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lon channels gives neurons their electrical
properties
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Recording from neurons only gives us gross
neuronal properties
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Why do we care about the ion channels
distribution

* Channelopathies

* Epilepsy
* Autism

* Accurate models can find targets for treatments

* We do not know the distribution of ion channels, it will help us
understand better how neurons work.

e Build better neuronal networks that simulate neuronal circuits



Compartmental models
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Different parameters values leads to
different model’s outpu
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Fitting models to electrophysiological data
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Real vs Surrogate Data: Using voltages
created by the model

Target data Recorded neuron
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The actual parameters space has many local
minima
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Parameter £

Combined score function constrains some
but not all parameters
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Alternatively we can separate parameters
ex p e ri me nta I Iy Experimentally guided modelling of dendritic excitability

in rat neocortical pyramidal neurones
Reduction of
degenerac
Step 3 J y

Parameters:
(K-blockers)

gna dend
a
e
gkv_soma

g
g a
gkm_dend

Passive parameters:
Cm

Step 1 Rm

g leak

_éduuk/ui—_ g Ih )

Step 2(TTX)

Ca




spherical cell with 2 ion channels
Hodgkin—Huxley 1953 model, Nobel Prize in 1963

Extracellular Medium
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5 CNN blocks

2D regrESSiOn Of mOdern HH mOdE| (leak is also nonlinear)
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input 1D vector, K features

5 CNN blocks

* local reception filed , kernel=7
* activation=LeakyRelLU

* maxPool, len=3

n=31 x K=12 Flatten — 372

2 FC blocks
* Dense(10,act=LeakyReLU)
* Dropout(0.1)

Output 2 floats: Z1, Z2
Dense(2, act=linear)
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Training: 5.8k params, adam, MSE

loss

funcinv_cnn, train 2.1 min, drop=0.10, end-val=0.000248
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ampl,as-is

ampl,as-is

Examples of traces for different param choice
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Outlook

* Test ML-based regression on HH-cell model with higher dimension
of parameter space
* Apply ML model to modern cell model w/ ~30 params

* reduction of dimensionality to avoid degeneration
» feature engineering

e pre-training on HH cell-model
* include stimulus in the training

e Extract cell params from empirical recordings from neurons



