MD, PhD, Baris Turkbey, MD

9:30am-10:30am

5402 M3-SSNMMI03
L Keynote Speaker

Baris Turkbey, MD
9:30am-10:30am

5402 M3-SSNMMI03-5

Cutting Edge (Photon Counting CT)
10:00am-10:30am

Learning Center Theater M3-STCE

Deep Learning Lab: Acc ilable Public Datasets from The
Imaging Archive (TCIA)
Justin Kirby

10:30am-11:30am

ing Freely A

Learning Center - DL DLLO5S
No Cancer Missed - Next-Generation Al for Breast Cancer Screening:

Pierre Fillard, PhD

10:30am-10:45am

Al Showcase, South Hall, Level 3 IM1-Al101

Powered by EventPilot® Conference Apps

%44 H



RSNA 2022

Mon, November 28

New Modeling Approaches for Radiology Al
Akshay Chaudhari, PhD, Maciej A. Mazurowski, MS, PhD, Valentina Pedoia
PhD
11:00am-12:00pm
E451B
Deep Learning Lab: MedNIST Exam Classification with MONAI
Bradley J. Erickson, MD, PhD, Jayashree Kalpathy-Cramer, MS, PhD, Kuan
Zhan...
12:00pm-1:00pm
Learning Center - DL
Cutting Edge (Artificial Intelligence)
12:15pm-12:45pm
Learning Center Theater

M4-CIN21

DLLO6

M5A-STCE

The New Role of Lung CT in ILD and Lung Cancer Detection: Quantifying
Predicting Disease: contextflow

Georg Langs, Prof., PhD

12:30pm-12:45pm

Al Showcase, South Hall, Level 3 IM5-Al105
Deep Learning Lab: CT Body Part Classification

Ross W. Filice, MD, Ish A. Talati, MSc

1:30pm-2:30pm

Learning Center - DL DLLO7
Physics (Al Applications in CT)

Grace J. Gang, PHD, Marc Kachelriess, PhD

1:30pm-2:30pm

5404 MB-SSPH05
Cutting Edge (Photon Counting CT)

2:30pm-3:00pm

Learning Center Theater M7-STCE

ativsoftware.com

RSNA 2022

Mon, November 28

Developing a System-Wide Imaging Capital Plan: Strategies and Innovative
(Sponsored by the Associated Sciences Consortium)
Jason Newmark, BA,MBA, Peter St John, Sandra A. Strycker, BS, Michelle M
Wa
4:30pm-5:30pm

N230B M8-CAS01

ativsoftware.com

Mon, November 28

Deep Learning Lab: Basics of NLP in Radiology
Gunvant Chaudhari, BS, Timothy L. Chen, Jae Ho Sohn, MD
3:00pm-4:00pm
Leamning Center - DL

DLLO3

Imaging Quality Control in the Era of Artificial Intelligence

Giridhar Dasegowda, MBBS, David B. Larson, MD, MBA, Myron A. Pozniak,
MD

3:00pm-4:00pm

S401 M7-CIN12
Neuroimaging for Healthy Aging : Diagnosis and Prognosis using Al:
Inc.

Hye Weon Kim, MD

3:00pm-3:15pm

Al Showcase, South Hall, Level 3 IM10-AI110
Recent Advances in PET/MRI and PET/CT Imaging

Thomas Beyer, PhD, Ciprian Catana, MD, PhD

3:00pm-4:00pm

S405 M7-CPHO7

Science Session with Keynote: Nuclear Medicine/Molecular Imaging (The
Donna J. Cross, PhD, Peter Herscovitch, MD
3:00pm-4:00pm

8402 M7-SSNMMI04

Reimagining Al within the radiology workflow: annalise.ai
Matthew P. Lungren, MD
3:30pm-3:45pm

Al Showcase, South Hall, Level 3 IM11-Al111
Al Theater: RSNA Al Challenge

Speaker TBD

4:00pm-5:00pm

Al Showcase, South Hall, Level 3 IM12-Al112

Powered by EventPilot® Conference Apps

Tue, November 29

Emergency (Emergency and Trauma Imaging )
Refky Nicola, DO, Claire K. Sandstrom, MD
8:00am-9:00am

E450A T1-SSERO1
Science Session with Keynote: Pediatric Imaging

Leah E. Braswell, MD, Summer L. Kaplan, MD, MS

8:00am-9:00am

E353C T1-SSPD03
Cutting Edge (Artificial Intelligence)

9:00am-9:30am

L ning Center Theater T1-STCE
Artificial Intelligence in Pediatric Radiology

Safwan Halabi, MD, Marla Sammer, MD, Alex Towbin, MD

9:30am-10:30am

E353C T3-CPD09
Imaging Informatics (Al in Abdominal Imaging)

Kirti Magudia, MD, PhD, Hari Trivedi, MD

9:30am-10:30am

E451B T3-SSINO3
Cutting Edge (Photon Counting CT)

10:00am-10:30am

Learning Center Theater T3-STCE

Deep Learning Lab: YOLO-Bounding Box Segmentation & Classification
1)
Bradley J. Erickson, MD, PhD, Pouria Rouzrokh, MD, MPH
10:00am-11:00am

Learning Center - DL DLLO9

Powered by EventPilot® Conference Apps
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RSNA 2022

Tue, November 29

ASRT@RSNA: Leading Medical Imaging Like a Start-Up
Ryan Duggan
11:00am-12:00pm

N230B T4-CRT06

Navigate Measure Realize: Three Key Steps To A Successful Al Strategy:
Ben Panter, PhD
11:00am-11:15am

Al Showcase, South Hall, Level 3 IT2-Al102

Cutting Edge (Long COVID)
12:15pm-12:45pm

Learning Center Theater T5A-STCE

Cutting Edge (Artificial Intelligence)
12:45pm-1:15pm

Learning Center Theater T5B-STCE

Deep Learning Lab: Best Practices for Model Training: Architectures,
& Optimization

Peter Chang, MD

1:00pm-2:00pm

Learning Center - DL DLL11
Cutting Edge (Molecular Imaging)

1:30pm-2:00pm

Learning Center Theater T6-STCE
Neuroradiology (Brain: Vascular [Excluding Acute Stroke] Stroke
[Diagnosis
Treatment])

Michele H. Johnson, MD, Mahmud Mossa-Basha, MD

1:30pm-2:30pm

E350 T6-SSNR08
ativsoftware.com

Wed, November 30
Innovations in Dual and Multi-Energy CT

Megan C. Jacobsen, PhD, Daniele Marin, MD, Wei Zhou, PhD

8:00am-9:00am

N227B W1-CPH02
Failures, Biases, and more: When Good Al Goes Bad

Florence X. Doo, MD, MA, Hari Trivedi, MD, Paul H. Yi, MD

9:30am-10:30am

S401 W3-CIN23
Imaging Informatics (Al and Image Processing)

Bernardo C. Bizzo, MD,PhD, Peter A. Harri, MD

9:30am-10:30am

E353B W3-SSINO05S

Science Session with Keynote: Breast Imaging (Breast Screening with
Rudolf M. Pijnappel, MD,PhD, Steven P. Poplack, MD
9:30am-10:30am
E451B W3-SSBR08

Deep Learning Lab: YOLO-Bounding Box Segmentation & Classification

2)

Bradley J. Erickson, MD, PhD, Pouria Rouzrokh, MD, MPH
10:00am-11:00am

Learning Center - DL DLL12
Cutting Edge (Artificial Intelligence)

10:30am-11:00am

Learning Center Theater W3-STCE

Increase Cardiac CT Productivity with Al: Circle Cardiovascular Imaging
Michael F. Morris, MD
10:30am-10:45am

Al Showcase, South Hall, Level 3 IW1-Al101

ativsoftware.com
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Tue, November 29
Understanding and Communicating Artificial Intelligence: Reading, Writing
Reviewing

Ross W. Filice, MD, John Mongan, MD,PhD, Linda Moy, MD
1:30pm-2:30pm

E451B T6-CINO2
Cutting Edge (Photon Counting CT)

2:30pm-3:00pm

Leaming Center Theater T7-STCE

Al Isn't Just for Diagnosis: Example Applications Throughout the
Imaging Chain
Katherine P. Andriole, PhD, Nina E. Kottler, MD, MS, Nabile M. Safdar, MD,
MPH
3:00pm-4:00pm
N226
Protocol Optimization for Low Dose CT
Lakshmi Ananthakrishnan, MD, Timothy P. Szczykutowicz, PhD, Lawrence N.
Tan
4:30pm-5:30pm

T7-CIN11

N227B T8-CPH11
Who Is Watching The Al? MLOps for Radiology Al in Production

Imon Banerjee, Bernardo C. Bizzo, MD,PhD, Nina E. Kottler, MD, MS, Walter
F.W
4:30pm-5:30pm

E451B T8-CIN22

Powered by EventPilot® Conference Apps

Wed, November 30

Big Data for QI
Patricia Balthazar, MD, Neena Kapoor, MD, Ronilda Lacson, MD, PhD
11:00am-12:00pm
S401 W4-CIN17
Al-enhanced Detection and Tracking of Cerebral Aneurysms: RapidAl
Jeremy J. Heit, MD, PhD
11:30am-11:45am
Al Showcase, South Hall, Level 3 IW3-AI103
Deep Learning Lab: Building Custom Deep Learning Models with PyTorch
Felipe C. Kitamura, MD, PhD, lan Pan, MD
11:30am-12:30pm

Learning Center - DL DLL13

The Power of Opportunistic Detection using Al: Qure.ai

Rohit Ghosh, Chief Strategy Officer, Imad Nijim, Chief Information Officer
vRad

12:00pm-12:15pm

Al Showcase, South Hall, Level 3 IW4-Al104
Cutting Edge (Molecular Imaging)

12:15pm-12:45pm

Leamning Center Theater W5A-STCE

Cutting Edge (Photon Counting CT)
12:45pm-1:15pm
Learning Center Theater
Deep Learning Lab: DICOM In, DICOM Out for Segmentation
Thomas W. Loehfelm, MD, PhD
1:00pm-2:00pm
Learning Center - DL DLL1

W5B-STCE

Powered by EventPilot® Conference Apps
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RSNA 2022

Wed, November 30

Al Governance in Medical Imaging: How to Herd the Cats and Avoid Chaos
Paul J. Chang, MD, Jeevesh Kapur, FRCR,MMed, Marc D. Kohli, MD
1:30pm-2:30pm
S401 W6-CINO8

Cutting Edge (Artificial Intelligence)
1:30pm-2:00pm
Learning Center Theater

Cutting Edge (Photon Counting CT)
2:30pm-3:00pm
Learning Center Theater

W86-STCE

W7-STCE

Keynote Speaker: Technology Advances for Chest CT
Cynthia H. McCollough, PhD
3:00pm-4:00pm

S501 W7-SSCH07-1

Physics (X-ray, Fluoro, and Tomosynthesis)
Hilde Bosmans, PhD, Zhihua Qi, PhD
3:00pm-4:00pm

S403A W7-SSPHO09

Science Session with Keynote: Chest Imaging (Advances in Imaging
Myrna C.B. Godoy, MD, PhD, Baskaran Sundaram, MRCP, FRCR
3:00pm-4:00pm
S501 W7-SSCHO7

L Keynote Speaker: Technology Advances for Chest CT

Cynthia H. McCollough, PhD
3:00pm-4:00pm
S501 W

ativsoftware.com

RSNA 2022

Thu, December 1

Artificial Intelligence & Machine Learning in CV Imaging
Alex K. Bratt, MD, Carlo N. De Cecco, MD, Albert Hsiao, MD,PhD
8:00am-9:00am
N227B

R1-CCA03

Physics (Quantitative Imaging and Radiomics)
Joseph Lo, PhD, Michael F. McNitt-Gray, PhD
8:00am-9:00am
E350 R1-8SPH13

Cutting Edge (Photon Counting CT)
9:00am-9:30am

Learning Center Theater R1-STCE

Deep Learning Lab: Accelerate your Al-based Medical Imaging Research
MONAI Core on SageMaker

Christopher C. Austin, MD,MSc, Steve Fu, Christoph Russ

9:00am-10:00am

Learning Center - DL DLL15
Deep Learning in CT Image Formation

Guang-Hong Chen, PhD, Marc Kachelriess, PhD, Lifeng Yu, PhD

9:30am-10:30am

E352 R3-CPHO4
Cutting Edge (Artificial Intelligence)

10:30am-11:00am

Learning Center Theater R3-STCE

Deep Learning Lab: Multimodal Fusion for Pulmonary Embolism Detection
CTs and Patient EMR

Mars Huang, PhD, Matthew P. Lungren, MD

10:30am-11:30am

Learning Center - DL DLL16

ativsoftware.com

Wed, November 30

The Al Revolution in MSK: Hot Topics

John V. Crues, MD, David B. Larson, MD, MBA, Michael L. Richardson, MD,
Nav

4:30pm-5:30pm

E451A W8-CMK12

Powered by EventPilot® Conference Apps

Thu, December 1

Cutting Edge (Molecular Imaging)
12:15pm-12:45pm
Learning Center Theater

R5A-STCE

Cutting Edge (Artificial Intelligence)
12:45pm-1:15pm

Learning Center Theater R5B-STCE

Cardiac Imaging (Advanced CT Applications)
Gautham P. Reddy, MD, MPH, Lifeng Yu, PhD
1:30pm-2:30pm
N227B R

o
w
w

CA11

Cutting Edge (Photon Counting CT)
1:30pm-2:00pm

Learning Center Theater R6-STCE

Physics (Al in Medical Imaging)
Samuel G. Armato, PhD, Andrew Missert, PHD
1:30pm-2:30pm
E353C R6-SSPH15
Science Session with Keynote: Chest Imaging (Artificial Intelligence and
Jin Mo Goo, MD, PhD, Anastasia Oikonomou, MD,PhD
1:30pm-2:30pm
N228

Chest MRI, PET-CT and Photon Counting CT Updates

Lea Azour, MD, Christopher J-P. Francois, MD, Shuai Leng, PHD, Osama R.
Maw

3:00pm-4:00pm

N228 R7-CCHO6
Opportunistic Screening and Superhuman Al for Radiology

Akshay Chaudhari, PhD, Kirti Magudia, MD, PhD, Hari Trivedi, MD

3:00pm-4:00pm

5401 R7-CIN25

Powered by EventPilot® Conference Apps
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RSNA 2022

Thu, December 1

Robust Al Solutions: Essential Image Acquisition Requirements

Michael Boss, PhD, Andrew J. Buckler, MS, PhD, Daniel C. Sullivan, MD
Gudrun

3:00pm-4:00pm

S5406B R7-RCP25

ativsoftware.com Powered by EventPilot® Conference Apps
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