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Is imaging Al ready for clinical use?

A Al VersusM.D.|The NewYo X =+

R °m g : “I think that if you work as a radiologist

= NEW YORKER : : :
O you are like Wile E. Coyote in the
ANNALS OF MEDICINE ~ APRIL 3, 2017 155UE Cartoon. Youlre already Over the edge
Al VERSUS MD. of the cliff, but you haven’t yet looked

What happens when diagnosis is automated?

5 Sddharthe Mokheriee - down. There’s no ground underneath.

It’s just completely obvious that in five
years deep learning is going to do
better than radiologists. It might be ten

T R T years. They should stop training

radiologists now.”
i — Geoffrey Hinton, 2017
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What bzzppem when diagnoséf is automated?

By Siddhartha Mukherjee f
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“Deep-learning platform detects
malignant nodules on x-ray, beating
radiologists”

“Chinese Al Beats Doctors in Diagnosing
Brain Tumors”

“Deep learning beats radiologists at
fibrotic lung disease classification”

“Al system beats team of 15 doctors in
competition”
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It is getting pretty good

Segment Anything | Meta Al X GitHub - wasserth/TotalSegme

C @& github.com, h/TotalSegmentator

TotalSegmentator

x TotalSegmentatorfoverview_c| X

Tool for segmentation of 104 classes in CT images. It was trained on a wide range of different CT images
(different scanners, institutions, protocols,...) and therefore should work well on most images. The training
dataset with 1204 subjects can be downloaded from Zenodo. You can also try the tool online at

totalsegmentator.com.
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Created by the department of Research and Analysis at University Hospital Basel.
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LR GitHub - Project-MONAIVIST  x  +

€ 2> C @ github.com/Projec

B8 Flywheel Bookmarks 5 ONEwustl @] ChatGPT

= README.md

MONAI VISTA ~

MONAI Versatile Imaging SegmenTation and Annotation

0 Sicer £3.0-2003.06-29

* Flywheel Search @) FW Calendar [l FW Slides

1 FW Mail

= FwDocs # FW sheets

(We're seeking collaborators. If your institution is interested, please fill out the survey:

https://forms.office.com/r/RedPQcIfmw)

Table of Contents

» Overview

« MONAI VISTA Training and FineTuning

+ MONAI VISTA with MONAI Label
o Step 1. Installation

o Step 2. MONAI Label monaivista app
o Step 3. MONAI VISTA - Label Plugins

o Step 4 Data Preparation

https://github.com/Project-MONAI[VISTA/blob/main/assets/imgs/demo_gif.gif W
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B3 ANl Bookmarks

@ Python 98.9%

Other 1.1%



<«

Any thoughts Geoff?

r Geoffrey Hinton tells us why hr X +

C @ technologyreview.com/2023/05/02/1072528/geoffrey-hinton-google-why-scared-ai/ an v @ = B » 0O & ( (_Updat \

'Ilglcl:hnology SIGN IN SUBSCRIBE =
Review

ARTIFICIAL INTELLIGENCE

Geoffrey Hinton tells us why he’s now scared of the tech
he helped build

“l have suddenly switched my views on whether these things are going to be more
intelligent thanus.”

By Will Douglas Heaven
May 2,2023

! |
!

-
-

“I have suddenly switched my views on
whether these things are going to be
more intelligent than us. | think they’re
very close to it now and they will be
much more intelligent than us in the
future. How do we survive that?”

— Geoffrey Hinton, May, 2023, upon
resigning as head of Al at Google



Even though imaging Al is good... we’ve got issues

oo N 1Recommendations | Artificia X .«

& > C & niceorg.uk/ou / hapter/1-Rec ons oL @ = B RO :

Flywheel Bookmarks B ONE.wu

“More research is needed on the Al-derived software to
analyse chest X-rays alongside clinician review.”

FW Calendar - FW Slides 1 FW Mail & FW Docs » | B3 All Bookmarks
National Institute for E
Search NICE...
N I CE Health and Care Excellence Signin

Standards and ) Life British National (AL DD Clinical Knowledge

Guidance v v Formulary for Children v

v About v

indicators sciences Formulary (BNF) (BNFC) Summaries (CKS)

“With the available evidence, it is not possible to assess the

NICE > NICE Guidance > Published Guidance

clinical and cost benefits or risks of using the technology in
the NHS. So, Al-derived software should not be used for
clinical decision making in the NHS until more evidence is
available.”

Artificial intelligence-derived software to
analyse chest X-rays for suspected lung cancer
in primary care referrals: early value

assessment
Health technology evaluation \ HTE12 \ Published: 28 September 2023

Guidance Tools and resources Information for the public History

“There is no evidence to show how accurate software-

sounend sasancs #0891 Recommendations assisted clinician review will be at identifying lung

11 More research is needed on the following artificial intelligence (Al)-derived software to
analyse chest X-rays alongside clinician review for suspected lung cancer in adults
referred from primary care:

Overview

abnormalities... Using this software could lead to lung

1Recommendations

cancer being missed.”

2 The diagnostic tests ¢ Al-Rad Companion Chest X-ray (Siemens Healthineers)

3 Committee discussion

4 Diagnostics advisory
committee members and

https://www.nice.org.uk/guidance/hte12

« Annalise CXR (Annalise ai)

* Auto Lung Nodule Detection (Samsung)



Even though imaging Al is good... we’ve got issues

= |nsufficient evidence of effectiveness and reliability.
" |Insidious bias in algorithms.
= Unknown performance in local context (i.e. generalizability).
= (Questionable impact on radiologist behavior and workflows.
» How can imaging informatics help address these issues?

= Plumbing

=  Data
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XNAT is...

...a feature rich... x
Archive, manage, process, view, and share imaging € > € 8 ips//hcpr-demo umancomectome org/app tempite/SubjectDashbosr v ST
and related data.

Loggedin as: danb | Auto-logoutin: 0:13:46 - 14

HCP Dashboard: HCP Q1 Release Data
(] O pe n (W] Description: HCP Q1 Release Data

Open source Project ID: HCP_Q1
Open API
Free (though commercial support is available)

Depression and Mot Achenbach Adult Se ASR_computed_tot = 30 Edit Remove

Used by organizations around the world s tasems

| a tfo r m Subject Information MR Sessions [x| SELECT
EEnm p L] 1

100 [+]  10f1 Pgs (19 Rows)

Clinical/translational research

Subject Gender Age Full Imaging Compl. T1 Count T2 Count Non-Toolbox Compl. Visual |
. . . . 114924 M 26-30 false 2 1 true true
Institutional re posrto ries 1852 0 man Jme i ! B s
130013 M 26-30 true 2 2 true true
H H 142828 M 3138 false 1 1 true true
M U It I 'Ce nter StU d |eS 144428 M 22-25 false 0 0 true true
. 129337 M 3135 true 1 2 true true
Data S h ari ng (153429 [ 3138 true 2 2 true true
156637 M 3135 true 2 1 true true
201111 ] 26-30 true 1 1 true true
304020 ) 31-35 false 2 2 true tru
329440 ) 26-30 false 1 1 true true
P . . - 530635 M 26-30 true 2 2 true true
r I I I I a r F u n d I n 672756 ] 31-35 tru 2 2 true true
= 685058 ) 31-35 false 2 2 true true
865363 ) 22-25 true 2 2 true true
N I BI B ROl (Yea r 16) 889579 M 31-35 true 2 2 true true
896879 ] 26-30 true 2 2 false true
917255 ) 31-35 true 1 1 true true
N CI ITC R U 24 (Yea r 8) 937160 M 26-30 trui 1 1 trus trus

Commercial open source software




I3CR: XNAT for cancer research

Web
...l;l 4!\( Publish
To Data
Scanner Repos

S Publish
to PACS

=%

INGEST CURATE ANNOTATE COMPUTE ANALYZE PUBLISH

* DICOM send from scanner * Automated image QC * OHIF integration * Docker Container Service * Standalone Jupyter * Data sharing across projects

* DICOM retrieve from PACS * Manual image review * Manual annotation tools * HPC integration (Slurm, integration * Data sharing across nodes

* Web-based upload * Pre-archive data staging (ROI, angles, lines, etc.) Torque, PBS, etc.) * CLARA-based ML service * Federated datasets across

* Metadata anonymization * Scan type harmonization * Al-assisted annotation * Batch processing dashboard  * Scriptable data sets for instances

* Pixel anonymization * Group-level image statistics * Templatized assessment * Live Tensorboard and training, test, validation * Automated export to public

* Face scrubbing * Linked clinical, genetic, and forms stdout/stderr monitoring * Scriptable analysis with data repositories (e.g. TCIA)

* Support for all imaging other non-imaging data * Rapid reader module * Event-based container Python and Groovy * Automated export to cloud
modalities. * Automated format * Blinded reader mode automation * Integrations with common storage

* Support for all file formats conversion * Radreport.org integration analysis tools (3D Slicer, * Export models to clinical
(DICOM, NIFTI, TIFF, etc.) MITK, CapTk, etc.) application hosts (e.g. Sectra

Amplifier)



I3CR: XNAT for cancer research

% PACS Data - Kibana x4+

© & mirir-dash.nrg.wust.edu

Side Label

hboard  PACS Data © @ Marcus, Daniel Scott 1511732

© Fullscreen Share Clone Edit

= KoL BV Jan1,2000@0000:0000 > Jan1,2020@12:000000 [RCRNE
000 ©Osou X+ ©
C @ ANotsecue It * @ 2 O @ Finishupdate |
5 oicompatient Count OIcOM Study Count OicoMSaries Count

K 1,933,164 20,093,655 115,561,087 B ScoutDataExplorer

Analyze and visualize your data.
Patients y Y Feel free to ask questions about this

? cohort; for example, requesting summary
information or plots and charts.
Cohort

& Review database query

& oicomModaities DIcoM sex DICOMDate Range

= or o e Query: ¢

hort of patient within cosine

File ID: file-

OFfinKCQIIHZbaU7jkz3MOXM

a
X A = J v ==
,"‘{@ e & Download Csv [ll & Export conort
| AR generate summary charts
0 z
0%~ 3
= ok patientsex patientage technique_en findings_en impressions_e
@ Here are the summary charts based on
e 50 Non-contrast Images were CTO Is normal. Galbration No fiding compatol
o the newly provided cohort data:
3 EY Non-contrast images were Bilateral reast prosthesis Ground olass densit
Distribution of Patient Age: This
image_Seg.pynb (auto-1) - Ju; X I g M el Non-contrast Images were No occlusive pathology we - Millmetric noduar pistogram shows the frequency
#° gl F . were The of abilate distribution of patient ages in the
nat.pixi.org/jupy ito-1/t IDR2UNet-for-T - - = n ion/In h % » Modalit 4
< c a Net-for-TNBC-PDX-Tumor-Segmentationim... &1 % [y @ ¥ v o'e/o) (i —— conort
v a0 Non-contrast Images were Trachea, both main bronct  Biateral slcone bre: X
File Edit View Run Kemel Git Diagram Tabs Settings Help Dl oM Bay et < IEICH & xret-demo:adicicgics com 2. Distribution of Patient Sex: This bar
_— 3 E Sections were taken witho  Mediastinal structures cou.Micro and macrocalc
- EN - o = image. Sea v o 4 1 it tinal struct chart displays the count of patients
a x| o O =it by sex.
+ X @ » ®m C » Code v oo B git # Python 3 (i MRI c, b I d F £ Non-contrast images were Trachea, both main bronct Thorax CT examinati
a : group bold report ) scioaionot Namfachaer: T
(= E————— View Images g F @ Non-contrast images were Port chamber and catheter Operated endometri e ———
® Tumor-Segmentation / View an image session using XNATpy. Summary F 2 1.5 mm thick non-contrast. Mediastina sructures wer  Minimal sequelae chi itz '“3"“':““””5 GifiD
equipment use
Name  ~ Last Modified
. M 0 Non-contrast images were Bilteral gynecomastia wa: Bilateral gynecomast
™ output 14 days ago valid_xpaths = ['xnat:mrSessionData'] « Date and time: 2020-08-06, 22:43. 4. Distribution of Medical Conditions:
image_session = next((experiment for experiment in project.experiments.values() if experiment.xp « MRIQC version: 0.15.2. T e DGR
= output_old 2 months ago scan = image_session.scans [0] Rows per page 10 1-10 of 5,319 aical "
W] Dash_Tum. 12 days ago file_list = list(filter(lambda k: k.endswith('.dcm'), list(scan.files))) _ IS G L ALY
file_list = sorted(file_list, key=lambda x: int(re.split(r'-', x)[2])) 0840 2400/ ¢ = 003 o the cohort
N (7 Dash_Tum... 9 hours ago 2 ET ¢ &
64| T s 2200/ 3 i o/ E 0.02| @
@ datazDpy 2months ago ] o 2000 s If you need further analysis or specific
z
@ dense_une. 2months ago 083 1800 4 4502 % 001 detalls, feel free to ask!
Z
Ima aminute ago L @
= s - ‘ LIRS
D images_te. 2 months ago 062 1400 J 250) 001 please explain how you wish o se it to inform the query.
D images_t. 2months ago Y 1200
. | o oo
[ images_tr 2months ago » 1000 am
[ LICENSE 2 months ago 061 800, »» 250} F3 oo had
@ main_testi 14 days ago 060’ 600 001 - . 2 .
& 3 ¥ 3 s
@ main_train 2 months ago ¢ « & & & & < .
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[ mask_trai 2 months ago 124 008, = 2 3 s 030, 210,
@ . n z 2 £ 3 S z
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B . 2 2|8 015 g
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5 001 1| o 170 1y
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The Feature Stack

Phenotypes

Computed Data

Curated Data

Quality Data

Source Data




The Feature Stack

Computed Data

Al enables us to move up the

Curated Data

stack to characterize patients in
ity ba more detail and produce more
meaningful & clinically reliable

outcomes.

Source Data




The Feature Stack: Source Data

Phenotypes

Computed Data

Curated Data

Quality Data

 The raw data on which all subsequent work is done.



The Feature Stack: Source Data

 The raw data on which all subsequent work is done.

Computed Data

Open Data Resources
Curated Data I Susener., TCIA, MIDRC, Hugging Face, etc.

~ Free! (Usually.)
LS NGB Regularly used for challenges, can

serve as common reference points.

Welcome to The Cancer

Quality Data o, .
e Limited outcomes and other related

metadata.

Limited novelty and specificity.

Source Data

younbata Access The Data Need Help?

TCIA has a variety of ways to br




The Feature Stack: Source Data

Phenotypes

 The raw data on which all subsequent work is done.

Computed Data
I Commercial Data

curiMetg; | ome  WhoWeWorkWith  OurTeam News CareersandValues  ContactUs Gradient Health Cu riMeta etc.
Curated Data ’ * ’ ’
o Costly! (Always.)
Research demands. CuriMeta delivers. « Tuned to needs Of pr0ject

CuriMeta is committed to being a trusted strategic partner. We are

N e e o b Typica“y well validated and well

lifesaving health interventions to patients.

Quality Data

Led by highly experienced industry veterans, CuriMeta curates, enhances,

w?ehtlrslczzfpoer;;é?:Ilrr:vor\d" d‘er\demlﬁed health data, providing researchers C h a ra Cte rl Ze d .

challenges and impro

Time to access ranges from

instantaneous to protracted.

Accelerating research and
advancing the science of
medicine through anonymized,
aggregated real-world health
data.

Source Data

Researchers rely on a tapestry of information,
evidence to improve our understanding and d

interventions | impact lives tomorro

therapeutic progress is accelerated when researchers have
better insights and more complete data to fuel their
studies.

Advanced real-world data describes a set of potent and
difficult-to-source data types (genetic variants, radiology,




The Feature Stack: Source Data

Phenotypes

 The raw data on which all subsequent work is done.

Computed Data

. .
I L Institutional Data
Curated Data TR F— e « Clinical PACS, research data sets
1,455,546 2,046,178 2'033@586 o Low cost! (If you’re lucky enough to

StuayDate

be in clinical research setting.)
Scale to fit project

.
qualiyata [ o AT TR AT « Cohort identification is up to
= [ T == researcher
C) E: « Time to access depends on
institution

Counts Bodyparts Counts.

;;;;;

Source Data

HeseT 05

oste Aavoven 9085

asaze WhoLgsooy

72501

uuuuuuuuuuuuuuuuuuuuuuuuuuuu




The Feature Stack: Source Data

Phenotypes

 The raw data on which all subsequent work is done.

Computed Data

Federated Data
» Localized data aggregated at the
time of training/analysis.

Curated Data

« Supports more diverse data sets.

Updated

e  Manages data privacy concerns.

Quality Data

« Introduces new challenges in model
development, validation,
maintenance.

Source Data




The Feature Stack: Source Data

Scout Data Explorer

Analyze and visualize your data.

Cohort
Query: patients under 85 with lung cancer within cosine distance 1 (max results 10,000)

File ID: assistant-gaWGI34KoJ60JsHcSJfse80U

& Download CSV & Export cohort

\_/
D Sex Age Technique
train_8002_a M 32 Transverse sections of 1.5
train_8137_a M 72 1.5 mm thick non-contrast
v train_7238_a F 44 Non-contrast images were
train_6732_a M 68 Non-contrast images were
Y
\_/ train_12443_a F 63 Sections were taken withot
train_11184_a M 57 Non-contrast images were
train_11961_a M 59 Sections were taken in the
train_8809_a M 56 Non-contrast images were
v
train_4331_a M 40 Non-contrast images were
Y
\_/ train_4279_a F 52 1.5 mm thick non-contrast
train_4080_a M 57 1.6 mm thick sections were
train_11885_a F 50 Non-contrast images were
train_3036_a M 58 1.5 mm thick non-contrast
v train_10441_a F 32 Before IVCM was given, ax
train_8987_a F 50 1.5 mm thick non-contrast

Findings

Trachea and lumens of bot

Trachea and lumen of both

Trachea, both main bronck

Trachea, both main bronck

Mediastinal structures cou

No pneumonic infiltration ¢

Mediastinal structures can

Trachea, both main bronck

Trachea and both main brc

Trachea and lumen of both

In the patient with multiple

Trachea and both main brc

No occlusive pathology wa

Mediastinal structures can

An image of a catheter ext:

Impressions

Malignant neoplasm of tes

Lung ca in follow-up; Multi

Dimensional increases in le

In a patient with a prediagr

Lymphadenopathies in the

Lung Ca, primary lesion in

Lymphadenopathies in the

Diffuse metastic lesions in

Lung Ca in the follow-up, <

Operated RCC at follow-ug

Multiple myeloma at follow

Breast Ca. In the upper lob

Not given.

Metastases in both lungs,

Hodgkin lymphoma at follc

Rows per page { 15 ‘ 1-15 of 3,685

Distance

0.26646137

0.28574675

0.31818104

0.33376628

0.3435843

0.3610168

0.36426234

0.38882113

0.3913501

0.39915276

0.40074855

0.40704226

0.41336262

0.42043048

0.42082763

patients under 85 with lung cancer

@

| found 3,685 hits for query "patients under 85 with lung cancer" within
cosine distance < 1. Your data explorer has been updated with this
cohort.

Let's generate some charts for this data!

| am generating some code to fulfill the request.

lung_opacity

Presence of Medical Conditions

ung_nodue

interiobular_septal thickening

1250 1500 1750 2000

Age Distribution

250

200

Frequency

20 30 40 50 60 70 80
Age

Find data with the requested characteristics. If you include an image, please explain how you wish

to use it to inform the query.




The Feature Stack: Source Data

3D Vision transformer
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The Feature Stack: Source Data

Scout Data Explorer

Analyze and visualize your data.

Cohort
Query: patients under 85 with lung cancer within cosine distance 1 (max results 10,000)

File ID: assistant-gaWGI34KoJ60JsHcSJfse80U

& Download CSV & Export cohort

v
D Sex Age Technique
train_8002_a M 32 Transverse sections of 1.5
train_8137_a M 72 1.5 mm thick non-contrast
v train_7238_a F 44 Non-contrast images were
train_6732_a M 68 Non-contrast images were
Y
v train_12443_a F 63 Sections were taken withot
train_11184_a M 57 Non-contrast images were
train_11961_a M 59 Sections were taken in the
train_8809_a M 56 Non-contrast images were
N
train_4331_a M 40 Non-contrast images were
Y
v train_4279_a F 52 1.5 mm thick non-contrast
train_4080_a M 57 1.5 mm thick sections were
train_11885_a F 50 Non-contrast images were
train_3036_a M 58 1.5 mm thick non-contrast
\_/ train_10441_a F 32 Before IVCM was given, ax
train_8987_a F 50 1.5 mm thick non-contrast

s

ojo)MHeNp Azure GPT-40

Trachea, both main bronck

Mediastinal structures cou

No pneumonic infiltration ¢

Mediastinal structures can

Trachea, both main bronck

Trachea and both main brc

Trachea and lumen of both

In the patient with multiple

Trachea and both main brc

No occlusive pathology wa

Mediastinal structures can

An image of a catheter ext:

Rows per page | 15 ¢ 1-15 of 3,685

patients under 85 with lung cancer

| found 3,685 hits for query "patients under 85 with lung cancer" within

cosine distance < 1. Your data explorer has been updated with this

cohort.

In a patient with a prediagr
Lymphadenopathies in the
Lung Ca, primary lesion in

Lymphadenopathies in the
Diffuse metastic lesions in
Lung Ca in the follow-up, <
Operated RCC at follow-ug
Multiple myeloma at follow
Breast Ca. In the upper lob
Not given.

Metastases in both lungs,

Hodgkin lymphoma at follc

0.33376628

0.3435843

0.3610168

0.36426234

0.38882113

0.3913501

0.39915276

0.40074855

0.40704226

0.41336262

0.42043048

0.42082763

pulmonary_fibrotc_seque

emphy

pleural_effusion

peribronchial_thickening

Medical Condition

bronchiectasis
hital hernia

al_thickening

dial effusion

o 250 500 750 000 1250 1500 1750 2000
Count

Age Distribution

250

Frequency

20 30 40 50 60 70 80
Age

Find data with the requested characteristics. If you include an image, please explain how you wish

to use it to inform the query.




The Feature Stack: Source Data

Scout Data Explorer

nalyze and visualize your data.

ool EeN Azure GPT-4o0

Cohort
Query: patients under 85 with lung cancer and emphysema within cosine distance 1 (max results 10,

File ID: assistant-upA7FsZZVpTFBXgKDL6tnlz3

& Download CSV &y Export cohort

narrow to cases with emphesym

. A n A A
D sex Age Technique | found 768 hits for query "patients under 85 with lung cancer and
train_3036_a M 58 1.5 mm thick non-contrast| n al 3 3 5
emphysema" within cosine distance < 1. Your data explorer has been
train_10850_a M 72 1.5 mm thick non-contrast| . .
updated with this cohort.
v train_5544_a F 45 Sections were taken in the|
/\ train_7910_a M 54 Non-contrast images were
atectess |
2 pentronchiolhickenng |
v train_6240_a M 46 Axial sections with a thickr The mediastinal vascular s Other findings are stable. 0.48818338 %, ronchiectasis
3 consoldation
train_7588_a F 61 Sections were taken withol Trachea and both main brc Pancreatic Ca in the follow 0.49542022 pleural effusion
Interiobuar_septa_thickening
train_3098_a M 59 Sections were taken witho Mediastinal structures cou Nodules evaluated in favor 0.4964621 e
cardomesaly
train_7128_a M 76 Before IVKM was given, se Trachea and both main brc Metastatic colon ca, metas 0.5044378 mossc attenuation pattem
o 100 20 200 w00 700 00
~_ oo
train_8453_a M 77 1.5 mm thick non-contrast Trachea, lumen of both ma Operated lung Ca on follov 0.50992274
/\ Age Distribution
v train_11744_a M 68 1.5 mm thick non-contrast Mediastinal structures wer Soft tissue lesion in the rig 0.51083267 80
train_9113_a F 37 Non-contrast images were Trachea, both main bronct Operated hemangioendott 0.511675 70
train_11025_a F 74 Sections were taken witho! Trachea and both main brc Findings evaluated in favor 0.51344216 0
N 50
train_3414_a M 46 Non-contrast images were Tracheal cannula is observ Infiltrative mass in right lur 0.5159209 g
g
\_/ train_7244_a M 61 Sections were taken witho! Trachea and both main brc Malignant mass in the upp: 0.5244207 =
30
train_8037_a F 66 Non-contrast images were Trachea and both main brc In the follow-up, a few milli 0.52541083 2
Rows per page 15 < 1-15 of 768 1o
0
20 30 40 50 60 80
Age
Find data with the requested characteristics. If you include an image, please explain how you wish
to use it to inform the query.




The Feature Stack: Source Data

s

Scout Data Explorer

nalyze and visualize your data.

Cohort

Query: patients under 85 with lung cancer and emphysema within cosine distance 1 (max results 1

File ID: assistant-upA7FsZZVpTFBXgKDL6tnlz3

& Download CSV &y Export cohort

D Sex
train_3036_a M
train_10850_a M
train_5544_a F
train_7910_a M
train_6240_a M
train_7588_a F
train_3098_a M
train_7128_a M
train_8453_a M
train_11744_a M
train_9113_a F
train_11025_a F
train_3414_a M
train_7244_a M
train_8037_a F

Age

58

72

45

54

46

61

59

76

77

68

37

74

46

61

66

Technique

1.5 mm thick non-contrd

1.5 mm thick non-contrg

Sections were taken in {

Non-contrast images were

Axial sections with a thickr

Sections were taken witho!

Sections were taken withot

Before IVKM was given, se

1.5 mm thick non-contrast

1.5 mm thick non-contrast

Non-contrast images were

Sections were taken withot

Non-contrast images were

Sections were taken withol

Non-contrast images were

o0)2 IEeNF| Azure GPT-40

Trachea, both main bronck

The mediastinal vascular s

Trachea and both main brc

Mediastinal structures cou

Trachea and both main brc

Trachea, lumen of both ma

Mediastinal structures wer

Trachea, both main bronck

Trachea and both main brc

Tracheal cannula is observ

Trachea and both main brc

Trachea and both main brc

Rows per page

Exclude cases with pneumonia

| found 587 hits for query "patients under 85 with lung cancer and

emphysema without pneumonia" within cosine distance < 0.9. Your

data explorer has been updated with this cohort.

Consolidations (pneumoni:

Other findings are stable.

Pancreatic Ca in the follow

Nodules evaluated in favor

Metastatic colon ca, metas

Operated lung Ca on follov

Soft tissue lesion in the rig

Operated hemangioendott

Findings evaluated in favor

Infiltrative mass in right lur

Malignant mass in the upp:

In the follow-up, a few milli

15 ¢ 1-15 of 768

0.47161317

0.48818338

0.49542022

0.4964621

0.5044378

0.50992274

0.51083267

0.511675

0.51344216

0.5159209

0.5244207

0.52541083

2 perioronchial thickening
H bronchiectasis
H consolidation

pleural_effusion

cardiomegaly

mosaic_attenuation_pattern

400
Count

Age Distribution

frequency
IS
8

20 30 40 50 60 70 80
Age

Find data with the requested characteristics. If you include an image, please explain how you wish

to use it to inform the query.




The Feature Stack: Source Data

nalyze and visualize your data.

Cohort

D
train_3036_a
train_10850_a
train_5544_a
train_7910_a
train_6240_a
train_7588_a
train_3098_a
train_7128_a
train_8453_a
train_11744_a
train_9113_a
train_11025_a

train_3414_a

train_7244_a

train_8037_a

Scout Data Explorer

File ID: assistant-upA7FsZZVpTFBXgKDL6tnlz3

& Download CSV &y Export cohort

Sex

M

Age

58

72

45

54

46

61

59

76

77

68

37

74

46

61

66

Technique

1.5 mm thick non-contrast

1.6 mm thick non-contrast

Sections were taken in the

Non-contrast images were

Axial sections with a thickr

Sections were taken witho!

Sections were taken withot

Before IVKM was given, se

1.5 mm thick non-contrast

1.5 mm thick non-contrast

Non-contrast images were

Sections were taken withot

Non-contrast images were

Sections were taken withot

Non-contrast images were

Query: patients under 85 with lung cancer and emphysema within cosine distance 1 (max results 10,000)

Findings

No occlusive pathology wa

Trachea and lumen of both

Trachea and both main brc

Trachea, both main bronck

The mediastinal vascular s

Trachea and both main brc

Mediastinal structures cou

Trachea and both main brc

Trachea, lumen of both ma

Mediastinal structures wer

Trachea, both main bronck

Trachea and both main brc

Tracheal cannula is observ

Trachea and both main brc

Trachea and both main brc

Rows per page

Impressions

Not given.

The differential diagnosis ¢

Metastatic rectum Ca, lung

Consolidations (pneumoni:

Other findings are stable.

Pancreatic Ca in the follow

Nodules evaluated in favor

Metastatic colon ca, metas

Operated lung Ca on follov

Soft tissue lesion in the rig

Operated hemangioendotr

Findings evaluated in favor

Infiltrative mass in right lur

Malignant mass in the upp:

In the follow-up, a few milli

15 1-15 of 768

Distance

0.41336262

0.44062293

0.4666534

0.47161317

0.48818338

0.49542022

0.4964621

0.5044378

0.50992274

0.51083267

0.511675

0.51344216

0.5159209

0.5244207

0.52541083

narrow to cases with emphesyma

| found 768 hits for query "patients under 85 with lung cancer and
emphysema" within cosine distance < 1. Your data explorer has been
updated with this cohort.

Let's generate some charts for this data!

| am generating some code to fulfill the request.

S Review code

Presence of Medical Conditions

lung_nodule

bronchiectasis

consalidation

pleural_effusion

cardiomegaly
mosaic_attenuation_pattern

3 100 200 300 a00 500 00 700 800
Count

Age Distribution

frequency
IS
8

20 30 40 50 60 70 80
Age

Find data with the requested characteristics. If you include an image, please explain how you wish
to use it to inform the query.

o )00




The Feature Stack: Source Data

Scout Data Explorer
nalyze and visualize your data.
narrow to cases with emphesyma e
< >

Cohort

Query: patients under 85 with lung cancer and emphysema within cosine distance 1 (max results 10,000) E 8 @ | found 768 hits for query "patients under 85 with lung cancer and
File ID: assistant-upA7FsZZVpTFBXqKDL6tnIz3 emphysema" within cosine distance < 1. Your data explorer has been
updated with this cohort.

= N Let's generate some charts for this data!

/\ & Download CSV & Export cohort

~ Findings

Trachea and both main bronchi are open. No occlusive pathology was detected in the trachea and both main bronchi. There are findings in favor of pleuroparenchymal sequela fibrotic changes in both lung
apex and left lung upper lobe anterior segment anterior segment. There are also occasional linear atelectasis and minimal emphysematous changes in both lungs. There are nodules in both lungs. The
nodules were considered to be metastatic. The largest of these nodules are observed in the right lung lower lobe superior segment and right lung lower lobe posterobasal segment, measuring approximately
11x8 mm and 8x9 mm, respectively. However, it is understood that all of them have increased in size. There was no finding in favor of a mass or pneumonic infiltrative in both lungs. A port chamber is
observed in the subcutaneous adipose tissue in the right hemithorax. The port catheter terminates in the right atrium. Heart contour and size are normal. No pleural or pericardial effusion was detected. The
widths of the mediastinal main vascular structures are normal. There are no pathologically enlarged lymph nodes in the mediastinum and hilar regions. No pathological wall thickness increase was detected in
the esophagus within the sections. No upper abdominal free fluid-collection was detected in the sections. Vertebral corpus heights, alignments and densities within the sections are normal. There are

osteophytes in the vertebral corpus corners. The neural foramina are open.

train_3414_a M 46 Non-contrast images were Tracheal cannula is observ Infiltrative mass in right lur 0.5159209 2

g

v train_7244_a M 61 Sections were taken witho! Trachea and both main brc Malignant mass in the upp: 0.5244207 =
30
train_8037_a F 66 Non-contrast images were Trachea and both main brc In the follow-up, a few milli 0.52541083 2
Rows per page 15 e 1-15 of 768 *

20 30 40 50 60 70 80
Age

Find data with the requested characteristics. If you include an image, please explain how you wish
to use it to inform the query.

o OO




The Feature Stack: Quality Data

Phenotypes

Computed Data

Data on which quality metrics have been obtained
systematically to drive subsequent decisions.
Suraed Dot * Quality is always an issue, but it’s potentially a

~ _~ bigger issue with quantification.
* “Low” quality isn’t necessarily bad, but it needs to

be understood.
e E.g.if quality is different by site, geography,
demographics, etc, you need to ensure that
measurements aren’t biased.

Quality Data

Source Data




The Feature Stack: Quality Data

® ® ® % MRIQC: individual bold report X +

&« > C 0O @ xnat-demo.radiologics.com/data/projects/FMRIF/resources/16339/files/sub-QA_ses-20181101mr000201_bold.html# 3¢ _]

Summary Visual reports Other Toggle rating widget
aor 0.0018386956521739134
) Rate Image X
aqi 0.0005369426923076923
dummy_trs 1
Exclude Acceptable | Excellent
dvars nstd 8.399083999865779
U Head motion artifacts
dvars std 1.1955031351342273 O Eye spillover through PE axis
dvars vstd 0.9671125125838926 U Non-eye spillover through PE axis
O Coil fai
efc 0.6317237289493478 Coil failure
U Global noise
fber 1802.6905517578125 O Local noise
fd mean 0.03666213530525616 ~ — EM interference / perturbation
O Problematic FoV prescription /
fd num 0 Wrap-around
fd perc 0.0 U Aliasing ghosts
U Other ghosts
fwhm avg 2.964602222222222 O Intensity non-uniformity
fwhm X 2.2335033333333336 O Temporal field variation
O Reconstruction and
fwhm y 2.391103333333333 . .
postprocessing (e.g. denoising,
fwhm z 4.2692000000000005 defacing, resamplings)
gcor 0.0338436 U Uncategorized artifact
gsr X -0.0023884086403995752
gsr y 0.009094901382923126
size t 299

MRQy (Sadri et al, 2020)



The Feature Stack: Quality Data

< Retrieve output and import into XNAT T\
-

? 3 3 i Your .= | Configure | ~ &7 — — — — — — — — — —/ T/ —/ /™
(P (B) ? ? Data Search Configure Job % = params | I
[11) Leee J Lau | : I

? 3 3 v o E gglga% Launch éontain% Ex?(;:gjte

L R] L] | | process I

v [of ] [

v) [of o] [

I_ —————————————— - & log
E n
= image ||
- e 12 (2] 9] [@ |
i‘ \P L_ocalﬁa@ibay

Docker Image Hub XNAT Container Service Compute Cluster (Docker Swarm / Kubernetes)




The Feature Stack: Quality Data

=" HCPIntradb X +

& c 0 @ https://intradb.humanconnectome.org/app/template/Page.vm?view=pcp&project=CCF_HCD_ITK&pipeline=DC... @ ¢ "E 1

Logged inas: dan | @ Auto-logoutin: 0:29:50 - renew | Log

B Bowso - Now - Uoad - Admier - Toos - hop - (RTINS CNE

PROJECT: CCF_HCD_ITK > Pipeline Control Panel > DCM2NII
Refresh Update Cache Remove Selected Reset Status Info Report
Entity Subgroup Status StatusTime Preregs Met Validated Issues Runnable
Filter by Entity Filter by Filter by Status Filter by StatusTinr Al 5 Al 5 Al ¥ Al ¥
HCD0001305_V1_A ALL ERROR % 2018-01-26 17:08:45 v v
HCD0001305_V1_B ALL COMPLETE v 2018-01-10 10:47:39 v v
HCD0015417_V1_A ALL COMPLETE v 2018-03-13 17:27:55 v v
HCD0015417_V1_B ALL COMPLETE v 2018-04-24 19:44:29 v v
HCD0021614_V1_A ALL 2018-08-05 16:11:44 v v
HCD0021614_V1_B ALL 2018-08-29 09:16:24 v v
HCD0022919_V1_A ALL 2018-08-01 23:03:49 v v
HCD0022919_V1_B ALL 2018-08-07 14:55:03 v v
HCDO0022919_V1_X1 ALL COMPLETE v 2018-08-16 16:53:53 v v
HCD0024418_V1_A ALL 2018-07-13 03:30:59 v v
HCD0024418_V1_B ALL COMPLETE v 2018-08-17 09:12:52 v v
HCDO0031617_V1_A ALL COMPLETE v 2018-01-26 17:13:38 v v




The Feature Stack: Quality Data

o00 %' https://xnat-demo.radiologics. X <+
&« > C O & xnat-demo.radiologics.com/data/projects/FMRIF/resources/16339/files/group_bold.html
-
MRIQC: group bold report
+ Date and time: 2020-08-06, 22:43.
+ MRIQC version: 0.15.2.
0.64) (5 2400 o 5.50 £ 0.03 5/ 135, ¢
L . L X [72] P4 [
0.64| 1 a 2200 E h, 5 E 002/ @ 450 %) . 1.30 <>:
2000 . % 125/ 0
0.63 § 4.50 0.01
; 1800 2 4 1.20 3
0.63 % 1600 4 ‘ 0.01 @ 1.15
¥ 3.50
0.62 1400 3.50 0.01 1.10
'Y} 1200 3 1.05
0.61 3 0 .
- 1000 1 3
" g w 2.50 <
0.61 800 250 0.01 095 -
- - .
N & s @ X .
0.60 ' 600 : 2 ' ! | -0.01 ' 2 . 0.90 1 1
& & \\@7 Q&j ,\\&} sF s? st oF &£
& & & S S & &
12 0.06 4 0.30 210
(7] = m m m i i
1< 005 £ £ £ 3.50( - o 205 %
0.04 a o * 025/ 200(F
o [a} 3 S ®
10 0.04( - £ E 3| > 195
= = = 0.20 o
9 0.04 ® ? 250/ S 190 A
< S >
0.03 [a) 185 .
8 T e 20 0.15 .
0.03 180 £
7 i 1.50 ° o
0.02 H 010 175
6 g 0.01 *e 1 - e 170 s
}A 0.01 0.05 Mo 165 .
5 2 0.01 - 0.50 X 160
4 ' 0 ' ©- a= -©-, -= 0 | som 0 ' 155 v
& & & a o5 § &
\\\é% ’ \b - \b/ ‘\b ’ “\é\&
nnt. __ nnn. __ 140, 5000

MRQy (Sadri et al, 2020)




The Feature Stack: Curated Data

e Data curation tasks include harmonization, labelling,
Computed Data . . . .
: annotating, sorting, and organizing.
* Curation is traditionally manual, time consuming

and error prone.
* Al is really good at handling disparate data, so it’s

particularly suitable for automating curation tasks.

Curated Data

Quality Data

Source Data




The Feature Stack: Curated Data

PACS Data - Kibana X +

Cc O @& mirrir-dash.nrg.wustl.edu/app/kibana#/dashboard/7a96ef00-dfd9-11e9-b02f-9f846f58fa4d?_g=(filters:!() refreshinterval:(pause:!t,val.. & ¢ ® @

© M

®

=

@ & < all

I\LI

| Open the home page |
00 SRR Dot o
Full screen Share Clone Edit

Filters [ Search KQL v Jan1,2000 @ 00:00:00. - Jan1,2020 @ 12:00:00. C Refresh

@ modality.keyword: "MR" X  body_part.keyword is one of "HEAD", "BRAIN" X  + Add filter

(® Marcus, Daniel Scott 1511732

DICOM Series Descriptions

"ep2d_diffusion & ADC"
"ep2d_diffusion & ADC_ADC" "AAHead Scout"

"ep2d_diff_3scan_trace_p2_ADC"

"dADC" "TRAT2"

corTirs | 12-blade_tra_320" "TRA DIFFUSION_ADC" "AAHScout_MPR_sag"

"ep2d_diff_3scan_trace" "SWI ImageS" "SAG T1"

"AAHead_Scout_MPR_tra"
"SAG T1 SE"

"TRADIFFUSION' t{ ga trg" nt-l_se_sag" "t2_tirm_tra_dark-fluid" . arax

"T2 AX"
"ep2d_diff_3scan_trace_p2" "{2 f|2d tra_hemo" "AAHead_Scout_MPR_cor"
"AAHScout” "2 tirm_tra_dark-fl_pat2" "ep2d_diff_3scan_trace_ ADC"

"TRA DIFFUSION_TRACEW"

"se_t1_tra"

"TRAT1 SE"
"TRA TIRM"

"se_t1_sag"
"AAHScout_MPR_tra"

"t2_tse_tra"

"t2_tirm_cor_dark-fl_pat2"

Series Descriptions - Count

DICOM Series Descriptions

Series Descriptions
"mIP_Images(SW)"

"SWI_Images"

"t1_se_sag"

"t2_fl2d_tra_hemo"

"t1_se_tra"

"TRA DIFFUSION_ADC"
"t2_tirm_tra_dark-fl_pat2"
"t2_tirm_tra_dark-fluid"
"ep2d_diff_3scan_trace_p2_ADC"
"TRA DIFFUSION_TRACEW"

"SAG T1"
"ep2d_diff_3scan_trace_ADC" P O

"ep2d_diff_3scan_trace"

Count
67,135
67,053
50,716
43,570
37,099
31,353
28,995

28,657




The Feature Stack: Curated Data

Scan Type GoogleNet-based
Classifier Y scan-type classifier i
yP Meta-Classifier

Container
? H

-
Predictions MAJORITY

VOTING

Scan

Tag Description Value
(0002,0001) File Meta Information Version 00%01 R EG Ex LOOKU P

(0002,0002) Media Storage SOF Class UID l1.2.84
(0002,0003) Media Storage SOP Instance ULD 2. L b I
(0002,0010) Transfer Syntax UID 1.2.84 a e
. (0002,0012) Implementation Class UID 1.2.40] I 9
B ra I n (0002,0013) Implementation Version Wame demdch 1

(0002,0016) Scurce Application Entity Title DicomB| I
(0008,0005) Specific Character Set I50_IR| _I o

CT SCa n (0008,0008) ITmage Type ORIGINJ
(0008,0012) Instance Creation Date 201108 - -
(000B,0013) Inatance Creation Time 202302 P red I Ctl O n
(0008,0016) SOP Cla 1.2.84

(0008,0018) SOP Instance UID 1.2.84 NLP—baSed
H r D o s
Eﬂﬁﬁ a8 | scan-type classifier




The Feature Stack: Curated Data

i

PROJECT: test > SUBJECT: S001 > S001_MR_091213_0347_Preop

MR Session: S001_MR_091213_0347_Preop

Accession #: XNAT_E00001

Date Added: 05/03/2019 15:44:06 (admin)
Date: 12/12/2009

Time: 19:47:47

Operator: KEL

Scanner Name: P-FILESCDBURN,GEHCGEHC
Scanner Type:

Acquisition Site: SWEDISH 3T MR750

Scans
Bulk Actions: Download Run Container

Scan Series Class
3 Flair
4 DWI
5 TSE
6 Flair
7 ce-Gad_T1w
8 DWI
9 ce-Gad_Perfusion
10 ce-Gad_TSE
1 ce-Gad_Perfusion
12 ce-Gad_Flair

Subject: S001
Gender:
Handedness:

Age:

Type
SAG T1 FLAIR
AX EPI DTI

AX T2 FRFSE-XL
2MM

AX T2 FLAIR 3MM
AXT1FSPGR 3D
AX EPI DWI

AXEPI
PERFUSION

COR T2 FSE-XL FS
POST

AXEPI
PERFUSION #2

AX T1 FLAIR POST

Series Desc

T2 FRFSE-XL
2MM

AX T2 FLAIR 3MM

AX T1 FSPGR 3D

AX EPI DWI

AX EPI
PERFUSION

COR T2 FSE-XL FS
POST

AX EPI
PERFUSION #2

AX T1 FLAIR POST

Edit

View »
Download »
Email

Manage Files
View Images

Delete

Run Containers »

Usability Files

usable 11.8 MB in 85 files

usable 7.9 MB in 57 files

usable 18.9 MB in 136 files

usable 7.2 MB in 52 files

usable 56.2 MB in 1248
files

usable 24.2 MB in 47 files

usable 56.2 MB in 1248
files

usable 13.4 MB in 26 files

Note

Series Class
Flair
DWI

TSE

Flair
ce-Gad_T1w
DWI

ce-Gad_Perfusion
ce-Gad_TSE
ce-Gad_Perfusion

ce-Gad_Flair

Type
SAG T1 FLAIR
AX EPI DTI

AX T2 FRFSE-XL
2MM

AX T2 FLAIR 3MM
AX T1 FSPGR 3D
AX EPI DWI

AX EPI
PERFUSION

COR T2 FSE-XL FS
POST

AX EPI
PERFUSION #2

AX T1 FLAIR POST
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The Feature Stack: Curated Data

Context Block

= % ~ & ~ | = & ~ 15
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GAP (256 x 13)
]

Dense (#classes)
J

10

09

o8

06

05

10

09

08

07

06

05

04

Prediction confidence [correct_vall

* [ - I; B = . 4 -

ACSCHW HEALTHY HGG LGG MENINGIOMAMETS  PITADE
[Type]
(a)
Prediction confidence [correct_test]
S = ] ==Y >
o I v 4
-+ -
}
}
ACSCHW HEALTHY HGG LGG MENINGIOMAMETS PITADE

[Type]

(c)

10 4

09 4

0.8 4

0.7 1

06 4

05 4

10 1

0.9 4

08 1

0.7

0.6

051

Prediction confidence [wrong_val]

ACSCHW HEALTHY  HGG LGG METS  PITADE
[Type]
Prediction confidence [wrong_test]
< — - B J = +
1
e
ACSCHW HEALTHY HGG  LGG MENINGIOMAMETS  PITADE

[Type]

(d)

Chakrabarty et al, 2021



The Feature Stack: Curated Data

T1c scan GradCAM T1c scan GradCAM

HGG
LGG

METS

MENING

AN
PA




The Feature Stack: Computed Data

Phenotypes

e * Features extracted using computational methods

Computed Data

including (but not limited to) Al.
e Computed features can be highly sensitive to
underlying data distribution, so the preceding layers

of the feature stack are critical.
 Computed features are analysis ready — leaving

image space and into numeric space.
Source Data

Quality Data



The Feature Stack: Computed Data

Intensity-Based
Features

Histogram-Based
Features

Volumetric &
Morphologic
Features

Textural Higher Order
Features Features
CE-CT F.FDG PET

%

Haar wavelet
transform
energy (HH) &8




The Feature Stack: Phenotypes

Phenotypes

Computed Data

Curated Data

Quality Data

Computed phenotypes align to known attributes of
disease.

Phenotypes may be alternatively obtainable through
more invasive methods (e.g. biopsy).

Useful phenotypes are predictive of outcomes.

You might also call them biomarkers.



The Feature Stack: Phenotypes

Sagittal Sagittal
Sagittal slices | workflow [~ prediction
" | Hand-crafted features ||
Coronal - Coronal
— h | 5}
Coronal slices workflow REdcioy
L_p | Hand-crafted features |_
Input MR
volume > —_
| | Axial
] workflow
Axial slices

classification result
across three planes

Ensemble

| Hand-crafted features |

—>

Final
Predicted
class

(B1)

Expert-

umor mask

Input axial
volume

(B2)

Input axial
volume

_—
segmented
multi-class

Tralnlng stage

u

Tumor core mask

Exclude

edema Determine slice (n)

with biggest
tumor-core area

Tumor mask containing edema,
necrotic/non-enhancing core and
enhancing core labels

Determine slice (n) with
biggest tumor core
(excluding edema)

| Hand-crafted features I

Choose 3 independent
samples per subject

Sample #1,
(n-2slice)

Sample #2
(n* slice)

Sample #3
(n+2 slice!

Hybrid CNN
training

| (i.e., age, anatomical location of tumor) |

Testing stage

Classification/detection
Hybrid CNN I I I
prediction

Hand-crafted features

(i.e., age, anatomical location of tumor)

Segmentation

Feed volume slice-by-slice

I

Majority-voting of
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detected tumor

classification result
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(B)
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Auto tumor segmentation & radiomics’

Phenotypes

Computed Data

Curated Data

Automated image quality metrics

Quality Data

GT = IDH-wt, Pred = IDH-mut

9 Glioblastoma multiforme, Grade: 4, Age: 52y, Survival: 32.4mo

IDH [test]

97.6% EVEYA
S 41/42 1/42

15.0% SR
3120 17/20

True label

Mutant

WT Mutant
Predicted label

METS MENING

HEALTHY

Conv 1 (16 x 1267

Contaxt_2 (32 x 647
5
¥
Cow 3 (68 x 52
0] [ Conten_s 54w g2
[ Comd (128 167
[ Context & (126 x 187
i ¥
)
=

[Canwolution biock

Automated tumor type classification®

A full proof of concept

Our glioma pipelines are a complete proof of concept* of a quantitative

VAAAAANAAANAS

Feature Stack from data ingestion through deep phenotyping

" Chakrabarty et al, Medical Imaging, 2021; ? Chakrabarty et al, Neuro-Oncology Advances, 2023; ®Chakrabarty et al, Radiology Al, 2021; *Chakrabarty et al,

1,933,390 20,093,655 115,562,617

JCO Clinical Cancer Informatics, 2023
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Raw MRI
DICOM data

Two-stage 2
scan-type — Registration —
classifiers

l Stage |: Curation and Pre -processing

N4 bias
correction +

Skull-stripping
|

|

N\ [ ™
=

o

4 | Stage Il: Segmentation )
Pre-trained Predicted tumor
?CNN segmenter mask —
S

—>

k4

/ Stage Il : Expert refinement ?nd segm anéat\ion evaluation \
6

Evaluate
segmentation
performance

xpert refinement Refined tumor |—
of tumor mask mask

—|_g7:> Calculate

radiomic features

L/
-

Y

Stage IV: Post-processing and visualization

mask from atlas | —| mask from nifti 2 | —»
= patient space dicom-seg

Convert tumor 9 Convert tumor 10_/ dicom-seg >

ROl-assessor for

visualization

..@ | L@

(A)

Scans after

Scans after

Automatic segmentation

(step @

@ Enhancing core Né@rotic/non

Expert-refined segmentation

(step @)

-enhancing core E_ema

(B)
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Preprocessing stage Segmentation stage

Docker-2 Docker-3 Docker-4
Scans_to_SRI24 SRI24 to_skullstrip Segmenten

——————————— M e e e e - L r r 1 r 1
[ [ ! 1 I I [ 1
| 11 . 1 1 1 1 ~ . .
Raw MRI I Scan-type | |, | | Registerscans : I o I : CNN I : - Convertl " : Convert niftito | ! :‘ UplogdglCOM 4'_, View segmentation
; meta — to SRI24 ——+» Skull-stripping —+— +——» segmentation |—r—» DICOM-SEG > EG as on OHIF viewer
Dicom data ifi | i ! | | Segmenter | | to patient-space | | I ro ASSESSOR ! inside XNAT
| classifier : | anatomical atlas | 1 : | I ! p p P! Pl | inside
| | 1 1 1
- o e - - R ! L________I [ T ,I e e e ,I
Set up orchestration x Set up orchestration x
Name | Preprocessing_orchestrator Name = Segmentation_orchestrator

Enter a name for the orchestration, this will display when a batch-launch initiates the

. Enter a name for the orchestration, this will display when a batch-launch initiates the
orchestration.

orchestration.

Command | scan-type meta-classifier v %
yP ‘ Command segmenter v‘ %X

This command will determine the context (project, subject, session, etc) for the subsequent
commands. Changing it may disable orchestration if previously-selected commands are no
longer in context.

This command will determine the context (project, subject, session, etc) for the subsequent
commands. Changing it may disable orchestration if previously-selected commands are no
longer in context.

Command | scans_to_SRI24 v X
- = ‘ Command ‘ segmentation_to_patientspace \/‘ X
Command | SRI24_to_skullstrip v X
‘ Command ‘ patientspace_to_dcmseg \/‘ 3
Add command
Command ‘ dcmseg_to_roiassessor V‘ 3

Add command
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{f Browse ~ New ~ Upload ~ Administer ~ Tools ~ Help ~

PROJECT: HGG seg > SUBJECT: TCGA-06-0175 > TCGA-06-0175
MR Session: TCGA-06-0175
Edit
Accession#:  XNAT_E00010 Subject: TCGA-06-0175 View ,
Date Added: 2021-09-10 04:20:58 (admin) Gender:
Date: 2001-11-20 Handedness: Download '
Scanner Name: MRO1MROW Age: - Email
Scanner Type: Manage Files
View Images
Delete
Run Containers *  Preprocessing_orchestrator
Segmentation_orchestrator
Scans
Bulk Actions: Download
O Scan Type Series Desc Usability Files Note
1 3 PLANE LOC 3 PLAME LOC usable 1.1 MB in 9 files
d 2 SAGT1 SAG T1 usable 2.3 MB in 18 files
3 SAGT1 SAGT1 usable 2.3 MB in 18 files
4 AXIAL FSE AXIAL FSE usable 15.7 MB in 124 files
5 AXIAL FLAIR AXIAL FLAIR usable 7.9 MB in 62 files
6 AXIAL DIFFUSION AXIAL DIFFUSION usable 15.0 MB in 118 files




Conclusions

Phenotypes

Computed Data

 Many relevant Al methods... transformers,
classifiers, segmentation, clustering, etc.

* Attending to all levels of the feature stack supports
reliable, trustworthy Al.

e Scalable informatics tools like XNAT enable
development, validation, and deployment of Al-

powered data pipelines.
Source Data

Curated Data

Quality Data




Thank you
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