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Fight against malaria over?
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The host matters
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Some key guestions

A Why are some individuals more protected than others?
A Whydo some individuals or populations respond better?

A Canhigh-dimensional data and Al help identify correlates of protection
(CoP) beyond antibodies and T cells?

A Howimportant is antigeragnostic memory? What is the interplay
between antigeragnostic and;specific memory?

A Canvaccines that work for all be developed, or do we ultimately need
personalized vaccines, like in cancer?



Variability is a hallmark of the human immune system

Immunotherapy Vaccination & Autoimmunity
Infection
Response to cancer immunotherapy
) Autoimmune
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Can we predict responses?
Can we uncover potential determinants?
Shared predictors and mechanisms?



Why? The Immune Setpoint Hypothesis
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Timescale and contributors

Determinants of health and
disease

Vaccine response> protection

EvolutiorA Genetics

Intervention outcomes

Health trajectories

Etc.

LifespaA development,
environment, aging



Modern tech measures

FEvenomes Immune states
comprehensively

+—Transcriptomics

RNA-seq ~10' ¢ 1% parameters / timepoint / person

0/
N *—Metabolomics

) " Mass spestrammetry Tissue spatial profiling (skin, gut, nasal swabs, etc.)
H |
-— Plasma cytokines Antibody profiling (pathogens and autoreactivities)
| oink
Cells:
Cell populations Multimodal single cell analyses
BYTaF Transcriptomics
Chromatin accessibility, etc.
s TCR/BCR repertoire
’ MIBI In vitro stimulation responses (signaling, RNA, etc.)
L Clinical metadata Circulating molecules:
Pulendranand DavisScienc020 | Dl Proteomics (2,500,000 proteins)

Cell free DNA/RNAcell/tissue statuses, etc.
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Multiplexingsingle cell analysiseducing cost, cell
number, batch effects, and enabling pooled enrichment

High throughput cell
thawing (50+ samples in
one centrifugation step)
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Sample pooling:

Dual SNP/Hashtag %“Z All samples in one
multiplexing / final pool

Extensively validated and utilized workflow, e.
Liu and Martins et aCell2021,

Kotliarov et alNat. Med2020,

Mulé et al.Immunity2024,

Several ongoing project

Cells in Trizol for Cells for ex vivo stimulation | |ASAPseq: CITEseq: Sorted T and B
RNAseq: (pool after stim): e Open e mMRNA exp. subsets:
e SNP calling e Single cell Chromatin e Surface e mMRNA exp.
e Bulk intracellular signaling, e Surface Protein e Antigen
expression mRNA, and surface Protein e Antigen Receptor
profiling protein Receptor
Cell Immunity Article

Time-resolved systems immunology reveals a late
juncture linked to fatal COVID-19
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Integrating population and single-cell variations in
vaccine responses identifies a naturally adjuvanted
human immune setpoint

Graphical abstract Authors

sion]  Matthew P. Mulé, Andrew J. Martins,
Foo Cheung, ..., Jinguo Chen,
Pamela L. Schwartzberg,
John S. Tsang

Influenza vaccinationreveals sex dimorphic
imprints of prior mild COVID-19
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Baseline mattersdbeyondage, sex, and prexisting immunity
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Individuals
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Personal Immune setpoint predicts outcome

Baseline signature score
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Baseline setpoint states are encoded by correlated cell states

T R Setpoint encoded bpetworks of immune cells
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How are (antigeragnostic)
baseline setpoint states established?

Early pediatric development

Environmental perturbations?



Beyond classic adaptive iImmune memory

New setpoint?
Trained immunity?

> Return to baseline

Baseli - ; '
aseline Time since stressor experienced

s Sparks, Lau, Liu et &lature2023
Apps, Blancottq CandiaKotliarovet al. Cell Report 2024



Baseline setpoints can be shaped by Inflammatory exposures in a
sex dimorphic manner

a Non-obese, healthy individuals

Fall 2020
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Mean logFC

Vaccination alone (w/o adjuvants) can induce trained immune state
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How long do such memory last?

Positive feedback Is important:
cell intrinsic mechanisms alone are likely insufficient

New Results A Follow this preprint
Constraints and tunability of antigen-agnostic memory durability

Shubham Tripathi, Can Liu, William WV. Lau, Rachel Sparks, John S.Tsang
doi: https://doi.org/10.1101/2025.07.18.663399

This article is a preprint and has not been certified by peer review [what does this mean?].
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Side Note What is Al/Machine Learning (ML)?

Al (Artificial Intelligenceyefers to computer Machine learning (MLylevelops algorithms td S | NJ/
systems designed to perform tasks that Y2 RSt &4¢ 6 pERorm tesksi |
typically require human intelligence. ML is currently the dominant paradigm in Al
(of any dlmenS|on) ‘ - ‘ (of any dlmenS|on)
Examples Examples
circulating antibody Vaccination efficacy
levels

therapeutic response

gene expression

profile Given training examp|€S (X,Y), disease diagnostic
figure out F

immune cell
phenotype



Al In vaccine research and development

PILLAR 1: IMMUNOGEN & VACCINE PLATFORM
Al-Driven Immunogen Design (Current Substantial Advances)
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Computational-experimental validation loops.

Concept: Tsang; Image generation: Gemini
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PILLAR 2: UNDERSTANDING HUMAN IMMUNE VARIATION AND RESPONSES
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Annual Review of Immunology

Systems Human Immunology
and Al: Immune Setpoint and
Immune Health
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Al immunologists are here: Are they ready for

prime time?

Jacob Kim't, Ao Huang'?t, John S. Tsang %34+

Large language model (LLM)-based artificial intelligence (Al) agents are powerful tools that can help researchers
automate complex tasks such as literature review, data mining, computational code generation, and summariza-
tion of existing knowledge, but they can still fall short in developing original biological hypotheses and insights

(see related Research Article by Rodriguez-Coffinet et al. in this issue). Emerging advances in multiagent systems
and human-agent collaborative frameworks offer promising steps forward.
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How to apply baseline setpoint concepts and tools to
vaccine R&D? Baseline matters.

Infection
challenge

»

Predict who is protected based on their baseline » Infection Outcome

immune profiles¢ protective p_roflles_ could | Preinfaction baseline 3

originate from many sources including previous (nasal, blood)

infections and vaccinations, personal immune

setpoints, etc. L- CoP Predictive »—
Model Predicts

infection outcome
Do Cds operate at the individual or population B A oce
I eve I S’) measure;r:;r)neters in

Validation
(technical, sampling,
population, etc.)



How to apply baseline setpoint concepts and tools to
vaccine R&D? Baseline matters.

Infection
> challenge
# »

> » Infection Outcome

Vaccineinduced

Features (nasal, blood)Preinfection baseline
(nasal, blood)

- CoP Predictive *—-
Predicts

Model _ _
infection outcome

Reduced Model

(e.g., using easy-to-
measure parameters in
blood)

Validation
(technical, sampling,
population, etc.)



Example: Higldimensional CoP discovery
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Summary: Higldimensional CoP discovery

Natural or Vaccine-Induced States |
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Building on top of larger, prrained models
that captured broader human immune variation (age, geography, sex, disease, etc.

nature medicine

Article https://doi.org/10.1038/s41591-024-03092-6

A unified metricofhumanimmunehealth
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Example model can generalize to aging, drug
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Map immune states along major axes of variation to
predict responses to perturbations including vaccines

Life span Like the Human Genome Project,
provide open data to empower
research and train Al models

' Gender

Environment '
Pre-Disease/Disease ‘

Geography/
Ancestry




lterative IMK development will empower scale



