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Kids Aren’t Small Adults: Lessons Learned
Building Al Tools for Pediatric Brain Tumors

Pallavi Tiwari, Ph.D.
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Healthcare & Al: The Next Frontier

2 in 3 physicians are using health Al—up 78% from 2023

eb 26, 202

Physicians’ use of health care augmented intelligence (Al) for certain tasks nearly doubled in just o

Four key takeaways

The survey provides these four key insights into where physicians stand on Al

There has been substantial growth in physicians using Al in practice. In addition to 66% of physicians

reporting they used Al in 2024, there was a dramatic drop in the number of physicians who reported being nonusers.

enthusiasm for the technology is growing even if some doubts still linger, says a recently released AN [n 2024, just 33% of physicians reported that they didn't use Al in any of the ways the study inquired about. A year

Nearly two-thirds of physicians, 66%, surveyed reported using health care Al—often called artificial

earlier, 62% of physicians said they didn't use Al

2024. Among other things, physicians are finding uses for Al for documentation of billing codes, me Physicians have a more positive sentiment and increased enthusiasm toward Al, with growing recognition

visit notes; creation of discharge instructions, care plans or progress notes; translation services, assijof the benefits the technology can offer. Among physicians surveyed most said that they recognized Al's benefits,

and more. The 66% usage rate marks a 78% jump from the 38% of physicians who said they used it ifwith 68% reporting that AT had definite at least some advantage in patient care. That’s five percentage points higher

than it was in 2023.

Physicians believe that one of the key areas of opportunity with Al is using it to address administrative
burdens. More than half of physicians—57%—said reducing administrative burdens through automation was the
biggest area of opportunity for Al. Physicians in the near term are focused on adopting Al that helps with
documentation.

Physicians still expressed that key needs must be met for them to build trust and advance their Al
adoption. A feedback loop, data privacy assurances, seamless workflow integration and adequate training and

education are the critical things that physicians said they need to adopt Al Nearly half of physicians surveyed—47%—

ranked increased oversight as the number one regulatory action that needed to happen to increase their trust in

ama-assn.org/practice-management/digital-health/2-3-physicians-are-using-health-ai-78-2023
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Healthcare & Al: The Next Frontier

B o A Pienass sriegos Fewer than half in U.S. expect artificial intelligence in

— [N Sep 21, 2023, 08:15am EDT outcomes for patients

health and medicine to improve patient outcomes

2 Tech Accelerator
Artificial intelligence A guide to artificial intelligence in the enterprise

<« PREV

TIP

treatments ...

= Subscribe To Newsletters &

ect in the

FORBES > INNOVATION laviors will change a
fd with certainty. | Thay would feel __ if their

A New Lifeline: How AI Can Change | isus o nealth care provider reied  comfartable Uncomfortable
on it for their medical care
Healthcare For The Better . |
o answer 1
Ethan Davidoff Forbes Councils Member V S -----------------------------------------------------------------------------------------------------
Forbes Technology Council COUNCIL POST | Membership (Fee-Based)
~—vould lead to __ health Better Worse

27

No answer 2

Ethan Davidoff, Founder and CEO, Atlas Health. It would not make

much difference

Source: Survey conducted Dec. 12-18, 2022

W hat does it mean to b ridge th is gap? “60% of Americans Would Be Uncomfortable With Provider Relying on Al in Their Own

Health Care”

PEW RESEARCH CENTER
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The Gap Between Where We Are Today...
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Consultation MR Imaging Biopsy / Surgery MR Imaging  Radiation Therapy Treatment Planning Monitoring / Follow-up MR Imaging

.vs how we Iideally want to treat patients
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Goal: “Design” Al to Bridge the Gaps in Precision Medicine

= Precision Medicine: Using prognostic and predictive tools for =3
tailoring therapy for a patient based off specific risk profile ,\WM @T@?
§ N
= Prognostic: Predicting disease outcome, progression = £
w X [0‘
= Predictive: Predicting response to treatment = N

= Computational Imaging: Extraction of quantifiable features
via

= Radiomics — using radiographic imaging (MRI, CT, PET, etc.)

= Pathomics — digital pathology (high-res scans of stained
tissue)
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Leveraging Al to Identify Disease Biomarkers

Radiomic-
pathomic
Pathomics correlations

Radiomics

m NATIONAL CANCER INSTITUTE

Radiomics Analysis

H
=Y
. .

l .

R

12 304 34 Order Satoics

Features correlations ¥

Features fusion
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Better prognostication

Omics Correlation/Fusion

Features correlations

Features fusion

Genomics

cancer.gov/CCDI
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Radiomic-genomic
correlations

Lu—-ChinJ Cancer Res. 2021
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Research Empowered by Collaborations (20+ Institutes)

10+ Disease Indications

Chi\drﬁm‘sm
Hospital
LOS 'ANGELES

Children's Hospital
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tt JGlioblastoma Pediatric Brain Tumors @’ Children's

()

E’ﬂ University
NYU t Hospitals
[ Miami Cancer Institute

HENRY U(\SF

FORD

Metastatic Brain Tumors

Low-grade Gliomas

- Breast Cancer Pancreatic Cancer
) . .
Integrated Diagnostics &
Analytics (IDiA) Alzheimer's &
biobank Stroke Laboratory Related Dementia S
0 biobank
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0
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Research Entry into Pediatric Brain Tumors
2019 — 2021

#7= Children’s Brain  Children’s
"\@/\9 Tumor Network  Hospital
om® Until every child is cured _LOS ANGELES..
We Treat Kids Better

2021

U01CA248226 — CCDI Supplement

"

CHILDHOOD CANCER

DATA INITIATIVE

nnnnnnnnn y-driven

2025

NCI ITCR 1U01CA294415-01A1

Dr. Petér DeBlank, §%
Neuro-oncologist © |D|A Lab
il [ i e il

Informatics Technology
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Key Challenges with Al Models for Childhood Tumors

Rarity of Data: Pediatric cancers constitute <1% of all cancer diagnoses.

Children Are Not “Small Adults.” Their anatomy & physiology evolve; lack
of tools to capture age, location, tumor phenotypic differences

Standardization Issue: Heterogeneous protocols (MRI/CT, slice thickness,
resolution) across institutions make it difficult to create reliable models.

Model Generalizability: Al models fail to perform well across different
populations or institutions, limiting their utility in diverse clinical settings.

Limited Commercial Interest: Small market size for pediatric Al tools
reduces investment in development of specialized solutions.
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Pediatric Medulloblastoma

Most frequent malignant brain tumor in children.

) ] . Dr. Peter DeBlank
Heterogeneous disease and disseminates along the Neuro-oncologist

neuroaxis. The 5-year survival rate is 60-80%.

Subgroup WNT SHH Group 3 Group 4
. . . Subtype WNTa WNTB SHHa | SHHB | SHHy SHHS |[Group 3a Group 3B Group 3y || Group 4a Group 4B Group 4y
Treatment consists of surgery, radiation, and : L p— =
u B = y
chemotherapy, and the protocol depends on the b ai>y g . A 3 4
patient’s staging (risk level). PP — e -
relationship =l Eb ~ " o G
Risk assessment: Clinicopathological criteria Y O ¥ BT SO B PV SN T Y N S Y )
along with genomics (molecular subgroups into 4 3 | Heolooy s S o O
. g Metastases 8.6% 21.4% 20% 33% 8.9% 9.4% 43.4% 20% 39.4% 40% 40.7% 38.7%
prlmary SUbgroups WNT’ SHH’ Group 3’ Group 4) e ggfy‘;;‘r’sa' 97% 100% 69.8% 67.3% 88% 88.5% 66.2% 55.8% 41.9% 66.8% 75.4% 82.5%
3 | eroas : fomie
% Focal ":;‘:C:’:“': PTEN loss !“i‘i: g::’:l‘";‘!"_ MYCamp 'Z:xi:::: SNCAIP dup | COKE amp
Other events TPsy [ ATE}’:,;‘;;TQLZW | st if;c,'.n

.
Age (years): & 03 'i‘ >3-10 #»,10-!7 ” 17

Cavalli — Cancer Cell 2017
Szalontay — Current Oncology Reports 2020

m NATIONAL CANCER INSTITUTE cancer.gov/CCDI #data4childhoodcancer 44



Challenges in Pediatric Medulloblastoma Management

= Molecular tests could take weeks
= Children are overtreated (long-term sequelae)/undertreated (poor prognosis)

= Untapped opportunity to develop specialized risk-assessment Al tools that
characterize MB heterogeneity and are non-disruptive the current clinical workflow

Deep [Radiomics _Biophysical Deformation

’ Learnin g (macroscale)

Pathomics (microscale)

Ismail — Frontiers in Oncology 2022
Ismail — SNO 2025
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Need for Tools in Pediatric Brain Tumors

Medulloblastoma
in childhood

= Biologically different from adult
brain tumors

= More likely to develop tumors in
the lower parts of the brain p
(brainstem, cerebellum) Poor quality images ]

' : T Habitat and artifacts
= Aggressive treatment results in Sumor ?t'l a N
detrimental side effects in a sgeiEtien | <

child’s developing brain Segmentation is
] L laborious & error-prone )

TTTTT

= Decisions around therapy [
escalation and de-escalation are (" Lack of specialized )

extremely important tools to capture age,
Model location, phenotypic
Development @ differences y
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Pediatric Brain Tumor Image Informatics (PBTi?) Toolkit
Funded by NCI ITCR 1U01CA294415-01A1

Dr. Satish Viswanath
Children'’s Brain c Emo
‘Q; Tumor Network (9 PPBI - ( )

o ®  Until every child is cured

Children’s
+ Cincinnati Hospital
u Children’s: _L0s ANGELEs®

We Treat Kids Better
SegPed: Human-in-the-loop
segmentathn tf)ol for deeply annotated CHILDREN'S
pediatric MRI data sets ONCOLOGY

GROUP

58 M Children’s

I Healthcare of Atlanta
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Key Challenges with Al Models for Childhood Tumors

Rarity of Data: Pediatric cancers constitute <1% of all cancer diagnoses.

Children are not "small adults”. Their anatomy & physiology evolve; lack of
tools to capture age, location, tumor phenotypic differences

Standardization issue: Heterogeneous protocols (MRI/CT, slice thickness,
resolution) across institutions make it difficult to create reliable models.

Model Generalizability: Al models fail to perform well across different
populations or institutions, limiting their utility in diverse clinical settings.

Limited Commercial Interest: Small market size for pediatric Al tools
reduces investment in development of specialized solutions.
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RadQy: Quality Control of Radiology Images

= Check the quality of large data Dr. Satish Viswarath
cohorts, visualize trends in . - (Emory)
quality measurements e |

= Evaluated 3 TCIA cohorts,
identified artifacts & batch
eﬁeCtS between scanners & Backend batch processing View trends, label outliers
sites

RadQy L] =

= Ran on CPTAC-GBM, TCGA- = s =
CESC, KIRP, pediatric brain | iz
tumors

Create representative splits Interactive LLM report
doi.org/10.7937/K9/TCIA.2020.JHZ2-T694
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Augmenting RadQy with DL to Identify MRI Artifacts

DL + QM Features

Ringing

Clustering accuracy = 0.77

Ghosting

Clustering accuracy = 0.84

m NATIONAL CANCER INSTITUTE

Banding

Clustering accuracy = 0.82

Motion

Clustering accuracy = 0.78

Sadri, Viswanath, et al, RSNA 2023

cancer.gov/CCDI
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Automated MB Tumor Segmentation  Bareja-Radiology: Al 2024

Stage 1: Deep m

learning
segmentation on
P\ Ak
,‘ \ A
! //J v

Enhancing
tumor

adult brain tumors

[ | 3D Conv + ReLu
[ | 3D Conv + Softmax
[ | 3D Average Pooling

F LAl R B | 2D Transposed Conv +
Rel

Lu

Multimodal preprocessed MRI™ | comsctions

Non-Enhancing
tumor + cystic
core

Stage 2: Pediatric tumor segmentation

Enhancing
tumor
FLAIR (pediatric)
Raw MRI MRI Preprocessing
m NATIONAL CANCER INSTITUTE cancer.gov/CCDI
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Automated Segmentation of Medulloblastoma Regions

Ground truth label Predicted label
Ground truth label Predicted label

#/>=. Children’s Brain
"\@/ Tumor Network

em®  Until every child is cured

Children’s
Hospltal
LOS ANGELES:

V_Ve Treat Kids Better

Enhancing tumor
Enhancing tumor

Edema
Edema

Necrosis + non-
enhancing tumor

Necrosis + non-
enhancing tumor

Good predictions: (a) Gd-T1w, (b) FLAIR, (c) T1w Poor predictions: (a) T1w, (b) FLAIR, (c) T1w MRI

MRI of a patient with dice scores of 0.78., 0.76 and of a patient with dice scores of 0.55, 0.55 and 0.52

0.55 on enhancing tumor, peri-tumoral region, and on enhancing tumor, peri-tumoral region, and non-
non-enhancing tumor + cystic core. enhancing tumor + cystic core compartments.

Bareja, Tiwari et al.- Radiology: Al 2024
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Need for Tools in Pediatric Brain Tumors

= Biologically different from adult brain

tumors

= Tumors develop in lower parts of
the brain (brainstem, cerebellum)

= Aggressive treatment results in

detrimental side effects in a child’s

developing brain

m) NATIONAL CANCER INSTITUTE

Tumor Habitat
Segmentation

)

\—/

Model

Development

cancer.gov/CCDI

Medulloblastoma
in childhood

1T

-
Poor quality images
and artifacts

4 N\
Segmentation is

laborious & error-prone
. J

( Lack of specialized )
tools to capture age,
location, phenotypic

\_ differences J
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High Deformation ~ Mass effect = Displacement of surrounding tissue due
to tumor burden

Structural deformations quantifying distortion

Low Deformation Ismail-Frontiers in Oncology, 2022
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Age-Specific Brain Atlases

Richards and Xie et al.
Advances in Child
Development and

Behavior, 2015

[ NaTiONAL cANCEF
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55-59Years

9—0 Months

16—0 Ycars
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85-89 Years
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U01CA248226 — CCDI Supplement

Age-Specific Features to Predict Outcomes

CHILDHOOD CANCER

mmmmmmmmmmmmmmmm
rrrrrrrrrrrrrrrrrrr

Age-specific registration guaranteed accounting for the anatomical changes
throughout the different developing phases of life (2 to 21 years of age).
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Age-Specific Deformation for MB Survival Prediction

Poor prognosis Good prognosis

i/ — -3
Dr. Marwa Ismail
Radiomic Features ™= Low Risk High Risk

N =119, 3 institutions

1.00
0.75
0.50
0.25
p =0.026
0.00
0 1000 2000 3000 4000 5000

Stata =+ group=Standard =+ group=tich

= 88, 2 institutions

1.00

075

050

p=000029

(c) (d)

0 5 10 15 20

cancer.gov/CCDI Time nyears

m NATIONAL CANCER INSTITUTE
Ismail-Neuro-oncology advances 2025  Ismail- Frontiers in Oncology, 2022



Molecular Stratification in Medulloblastoma Tumors

Subgroup SHH Group 3
Subtype WNTa WNTB SHHa | SHHB | SHHy SHH& ||Group 3a Group 3B  Group 3y
-, 4 Y
ubtype ‘ ' s, — v
proportion I\ al Ty "».\" /s / \ 3o ”’ ‘
N o X \

ol
Subtype — a @ —Bm 8 -
relationship o S [L—v= | [ S , L= E v

(A8

| Aoe P ¥ [RIIY SO (/P Y S SIS Y Y

©

O | Histology o..:'.f:* Desmopiastic o:méeu’;wc e

©

o ‘ | i

£ | Metastases 8.6% 21.4% 20% 33% 8.9% 9.4% 43.4% 20% 39.4% 40% 40.7% | 398.7%

O ' | |
ggzwma' 97% 100% 69.8% 67.3% 88% 88.5% 66.2% 55.8% 41.9% 66.8% 75.4% 82.5%

] 9q, 10q, Baanced 7°.8,10°, : 7q% 88", 7q.8p .

‘§ Broad 8 170 ganome 117, 117q 8.117q i17q 7q 117q (less)

3 ‘

> MYCN amp, 10022, OTX2 gain, MYCN amp, |

o | Focal GLizamp, | PTENlcss oo D03 loss | MYCATP COKg ame SNCAIP dup ~ COKE amp

8 YAPT amp

Other events Mm 75,7,:,:;‘,‘,’,"‘:“"' "f;:, ,‘f,;’f,f,a

Age (years): & 03 'i‘ >3-10 f >10-17 " >17
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Identrfylng Molecular Sub-Types in Medulloblastoma

High

Group 3 G Group 4

Group 3 vs. SHH, Group 4
(p-value =0.004)

Aanyandasieze

4xrah Aan g i
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COLLAGE Entropy of Localized Gradlent Orientations

Entropy of the resultant gradient field is indicative of
m) NATIONAL CANCER INST the degree Of disorder in the pathOIOQy data4childhoodcancer 3¢




Age-Specmc COLLAGE for Survival Predication in MB

Radiomic Features =+ Low Risk High Risk
x 1.001
<
) )
T 0.75-
—

0.50+
X 0.251
@ p =0.0023
2
'

0.00+

0 1000 2000 3000 4000
=
B nationaL CANCER INSTITUTE " Y cancer.gov/CCDI #data4childhoodcancer 31
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Outcome Prediction Within Individual MB Subgroups

Outcomes within MB molecular sub-types are known to be heterogeneous.

Subtype

(b) Preprocessing

(@) MRI Scan

WAUS

Expression

&

sduoe

Methylation

Medulloblastoma
(C) 763 primary samples

Subgroup

9%

29%

19% | Group 3

L8 Group 4

2 - N G et (] | NS R SRR g S

Key clinical/cytogenic finding

Monosomy 6,
young age

3 ] Adults

34% SHH&

47% | Group 3a

26%

28% | Group 3y

30%

33% | Group4f

VLM Group 4y

TP53 mutation,

MYCN/GLI2 amplification

Infants, metastatic
poor outcome

Infants, MBEN,
good outcome

TERT promoter mutation,

adults

Metastatic infants,
better outcome

Less metastatic,
GFl activation

MYCamplification,
poor outcome

MYCN amplification

SNCAIP duplication

CDK6 amplification

Dr. Marwa Ismail

tic regression

a<l1

(f.1) G4 risk-stratification

Radomic Features 55 LowRisk = Hoh Risk

000

0 1000 2000 3000 4000

(f.2) SHH risk-stratification

Radomic Featues 5 LowRisk = Hgh Risk

1001

075

*m.

0251
p=0031

0001
[ 1000 2000 3000
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Intra-Subgroup Heterogeneity in Group 4 Subgroup

(a) Shape Features =+ Low Risk High Risk
1.001
0.751

0.501

0251 ©=0.0035

0.001 ,
0 1000 2000 3000
Entropy Time
(C) Texture Features == Low Risk High Risk
1.001 + + l_
0.751
0.501

0251 p=0.0017
Curvedness e 0.001

Curvedness

(a) High-risk cases from Group 4 subgroup (b) Low-risk cases from Group 4 subgroup 0 1000 2000 3000

Ismail — Cancers 2024
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Intra-Subgroup Heterogeneity in SHH Subgroup

(a) Shape Features =+ Low Risk High Risk

1.009 + L

0.50+
0251 p=0.047

0.00
0 1000 2000 3000 4000 5000
Time
Texture Features == Low Risk High Risk
Entropy Etiepy
is 1.001
0.25
0.751
0.2
0.15 0.501 a
0.1
0.25+
0.05 p=0.031
Sharpness 0 0.004
Sharpness
0 1000 2000 3000
(a) High-risk cases from SHH subgroup (b) Low-risk cases from SHH subgroup (c)

Ismail — Cancers 2024
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Pathomics for Survival Prediction

Nuclei

Whole Slide
Image (WSI)

m il
i

Segmentation

Morphological: Nuclei contour
characteristics

Haralick: Variations in chromatin staining
Graph-based: Changes in lengths &
distances between nearest vertices

#data4childhoodcancer
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Pathomics for Survival Predig:tipn in Medullob

(a)

Patch 1

Patch 1

Patch 3

Patch 2

lastoma

Dr. Marwa Ismail

MB Survival Prediction
Histopathology Features == Low Risk -~ High Risk

1.00 1 =
2
S 0751
©
o
o
o 050
©
=
£ 0.251
c?) ’ p < 0.0001

0.00

0 1000 2000 3000 4000

w .
o Time
2
o Number at risk
L
&> Low Risk 30 28 20 14 1
]
© High Risk4{ 30 16 7 4 0
=
3 0 1000 2000 3000 4000
% Time

Ismail-SNO 2025
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Key Challenges Opportunities for Childhood Tumors

Rarity of data

Children are not
"small adults”

Standardization issue

Model generalizability

Limited commercial
interest

m) NATIONAL CANCER INSTITUTE

NCI ITCR 1U01CA294415-01A1
Consorted efforts on data collection

Building intentional Al for children

“Quality in, Quality out"

Multi-institutional, Clinical-trial validation

-
January 16, 2026 A R P A
ARPA-H Launches $50M Initiative to Improve Data
® Exchange For Pediatric Hospitals
cancer.gov/CCDI #data4childhoodcancer 37



Clinical Opportunities in Pediatric Brain Tumors

Automated detection

and tumor Segmentation
Identify Molecular Quantitative
subtypes of tumors Measurements

Diagnostic Assistance
(Tumor Vs Necrosis)

Automated
Quality Checks

Khalighi et al. NPJ
Precision Medicine (2024)

Integrated
Diagnosis

Lt

i Neuro-oncologist/
radiation oncologist

= \
M / Precise Prognosis and
D Patient Stratification
= Personalized
Treatment
Planning

Neuroradiologist

¢

. -

Tumor
Classification
and Grading

Automated
Measurement
Intra-operative Diagnosis of Features
Surgical Margin assessment TumC_Jr
Detection

Cellular and Tissue
Structure Analysis

&

Fresh/ FFPE =
Sample H&E staining
E-.
® -
Neuropathologist
S Do
Al < -
X

Molecular

Patholog§§

T

Brain Tumor Patient

oes

Al assisted rules in Neuro-Oncology

Treatment
IDH mutation | Response Prediction

Histo-Molecular
classification

Biomarker
Identification
Pathway
Identification

Variant
Identification

Diagnosis
assistant

m NATIONAL CANCER INSTITUTE

cancer.gov/CCDI
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Ongoing Efforts on Improving Efficiency of
Segmentation Models

257 Training Patients from _
“BRATS-PEDS” Text Prompt:

“brain tumor
ai'”
o s
|\

Dr. Satish Viswanath
(Emory)

segmentation”

I
BiomedParse

1.0

I BiomedParse BiomedParse
I MedSAM

0.8 1

8
8

Manual
Segmentation

0.6

Dice

0.4 A

0.2 4

Opportunity to integrate vision-language models with
specialized segmentation models.

T2F T2W
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Primary brain tumor cohort

Graph Radiomics Learning (GrRailL)

Objective distinguishing radiation effects from tumor recurrence on GD-T1w MRI

True Progression

Pseudo Progression

Glioma Studies

MedGemma 1.5 -
(FM)
BrainSegFounder -
(FM)
DenseNet-121 F
ResNet 50 -

05 06 07 08 0.9

Adapting to account for age variability in MB tumors due to brain [ RESEErY

development. Validation underway on ACNS 0031, 0032.

' Precision Oncology (under rev;te?/v)



Current Efforts on Histopathomics NOT PUBLISHED

A. Registered H&E and IHC WSIs B. Nuclei Segmentation and Classification C. Glioblastoma H&E Immune Cell Training Dataset

H&E-based Nuclei Segmentation Segmentation Pairing and Update of H&E Nuclei Labels
X, e N \Z‘ { O H&E-based nuclei == @ Paired H&E/DAPInuclei B H&E-based nuclei
b X ® ® DAPI-based nuclei & Unpaired nuclei I N HClabel
Ak O®® HC label
. n N4

S

Segmentation Pair Quality

Dice Score 2x @

Average: 0.64 + .

DistanceNuclei

Centroids @
|
I

Average: 2.8 pixels

Proportion H&E
Nuclei Intersected
Average: 86%

*22 samples from unique cases Immune Cell Subtype Marker
T-cell-CD4+ CD4+CD11b-
Capturing tumor immune micro-environment in MB M:l?:;ia oD SO HLADR
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No One Can Whistle a Symphony.
It Takes An Orchestra to Play It.




Q&A
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Learn more and register at events.cancer.gov/ccdi/webinar
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How You Can Engage with CCDI

Learn about CCDI and subscribe to our monthly newsletter:
cancer.gov/CCDI

Access CCDI data and resources:
ccdi.cancer.gov

Questions? Email us at:
NCIChildhoodCancerDatalnitiative@mail.nih.gov
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Thank you for attending!
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