§i Al and Food Allergy: New
w'ay Tools, Opportunities &
Challenges

( Nicholas L. Rider, DO

Professor, Department of Health Systems & Implementation
. Sclence

' Section of Allergy-Immunology
Virginia Tech Carilion School of Medicine & The Carilion Clinic

EFACC
West Palm Beach, FL
9 January 2026




Outline

Al in Healthcare: History, Opportunities and Challenges
Al in A&l: Opportunities Abound

The Diagnostic Lag: Application of Al

A Framework for Tool Selection: \What's the Need?

Key Takeaways

V'l'c | Virginia Tech Carilion

School of Medicine



Learning ODbjectives:

Upon completion of this learning activity, participants
should be able to:

 Describe the current benefits and limitations of Al In

healthcare.
 Articulate a strategy for Al tool selection as applied to food

allergy use cases.
* Define a presently successful use case of Al implementation
In clinical iImmunology.
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Current State: Al Epochs

1.0: ”"Classic ML” 3.0: LLMs

Figure. Artificial Intelligence (Al) 1.0, 2.0, and 3.0

2.0: Deep Learning

1950s = i
Approximate 2011
beginning year 2018-2022 >
Al 1.0 Symbolic Al and probabilistic medels | Al 2.0 Deep learning Al 3.0 Foundation models
Core functionality Follows directly encoded rules (if-thenrules | Predicts and/or classifies information Generates new content (text, sound, images)
and key features | or decision trees) Task-specific (1 task at a time); requires new | Performs different types of tasks without new data
data and retraining to perform new tasks or retraining; prompt creates new model behaviors
Training method | Rules based on expert knowledge are Learning patterns based on examples Self-supervised learning from large datasets
hand-encoded in traditional programming labeled as ground truth to predict the next word or sentence in a sequence
Performa_nce Follows decision path encoded in its rules. Classifies information based on training: Interprets and responds to complex questions:
capabilities Eg, ask a series of questions to determine “Is this a cat or a dog?* “Explain the difference between a cat and a dog.”
whether a picture is a cat or a dog. “How many dogs will be in the park at noon?"
Examples of IBM's Deep Blue beat the world champion Photo searching without manual taaging, Writing assistants in word processors, software
performance in chess voice recognition, language translation coding assistants, chatbots
Health care: Rule-based clinical decision Health care: diabetic retinopathy detection, Health care: Med-PaLM and Med-PalLM-2, medically
support tools breast cancer and lung cancer screening, tuned large language models, PubMedGPT, BioGPT
skin condition classification, predictions based
on electronic health records
Examples Human logic errors and bias in encoded Out-of-distribution problems (real-time Hallucinations (plausible but incorrect responses
of challenges rules lead to limited capability with data differs from training data) based solely on predictions)
and risks real-world situations Catastrophic forgetting (not remembering Grounding and attribution
early parts of a long sequence of text) Bias related to underlying training data and
Bias related to underlying training data semantics of language in datasets
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LLMs: Healthcare Al

Multimodal self-supervised training Medical domain knowledge Flexible interactions
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What i1s Al Actually Capable of
Today?

System 1  THINKING  System 2

FAST..SLOW

* Fast * Slow

e Subconscious - ‘  Conscious

« Automatic e «  Effortful

* Error Prone  Complex Decision
DANIEL * Reliable

KAHNEMAN

WINNER OF THE NOBEL PRIZE IN ECONOMICS
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What i1s Al Actually Capable of
Today?

THANKIN G,
System1 System 2
Recall/Memory FAST.. SLOW Reasoning
l \ ,
s — .
* Humans Humans
e Other DANIEL e Other Sentient
| Beings
Ser.wtlent P
Beings
° AI WINNER OF THE NOBEL PRIZE IN ECONOMICS
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Where Is Al Proving Useful?

Efficient Healthcare with LLMs

Increasing
Patient
Engagement

Improving
Clinical
Documentation

Automated Insurance
Health Prior
Records Authorization

Tripathi S. et al. JAMIA 2024, 31(6)
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Al In Healthcare:

Q: What Do We ALL Want From Healthcare?
A: Lots of things, but essentially.....

Healthcare Value

p Lots to Unpack

Value =|QualityfCost

WWW.Cchatgpt.com

School of Medicine
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http://www.chatgpt.com/

Al In Healthcare:

Healthcare
system quality
(performance)

Healthcare

service quality

Busse R, Panteli D, Quentin W. Imp. Hlth. Qual. In Eur. 2019

PERMANENTE MEDICINE.

5 factors influencing quality of care

Physician-led,
coordinated care

Evidence-based medical
practice and research

Culturally responsive
care delivery

4 KAISER PERMANENTE.

Highly connected health
information technology

| Preventive care focus

https://permanente.org/medical-excellence/what-is-quality-healthcare-and-why-it-matters/
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Al Iin Healthcare: Can We Mitigate Al Risk?

Secure & Explainable & Privacy- Fair - With Harmful
Resilient Interpretable Enhanced Bias Managed

Valid & Reliable

Accountable
&

Transparent

For Humans and Planet!

Al RMF 1.0 NIST Al 100-1
https://nvipubs.nist.gov/nistpubs/ai/NIST.Al.100-1.pdf
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Al in A&l: Multiple Opportunities Exist

Data Sources

BEJEHR o Z SE gé

©

L
EHRS Wearables | | Multi-omic | | Admmistrative E"Wm‘""“e“"' Signal Registries
Algorithms
i \ (Tree-Based & Ensemble Method i
Regression & Classical Statistical Models | g nsemble Methods
Linear Regression l / Decision Trees
\__Legistic Regression =5 \_Random Forest 2
& 7\ (Clustering & Dimensionality Reduction B
Distance-and Margin-Based Methods e K-Means Clustering
Support Vector Machines (SVM) Vo Hierarchical Clustering
K-Nearest Neighbors (KNN Principal Component A nalysis (PCA)
- \Aytoencoders /
" N

Neural Networks & Deep Learning
Reinforcement Learning

Artificial Neural Networks (ANN)
Convolutional Neural Networks (CNN) Q-Learning N Hom
Recurrent Neural Networks (RNN) Deep Q-Networks (DQN) = M }'{-',' ﬁ'. X _—_:::
Transformers (NLP models) \_ A .
Use Cases
2] | ootl] || &R
== o
Clinical Population
Decision || Reseerch Health | [Aemietration
Support

Kamphorst K et al. JACI In Pract Nov 2025
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Al in A&l: Multiple Opportunities Exist

mo?um
eosinophilicesophagitis / X /J
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Qualitatrg research
trestrment gatisfaction

Goktas P et al. JACI Global Aug 2025
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Al for Food Allergy:
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A Framework: Fishing vs. Listing
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A Framework: Al Use for Food Allergy

What's The
Application?

Functional Needs

User Needs

Ethical & Legal
Considerations

Cost &
Implementation

~
e Buy?, Build? or Bridge?
J
e Accuracy )
¢ Data Sources
* Maintenance )
e Accessibility )
¢ Ease of Use
e Support/Training )
~
e Bias, Privacy, Other
e Copyright/Legal
J
* Pricing )
e Scalability
e Team Resources )

vTC

Virginia Tech Carilion
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A Framework:

 What is Your Question/Task?

What's The

* |Is There A Solution Already? Application?

Example:

Paradigms and perspectives

Can artificial intelligence (Al) replace oral food ~ |® oo
challenge?

Sindy K. Y. Tang, PhD,” Nicolas Castafio, MS,* Kari C. Nadeau, MD, PhD, FAAAAL>® and
Stephen J. Galli, MD*=d Stanford, Calif, and Boston, Muass

JACIv.153, n.3, 2024
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A Framework:

 What is Your Question/Task?

* Is There A Solution Already?

Future (Al-enabled) paradigm

Current paradigm

(LR
=

N

ccessto \ (/

N Informed clincal
high-accuracy J~ decisions &
tests food allergy
management

Tang et al. JACIv.153, n.3, 2024

\ (o

What's The

Application?

ndlm

3
O.’. i o

. FOOD ALLERGY
DIAGNOSIS
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A Framework: Al Use for Food Allergy

\
e Accuracy

e Data Sources

e Maintenance
Needs )

Do You Value Sensitivity or
Specificity?

Functional

* Is Training Data Available?

« Sensitivity — True Positive Rate = TP/TP + FN

« Tell Me About Your Data:
 What are it's strengths/limitations?

« Can your training data effectively model question of
Interest?

« Data Quality?

* Generalizability?

[ ] . ’>
How to Sustain Model* VvTC I Virginia Tech Carilion

School of Medicine



A Framework: Al Use for Food Allergy

\

« How Will Users Interact? e Accessibility
e Ease of Use

e Support/Training

/

 Are They Ready?

What format should predictions be delivered?
How trustworthy and interpretable are predictions?
Do you want a user interface?

« Human factors elements?

« Can'tjust “turn on” a model, need to train users...

VTC | Virginia Tech Carilion

School of Medicine



A Framework: Al Use for Food Allergy

~

) o -
What are the Limitations” e Bias, Privacy,

Other
e Copyright/Legal

%

« |P Considerations?

* No single Al model will serve everyone, who are you
missing, where does the model fail?
« Back to Buy or Build — what are your guardrails for:
« Maintaining IP
* Adhering to use agreements/updates, etc.
VTC | Virginia Tech Carilion

School of Medicine



A Framework: Al Use for Food Allergy

\
« What’s Your Budget? * Pricing
e Scalability
 Can Local Teams Support? Cost & e Team
Implementation Resources
/

« What is your budget for standing up Al, maintaining
Al?

* Do you have local Al expertise, IT, Analytics, etc?

« Will you need an ongoing relationship with an Al
vendor?

VTC | Virginia Tech Carilion
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The Learning Health System (LHS):

”..a learning health system — in which
science, informatics, incentives, and culture
are aligned for continuous improvement and
innovation, with best practices seamlessly
embedded in the delivery process and new
knowledge captured as an integral by-product
of the delivery experience...?

(25 NATIONAL ACADEMY OF MEDICINE

https://nam.edu/our-work/programs/leadership-consortium/learning-
health-system-series/
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LHS Goal: Improving Care Value

ED2K

DATATO
KNOWLEDGE

2 K2P

D2K | PrIORITY Value =
GOAL

e | sy Quality/Cost
ACCESS, OUTCOMES, EQUITY,
EXPERIENCE, VALUE

ESP2D s,
PERFORMANCE
TO DATA

*Where Al Fits

INFRASTRUCTURE ¥

PEOPLE =~ PROCESSES = POLICIES = TECHNOLOGIES

LEARNING HEALTH SYSTEM SCIENCE

ENGAGEMENT DATA IMPLEMENTATION SYSTEMS PoLICY
SCIENCE SCIENCE SCIENCE SCIENCE SCIENCE

Kilbourne AM et al Health Serv. Res. 2024
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Al in A&l: Clinical Immunology Real-World

Example

CLINICAL IMMUNOLOGY

LABORATORY BDII(;::A:\?EKREYR

IMMUNOLOGY

DIAGNOSTIC PATIENT CARE
TESTING

VIC

Virginia Tech Carilion
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Pl Diagnostic Lag:

ORIGINAL ARTICLE WILEY

Diverse clinical features and diagnostic delay in monogenic
inborn errors of immunity: A call for access to genetic testing

Anna Branch'?? | Bhavi Modi®™® | Bahar Bahrani™ | Kyla J. Hildebrand®® |
Scott B, Cameron® | Anne K.Junker® | Stuart E. Turvey’” | Catherine M. Biggs®®

Original Article

Patterns of Immune Dysregulation in Primary ®
Immunodeficiencies: A Systematic Review

Andraa A. Mauracher, S0, PRO" *, Exther Gujer” ', Lucas M. Bachmann, MO, PhD", Sabine Gésewsedl, PhDY, and
Jana Pachlopnit. Schimid, M0, RO Farich ond % Galfon. Switorriond

PLOS ONE

PESLAROH ARTIOL

Why does it take so long for rare disease
patients to get an accurate diagnosis?—A
qualitative investigation of patient
experiences of hereditary angioedema

Common Variable Immunodeficiency — Mean
TTDx = 8.8yrs(Cl: 8.2-9.3) Odnoletkova et al.
2018

Immune Dysregulatory Disease — Median TTDx
= 5yrs(IQR 1-14) Staus et al. 2023

Primary Antibody Deficiencies — Median TTDx
= 9.5yrs Messelink et al. 2023

!

Long Diagnostic Odysseys
Suboptimal Outcomes

Missed Opportunities for Best Care
Inappropriate Referrals

Excessive Costs

Branch A et al. Ped. Allg. Immunol. 2021 Nov 32(8)  Odnoletkova | et al. Orph. J. Rare Dis. 2018 Nov 12 13(1)

Mauracher AA et al. JACI Pract. 2021 Feb 9(2)
Isono M et al. PLoS One 2022 Mar 18 17(3)

Staus P et al. J. Clin. Immunol. 2023 Aug 43(6)
Messelink M et al. J. Clin. Immunol. 2023 Nov 43(8)

vTC
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Using Al for Population Level Risk
Stratification:

Step 1: Risk Stratify Step 2: Prioritize
for Referral
[ N ]
Bl y fiffmp
Sofwarefor | 7 WIEILE T e e e e
AT EEEERE X Primary Immunodeficiency
Recognition e
Intervention & Tracking High Risk Refer
Pl Prevalence Pl Prevalence
~60:100,000 ~12,000:100,000

200-Fold Risk Concentration

e,

General PI Risk

Roberts K et al. JACI Glob 2024 Feb 2; 3(2) Rider NL et al. JACI 2024 Jun 153(6)
Rider NL et al. JACI 2023 Jan;151(1)
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Using Al for Population Level Risk
Stratification: Al Performance

0.95 Model AUPRC Kirk Roberts, PhD
e e
@36mos l 0.94 _0.96 ooy .

Model T-0

Model T-6

Model T-12

Model T-18
Date of 18mo 12mo 6mo Date of
First Before Before Before Diagnosis
Record Diagnosis Diagnosis Diagnosis (1cD)

Roberts K et al. JACI Glob. 2024 Feb 2; 3(2): ePub



How Do We Get There? Scaling LHS Access

Jetireylvioael
- T 5 |
_:15,[ naation

Globally jl‘l —

JMCN:
¥'E'3;?_|'N'A * 930 Experts
* 500 Centers
* Informatics . « 318 Cities
» Data Science « 89 Countries
* Clinical Immunology '5“"‘(; * 6 Continents
* Implementation Science / « Still Growing!
o IT
Formally Opening 1 oe— 238
April 2026!!!

JMCN Expert Density as of October 2024
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How Do We Get There?

p i ®
Software for
Primary Immunodeficiency
Recognition

Intervention & Tracking

* Implement

* Sustain

* Share Solutions

* Share Best-Practices

2

-

4

- . 238

JMCN Expert Density as of October 2024

\ (o
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Key Takeaways:

« Al Has and Will Continue to Bring Value for A&l
Patient Care, Clinical Operations and Scientific
Discovery

* We Need a ‘Team of Teams’ to Advance Al as a
Specialty

* Implementation & Sustainment are Crucial

 Adverse Effects of Al Must Be Understood and
Mitigated

V'I'C | Virginia Tech Carilion

School of Medicine
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