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Lack of Excitability: Implications

Stimulus: bottom row, every 300ms
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MRM: Scaled Steps and Sigmoids
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Minimal Conductance Model (MCM)
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Gene Regulatory Networks (GRN)

GRN canonical sigmoidal form:

m; n;
u, = >.a,| |S"w.k,.6,,a,.b,)— bu,
j=1 k=l
where:
a;: are activation / inhibition constants
b, : are decay constants

S*(..): are on / off sigmoidal functions

Note: steps and ramps are sigmoid approximations
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Globally-Optimal Polygonal Approximation

Set of nonlinear curves and desired # of segments
Find: Globally optimal polygonal approximation

Example: What is the optimal polygonal approxima-
tion of the curves below with 5 segments ?

Solution: modify the OPAA to minimize the maximum
error of a set of curves simultaneously.
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2D Comparison

Tip (Multi Affine) Tip (Mult Affine)
_Tip (Original) |

(a) Original MRM  (b) Multi Affine (26 ramps)
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Analysis Problem

Find parameter ranges reproducing non-excitability:

— Restated as an LTL formula: G (u<8)
Initial region:

u<[0,6] ve[0951] we[095,1] s €<[0,0.01]
Uncertain parameter ranges:

g, €[1180] g, €[0,10] g. [0.1,100] g, <[0.9,50]

Stimulus: e=1



State Space Partition
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* Hyperrectangles: 4 dimensional (uv-projection)

— Arrows: indicate the vector field



Embedding Transition System Ty(p)
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The Discrete Abstraction Tx(p)
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The Discrete Abstraction Tx(p)
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T,(p) is the quotiont of T,(p) with respectto : .,
Theorem: Vp. T,(p) < T,(p)



Computing Tx(p)
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Computing Tx(p)

Jy) J(v3)

T o | Theorem: If fis multi-affine then
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Partitioning the Parameter Space
* In each vertex: affine equation in the parameters
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Partitioning the Parameter Space

* In each vertex: affine equation in the parameters
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- Parameter space: 4 dimensional (g,./g,, projection)

— Each rectangle: a different transition system



Results

 Rovergene: intelligently explores the PS rectangles
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independent linearly dependent simulation
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Conclusions and Outlook

« First automatic parameter-range identification for CC
- Validated both in MCM and MRM
- Can be validated experimentally as for ischemia

* Currently work on time-dependent properties of CC
- Extend SpaceEx with RoverGene MA-techniques

 Moving towards 2D/3D parameter-range identification
- Use PS partitioning, simulation and curvature analysis
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* Derive the MRM from lyer model through TS abstraction



