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ARTIFICIAL INTELLIGENCE IN PEDIATRIC MEDICINE
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ARTIFICIAL INTELLIGENCE IN PEDIATRIC MEDICINE

Artificial Intelligence in Pediatric Medicine: Outline

Definitions Medically Useful Personalizing Implementational
ML Algorithms Pediatrics Challenges

® Pursuit of Clinical o Al ® Pediatric Imaging ® Generative Al ® Practical
Excellence ® Machine Learning ® Prediction and ® Predictive ® Ffthical
® Deep Learning Clinical Decision Treatment e legal
® Algorithms Support Allocation
® Big Data -
Complex or

Continuous Input
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Support Vector Machine: Outcome Prediction

OBJECTIVE 9

Find a classifier that distinguishes blue triangles from green N
stars using features x1 and x2

UNDERSTAND =
The solution is a line (2D), plane (3D), or hyperplane (nD) ~

LEARNING ALGORITHM

Initialization — Loss (Cost)
Minimization and Marginalization
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Gradient Boosting and Random Forest

Error
P

Iterations
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Dealing with Images Using Al: Components of Neural

Networks

CAT

R

DOG

TG

Output
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Al In Image Interpretation Retinopathy of Prematurity

Normal Mild
Semi-urgent Urgent
CIa;sificatior;i R ResNet Output | Stage _
: : : Plus Disease
- - - I-V
Idez:wtificatio:ér . ) Output |
f — Faster-RCNN f > Location
Label images Training models Final diagnose report

Tong Y, et al. Eye Vis (Lond). 2020 Aug 1;7:40.
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Al in Image Interpretation Dysmorphology

a INPUT IMAGE EXTRACT PHENOTYPE OUTPUT SYNDROMES

MR XL Bain Type
Angelman
Prader-Willi
» Ch 1p36 del
Down
Holoprosencephaly
Potocki-Lupski
Phelan—-McDermid
Fetal alcohol
Rett
Fragile X MR
Williams—Beuren
Trisomy 18
. Tetrasomy 18
> DiGeorge
pre— Greig CPS
—— Rubinstein—Taybi
——— Velocardiofacial
— Skraban—Deardorff
m-‘-u

J

AL

2

AAAAAAAAAA

Lubs XL MR

I 1 I
SIMILARITY SCORE

’
.

Gurovich Y, et al: Nat Med. 2019 Jan;25(1):60-64.
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Classic Clinical Decision Support

e Quality care, safety, efficiency, cost-effectiveness, better
Intended to promote outcomes

e Clinical trials
e Systematic reviews
e Expert consensus

Identifies best practice

Usually embedded in the EMR
Standard order sets and templates
Alarms, alerts, and reminders

System to encourage
implementation
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Classic Clinical Decision Support

Sparse or inappropriate e May not even be based on pediatric data
evidence base

e Too infrequent
Insufficient updating * Non-transparent

Does not promote e Fails to account for individual disease variability
personalized medicine

Information overload
“Alert fatigue”

Disruptive to care
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|
- Clinical Decision Support:
Educating Providers on Best Practices Alerting Them to Danger
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Al In Prediction of Critical lliness Sepsis

Sensitivity
0.6 0.8 1.0

0.4

0.2

0.0

— GLM
- =+ Random forest
----- SVM

Neural network

| | | |

0.2 0.4 0.6 0.8 1.0
1 - Specificity

Urinalysis o
Procalcitonin o
ANC o
WBC | o
T T T T T T T T
40 50 60 70 80 90 100 110

Mean Decrease Accuracy

Ramgopal S, et al. Pediatrics. 2020 Sep;146(3)
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ARTIFICIAL INTELLIGENCE IN PEDIATRIC MEDICINE 1.3 Million EHRs Knowledge-based text

Library of : - Library of
. - - - symptoms, signs, | bl; brtary ?; ta P Al'c'?smy o o ' guidelines and
I n e I a r I ‘ : ~and history groraioty o8 opo consensus |

Disease
ldentification
From EMR to

Diagnosis

v

List of diseases and key characteristics
of the patients corresponding to each
disease

Fully structured
database

;

Liang H, et al Nat Med. 2019 Mar;25(3):433-438.
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Al - Continuous Input Multiple Organ Dysfunction

A 1.00- l B 1.00-
| Hra
0.75 0.751
o o
3 EWT = 36.95 hours 3
? 0.50+ ?® 0.50+
- -
82} §2)
o o
Threshold
0.2 T o T 0.25 it aat i i et e e i e .
Threshold J» -
O'OO ) ) ] ) ) ] ] ) ] ) O'OO- I ] ) L ] ]
45 40 35 30 25 20 15 10 5 O 30 25 20 15 10 5 0
Hours prior to MOD transition Hours prior to PICU discharge

Bose SN, et al. Front Pediatr. 2021 Aug 16
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Al Multi-omics for Classification and Management

Pediatric Crohn’s Disease

Legend Biopsy samples: 20 Crohn’s disease

_ and 20 normal colon controls

16S datasets

Shotgun
metagenomic
sequencing
{n=40)

(n=38)

Identify variants in human
— I
“contaminant” DNA ]
—
— —

16S sequencing

‘ l Classify taxa l Classify functions l OTU picking

Sl?rl:l?)ter 1 l Infer functions

o OTUS from 16S
Alpha KEGG pathways
diversity KEGG orthologs

B B ss lvas

ko00633

KO7793

c__Erysipelotrichi

K02954

KO7259

ko00250

g__Dialister

ko00230

g__Parabacteroides
i__Porphyromonadaceae
{__Desulfovibrionaceae
o__Erysipelotrichales
g__Aggregatibacter
t__Sutterella_wadsworthensis_Un
g__Bilophila
t__Parabacteroides_merdae_Un
Un_Lachnospiraceae_GCF_000209405
g__Bacteroides
f__Lachnospiraceae.g__Un
o__Clostridiales.f __Un
¢__Deltaprotecbacteria
o__Desulfovibrionales
o__Pseudomonadales
c__Viruses_Un
¢__Flavobacteriia
c__Bacteroidia
c¢__Actinobacteria

[ Higher in RS
B LowerinRS
[C] No significant difference

| I |

I I
0 o 0 o 0 o
o - - od od o]

00 =
35 —

Variable Importance
(Mean Decrease in Accuracy)

Douglas GM, et al. Microbiome. 2018 Jan 15;6(1)
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Daily cycle
. . begins
Al Generative Algorithms / Chatbots
Adolescent Depression oo 03
140 Brazilian Adolescents in the IDEA-RISCO Study 3 Reminders
« Developed IDEABot for Data Collection via Q
WhatsApp
- Acceptance — 81% (first wave) to 92% (second
wave) @
o Attrition — About 1% over 2-3 years G AM
« Compliance Cycle ends
« Response to elicited prompts 91% e b
« Successful Interactions 76%

ed that a ne
begin at 130 PM

New daily
cycle begins

Viduani A et al. JMIR Hum Factors. 2023 Aug



Do you know about any RCTs
that provide evidence that we
should use RCTs?

B Q o= ~
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The Concept of the Heterogenous Treatment Effect

The research question: If we develop a predictive model to
distinguish red arrow bears from blue arrow bears, and allocate
treatment accordingly, would our bears do better overall?
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Simulated Results of Predictive Allocation

100%

75%

50%

25%

Proportion of Patients with Event (%)

0%

RCT

METH

PLAC

PA

100%

75%

50%

25%

Proportion of Patients with Event (%)

0%

RCT  MBTS RVPAS

PA

100%

75%

50%

25%

Proportion of Patients with Event (%)

0%

1

RCT

HYPO NORM

PA
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MACHINE LEARNING IN CV IMAGING — FROM DIAGNOSTICS TO PREDICTION

Big Data and Cardiac Imaging:
Beyond the RCT and Evidence Based Medicine

Large sample size
Unigue Patient

. S ‘ .

I_'—. Homogenous
Population | .
',. ° Population

0°0

- May d|ffer from RCT
Rare disease trials population
Mostly small sample size

Can deep learning help?




Information Collected
Clinical Information

Environmentome
Microbiome
ﬁ
Organ/tissue physiology
Imageome

Cell biology

Proteome and metabolome

Epigenome and
transcriptome

Genome .
Lifetime

Big Data and Echocardiography:
Medicine Based Evidence (MBE) Interogation of a library of
“approximate matches”

Van den Eynde J, Kutty S et al. Front Cardiovasc Med, 2021.



Big Data and Imaging - Medicine Based Evidence

Digital twin with
mechanistic models




Physician and patient

ML algorithms will be informed
by clinical information, imaging,
genomics, demographics, lab
data, and wearable technology

Al output will provide
anticipatory guidance for a wide
range of challenges

Choices are best when they are
personalized

Al O ent



Some assembly required

We have not yet realized....
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Al in healthcare presents specific challenges

SECURITY

@\

@ COGNITIVE SERVICES

ROBOT RIGHTS ACCOUNTABILITY

. 1
"1 Legal & Ethical [~
Considerations
B IAS IEI in Al &) TRANSPARENCY

PLANNING waua @ INCLUSION

ETHICAL LEGAL

Regulation Transparency Governance Accuracy
Privacy Relevance Confidentiality Decision-making
Mitigation of Bias Liability

Derived from Gerke S, et al. Academic Press, 2020 | Naik et. al, Frontiers in
Surgery.2022

23



The pediatrics of the future
will be more data-driven
than it is today

Professionally, we will be
aiming higher than simple
universal consistency to
comply with guidelines, and
instead we will reach for
case-by-case quality
outcomes
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The New Pediatrics
More Intelligent? Precise? Personalized?

Summary

* Machine Learning Algorithms
 Connect Data from Diverse Sources
* Produce Accurate, Relevant Predictions
* Clinical Decision Support

* Personalization and Precision Care
 Generative Al Enhanced Communication
* Predictive Allocation

 Some Assembly Required

 Protective of the Patients We Serve
e Meticulous with Our Methods
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