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Immune Responses: multiple tiers, cells, timescales
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Immune Responses are
a function of
lymphocyte dynamics
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How is lymphocyte proliferation studied?
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Can we extract quantitative information about what
lymphocytes are actually doing?

NUMBERS: how many cells respond, how quickly, cell cycle
time, survival time, number of divisions, etc

76543210
=
—WT
——KO

Cdls

—v—vﬂ-rrnq—r—l—!-rrm'l—l—l—rrrrn"—v—r—rrrml

101 102 10®  10¢
CFSE

DR

DR

w

Generation



Cells x 108

o
)

o

Understand population dynamics in terms of
the cell biology of single cells.
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FlowMax: a software tool for Maximum likelihood
interpretation of CFSE data
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FlowMax allows quantitative interpretation of CFSE data
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Is the FlowMax interpretation of CFSE data correct?
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The BigData problem of live cell microscopy

) ]
Identify each cell
in each frame

~ 10,000 images with ~ 1,000 cells/image
Cells move, deform, divide, die, enter, leave, aggregate Run Physics Optimization
Polygon “Blobs”




Population Dynamics as a result of single cell microscopy
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Comparing cellular parameters derived from CFSE
and from single cell microscopy
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Single cell microscopy provides additional information
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A key question:
Are B-cell fates determined by a race or by a decision?
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The B-cell fate decision is in part mediated by a
positive feedback switch within the IKK-TAK1-CBM
signaling complex
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Putting quantitative CFSE phenotyping to a test: nfkbl-/-
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FLowMax has proven useful
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Do we have enough information to construct a model of
B-cell proliferation ?

- how molecular mechanisms in each cell determine the cell
biological parameters of that cell

- and thereby determine the overall population dynamics

Molecular Cellular Population
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Why would such a model be useful?

Sufficiency test

Quantify the contributions of different molecular mechanisms
Develop hypotheses about drug targets, mechanisms, etc
Assist in design or interpretation of experiments

Virtual experimentation can be very high-throughput, and can

address questions intractable by available experimental tools



A math model enables the Systems Biology approach

Design new perturbation(s) to maximize information gain

Cell population executing Observed
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An outline of the model in each cellular agent
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The lineage of NFkB signaling models
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The IkB-NFxB Signaling Module

canonical non-canonical
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The Rel-NFxB Dimer Generation Module
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Model accounts for many NFkB dimers in response to
several mitogenic and maturation stimuli
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The three interconnected modules of the model
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Parameterizing the model connections with single cell data
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Simulations of B-lymphocyte dynamics
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ion that cannot be addressed experimentally
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What can you do with the model?

- Test modulators of NFkB, mIRs, lymphoma mutations

- How signals combine

- Why different B-cell subsets respond differently

- Pharmacology

- How class switching affects BCR signaling and populations

- Add additional mechanisms: memory/plasma cell; follicular
vs marginal zone cell differentiation



Max Shokhirev

Jon Almaden

Dinesh Rao
UCLA




