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      Overview 

Building neuron models with data assimilation: 
 

• Multichannel conductance model 
 
• Assimilation of electrophysiological data 
  
• Model validation through prediction 
  
• Bayesian inference boost – single valued model 
  
 
DA for conditioning neural networks: 
 

• Adaptive Bioelectronics  
  ⇒ New therapies for cardiorespiratory disease 
 

• Control of switching between chaotic attractors to 
   produce specific motor patterns e.g. gaits 
   ⇒ Validation of the command neuron hypothesis 
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      Neuron: a current driven non-linear oscillator 

stimulus current or 
synaptic current injected 
through the membrane. 
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Hodgkin-Huxley model: 
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      Kinetics of ionic gates 
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Dynamics of the Potassium-activation gate: 

5 model parameters 

Sodium activation and 
inactivation gates: 

10 model parameters 
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      Ion channels are highly specialized proteins 

 

Function Protein name (associated gene) 

Delayed rectifier 
Slowly activating or non-inactivating 

 
Kvα1.x - Shaker-related: Kv1.1 (KCNA1), Kv1.2 (KCNA2), Kv1.3 (KCNA3), Kv1.5 (KCNA5), Kv1.6 
(KCNA6), Kv1.7 (KCNA7), Kv1.8 (KCNA10) 
Kvα2.x - Shab-related: Kv2.1 (KCNB1), Kv2.2 (KCNB2) 
Kvα3.x - Shaw-related: Kv3.1 (KCNC1), Kv3.2 (KCNC2) 
Kvα7.x: Kv7.1 (KCNQ1) - KvLQT1, Kv7.2 (KCNQ2), Kv7.3 (KCNQ3), Kv7.4 (KCNQ4), Kv7.5 
(KCNQ5) 
Kvα10.x: Kv10.1 (KCNH1) 
 

A-type potassium channel 
rapidly inactivating 

 
Kvα1.x - Shaker-related: Kv1.4 (KCNA4) 
Kvα3.x - Shaw-related: Kv3.3 (KCNC3), Kv3.4 (KCNC4) 
Kvα4.x - Shal-related: Kv4.1 (KCND1), Kv4.2 (KCND2), Kv4.3 (KCND3) 
 

Outward rectifying 
passes current more easily outwards 

K,α10.x: Kv10.2 (KCNH5)  

Inward rectifying 
passes current more easily inwards 

 
Kvα11.x: Kv11.1 (KCNH2), Kv11.2 (KCNH6), Kv12.3 (KCNH7) 
 

Slowly activating 
 
Kvα12.x: Kv12.1 (KCNH8), Kv12.2 (KCNH3), Kv12.3 (KCNH4) 
 

Modifier / silencer 
heterotetramerize with Kvα2 family members 

to form conductive channels 

 
Kvα5.x: Kv5.1 (KCNF1) 
Kvα6.x: Kv6.1 (KCNG1), Kv6.2 (KCNG2), Kv6.3 (KCNG3) 
Kv6.4 (KCNG4) 
Kvα8.x: Kv8.1 (KCNV1), Kv8.2 (KCNV2) 
Kvα9.x: Kv9.1 (KCNS1), Kv9.2 (KCNS2), Kv9.3 (KCNS3) 
 
 

 

Individual ion channels have specific threshold voltages and kinetics.  
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      The 9 ion channel conductance model 

12 state variables, 71 parameters 
12 coupled non linear differential equations 
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and areaCCm /=   membrane capacitance per unit area. 
 areaIJ ionion /=  ion current density 
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      Model equations  
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      Constrained nonlinear optimization  

Takens embedding theorem: all information required to constrain the model is contained in the observation of one 
state variable – the membrane voltage V(t) – over a finite time window of duration T. 
 
Record time series data to be fitted: V(t1), V(t2),  V(t3),  … V(tN) induced by the current protocol injected in the 
neuron I(t1),  I(t2),  I(t3),  … I(tN). 
 
Define a cost function to minimize: 
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under: 

• Equality constraints:  the 12 differential equations linearized at each point of the discretized time window 
ti=iT/N.   Typically N=100,000 mesh points   ⇒   1.2 million constraints 

 
 

• Inequality constraints:  the search intervals of the 72 parameters 
 
 
Build the Lagrangian by replacing the inequality constraints with logarithmic barriers 
 ⇒  Karush-Kuhn-Tucker system: sparse systems of linear equations 
  
Interior point optimization: iteratively seek the extremum of the KKT Lagrangian using Newton’s method.  

At each iteration reduce the height of the logarithmic barrier until convergence is achieved. 
 

When data assimilation has converged ~ 2 days of run time on a workstation: 
• The p={Cm, gNa, ENa, gK, EK …} vector solution of the problem is obtained – 71 parameters. 
• )(tu =0    

Observed 
voltage 

Model 
variable 

Convergence  
acceleration function 

Creveling et al, Phys. Lett. A, 
372, 2640 (2008) 
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      Example of extracted parameter sets 
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      Assimilation and prediction of neuron output – N1 
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      Assimilation and prediction of neuron output – N2 
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      Prediction neuron response to arbitrary current stimulation 
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      Prediction of the state of ionic gates 

Predicting the state of the gate variables of the 9 ion channels – not accessible to the experiment!  
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      Uncertainty on parameter field 

Noise behaves as a residual 
temperature that prevents 

reaching the global minimum 
through direct parameter search 
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      Statistical inference of the “global” minimum 

 

Excellent agreement between the threshold 
voltages extracted from 2 HVC neurons! 
Physiologically meaningful parameter solutions Nogaret et al, Sci.Rep. 6,32749 (2016) 

 

Provided the noise temperature T is not too large that the second order Taylor expansion is accurate: 
 

the true global minimum p* may be estimated taking a statistical average <P> of the multivalued solutions 
of the data assimilation  
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      Uncertainty on parameters 

Similarity of the activation curves of 2 HVC neurons reconstructed from the inferred global minimum. 
 

DA + Bayesian inference consistently achieves single valued, biologically plausible models. 
The method is fully automatic, requiring minimal biological intuition.   
It absorbs intrinsic fluctuations of biological neurons to make predictions with sufficient accuracy to evidence 
trial-to-trial fluctuations in neuron behaviour. 
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      Applications of DA: New therapies for cardiorespiratory disease 

Loss of Heart rate variability is a prognosis of heart-failure 

Healthy Heart Heart Failure 
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      Medullary Central Pattern Generators control Heart Pacing 

DA can infer the network connectivity that restores 
accurate adaptation to physiological feedback 



19 

      Application of DA: machine learning 

n=1 2 3 4 5 6 7 8 ...∞

T

Steady StateTransient

Ф21

Ф31
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0.4
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n=6,7,...∞

n=5
n=4

n=3

n=2
n=1

Φ
31

Φ21

Phase lag trajectory 
converges to attractor 

4 HH neuron VLSI platform 



20 

      3N Central Pattern Generator 

Wojcik et al., Phys. Rev. E 83, 056209 (2011) 

Experiment Theory 

Competing neurons 
(inhibition) 

Cooperative neurons 
(excitation) 
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 (N-1)! = 6  
Attractors 

      4-6 neuron CPGs – electrical switching of motor patterns 

 (N-1)! = 120  
Attractors 

o Scaling of attractors ~(N-1)!  
o Switching between attractors is 

induced by command pulses 
o Analog CPGs integrate instantly 
 
DA may “engineer” basins of 
attraction to produce specific gaits. 

N=4 

N=6 Stimulus induced switching between attractors 
Demonstration of command neuron action to 
switch motor patterns e.g. gaits 
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      Phase map of 3N winnerless network 
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      Covariance matrix of the data misfit Hessian 

The eigenvalues of the Hessian matrix H are the 
half-axes of the 71D-ellipsoid: 

 
The spectrum of eigenvalue decays exponentially. 
 
The “sloppiest” – most loosely constrained – are 
the time constants of the model, the most tightly 
constrained are the gate voltage thresholds. 
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