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Overview

- < Building neuron models with data assimilation:

* Multichannel conductance model

United Kingdem

» 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

The Nobel Prize in Physiology or
Medicine 1963
extracellular

“for their discoveries concerning the ionic mechanisms involved
in excitation and inhibition in the peripheral and central portions

of the nerve cell membrane”
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Hodgkin-Huxley model:

C\/ = gNam3h(EK _V)‘l‘ g_Kn4(ENa _V)+ gL(EL _V)+ I

r.m=m_ —m(t)
r,h=h_—h(t)
I rA=n_-n(t)
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Kinetics of ionic gates

Extracellular fluid Potassium Activation Dynamics of the Potassium-activation gate:
channel gates g

+ + + + + + + + ‘:‘V' + + ‘—(t':-_l-:“ + + n(t):nw(\/)—n(t)
Plasma membrane !EL, A dt 7,(V)
_Ey:tn;nl _____ I — _,;".I II"-. - \

Sodium Inactivation 1 V-V,

channel @ gnate i n, (V) = §|:1+ tanh[ an ]:|

V-V
Activation r.(V)=t, +¢, 1—tanh? L
N dv,,

5 model parameters

Sodium activation and
inactivation gates:

10 model parameters



lon channels are highly specialized proteins

Function

Delayed rectifier

Slowly activating or non-inactivating

A-type potassium channel

rapidly inactivating

Outward rectifying

passes current more easily outwards

Inward rectifying

passes current more easily inwards

Slowly activating

Modifier / silencer

heterotetramerize with K,a2 family members

to form conductive channels

Individual ion channels have specific threshold voltages and Kinetics.
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Protein name (associated gene)

Kva1.x - Shaker-related: Ky1.1 (KCNA1), K\1.2 (KCNA2), K,1.3 (KCNA3), K,1.5 (KCNA5), K,1.6
(KCNAG), K\1.7 (KCNA7), K\1.8 (KCNA10)

Kva2.x - Shab-related: K,2.1 (KCNB1), K,2.2 (KCNB2)

Kva3.x - Shaw-related: Ky3.1 (KCNC1), K\3.2 (KCNC2)

Kva7.x: Ky7.1 (KCNQ1) - KvLQT1, K7.2 (KCNQ2), K,7.3 (KENQ3), K,7.4 (KCNQ4), K\7.5
(KCNQ5)

Kva10.x: Ky10.1 (KCNH1)

Kva1.x - Shaker-related: K,1.4 (KCNA4)
Kva3.x - Shaw-related: K,3.3 (KCNC3), K,3.4 (KCNC4)
Kvo4.x - Shal-related: Ki4.1 (KCND1), K\4.2 (KCND2), K\4.3 (KCND3)

K,a10.x: K,10.2 (KCNH5)

Kva11.x: Ky11.1 (KCNH2), Ky11.2 (KCNH6), Ky12.3 (KCNH7)

Kva12.x: Ky12.1 (KCNH8), Ky12.2 (KCNH3), Ky12.3 (KCNH4)

Kva5.x: K,5.1 (KCNF1)

Kva6.x: K.,6.1 (KCNG1), K,6.2 (KCNG?2), K,6.3 (KCNG3)
K.6.4 (KCNG4)

K.a8.x: K.,8.1 (KCNV1), K.8.2 (KCNV2)

Kva9.x: K,9.1 (KCNS1), K,9.2 (KCNS2), K,9.3 (KCNS3)
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The 9 ion channel conductance model

c d_V:_J_ +Iapp+V/Rs
" dt o area
where: _‘]ion = ‘]NaT + ‘]NaP + ‘]Kl + ‘]KZ + ‘JKS + ‘]CaL + ‘]CaT + ‘JHCN + ‘]L
and C, =C/area membrane capacitance per unit area.
Jion = 1o, / area ion current density
1D Channel Current density Nominal conductance:
NaT  Fast and transient Na™ current Inar = gNarm h(Eng—V)  gnar=110mS.cm™2
NaP  Persistent Na™ current Inap = gnapm(Eng — V) ongp=0.064mS.cm 2
K1 Transient depolarization activated K™ current  Jg1 = gmnﬁ(EK —V) lgrm:SmS.a:m_2
K2 Rapidly inactivating K™ current (A current) Jir = g;@iﬂh(fx —V) gK2I= [2mS.cm 2
K3 Ca®™ activated K™ current Jk3 = gkam(Exg —V) 2k3=9. ImS.cm ™2
Cal.  High threshold Ca®*t current Jear = ,t:m.iz.f.gﬂ -
il ol
CaT  Low threshold Ca“" current Jear = m hle, -
HCN  Hyperpolarization-activated cation current Juen = guen(Egen —V)  guen=0.092mS.cm ™2
Leak Leakage channels (K & Na) Jr=gL(EL—V) 27.=0.066mS.cm 2

Goldman-Hodgkin-Katz equation

Calcium current prefactor: JCa:(g"“‘ ~ 9 XP(V /VT)]XV

exp(V /V;)-1

12 state variables, 71 parameters 6

12 coupled non linear differential equations




Model equations

Voltage : dy, /dr =((pay3ys + p3ya)(pa — i)+ (psys + peyeyr + pryvs) (ps — 1)

NaT.m:
NaT. h:
NaP.m:
Kl,m:
K2 m:

K2.h:

K3.m:

CaT.m

CaL.m:

CaL.h:

HCN. /i :

+ (p71v5 + P72Yiov11)19.2970673(py — 0.0001exp(y; /13))/GHK (v )
+po(pro—y1)+ pryia(—=43 = y1) +1inj/p13) /1 + u(t) (Vaaa(t) — y1)
dyz/dr =0.5(1 +tanh((y1 — p1a)/p15) — 2v2)/ (P17 + prs(1 —tanh*((y1 — p14) / p16)))
dys/dr =0.5(1 4 tanh((y1 — p19)/p20) = 2v3)/ (p22 + p23(1 — tanh*((y1 — p1o) /p21)))
dya/dr =0.5(1 +tanh((y1 — pa4)/pas) — 2v4)/(pa7 + pas(1 — tanh’((y1 — p24)/p2s)))
dys/dr =0.5(1 +tanh((y; — p29)/p30) —2vs)/(paz + p33(1 — tanh ((y1 — p20)/p31)))
dye/dr =0.5(1 +tanh((y1 — p34)/pas) —2v6)/(pa7 + pas(1 — tanh((y1 — p34)/p36)))
dys/dt =0.5(1 +tanh((yy — p39)/pao) —2v7)/(Paz + paa +0.5(1 —tanh(y| — p39))
+(pa3(1 —tanh*((y; — p30)/pa1)) — Pas))
dys/dt =0.5(1 +tanh((y| — pas)/pas) — 2vs)/(pas + pao(1 — tanh’((yy — pas)/pa7)))
+ dyo/dr =0.5(1 4 tanh((y1 — pso)/Ps1) — 2¥9)/ (ps3 + psa(1 — tanh*((y1 — pso) / p52)))
dy1o/dr =0.5(1 +tanh((y — pss)/pse) — 2v10)/(pss + pso(1 —tanh®((y1 — pss)/ps7)))
dyyy/dr =0.5(1+tanh((y; — peo)/Pe1) —2y11)/ (Pea + pes(1 +tanh((y1 — peo)/pe2))
- (1 —tanh((y; = peo)/Pe3)) (1 — tanh(y — peo) tanh((1/pe> +1/pe3 ) (y1 — Peo)))
/(14 tanh((y1 — peo)/pe2) tanh((y1 — peo)/Pe3)))

dy1»/dt =0.5(1 +tanh((y1 — pes)/pe7) — 2¥12)/ (Peo + pr0(1 —tanh? ((v| — pes )/ Pes)))




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(in) induced by the current protocol injected in the
neuron I(ty), I(t2), I(ts), ... I(tn).

Define a cost function to minimize:

CHL0.7) =52V (0) - 1.t DY +u(t)’}

f f f

Observed Model Convergence Creveling et al, Phys. Lett. A,
voltage variable acceleration function 372, 2640 (2008)

N |

under:

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

e 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:

e The p={Cm, Ona, Ena, gk, Ex ...} vector solution of the problem is obtained — 71 parameters.
e u(t)=0 8
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Example of extracted parameter sets

param.  param. lower upper neuron neuron neuron param.  paramn. lower upper neuron neuron neuron
number  ‘name’ units bound bound N1 N2 N3 number  ‘name’ units bound bound NI N2 N3
71 Cm!' X uF/em® [ 0.900 [.100 1.100 1.032 1.035 P39 K2iw':Vip  mV -00.000  -35.000 | -66.425  -52.586  -73.699
p2 NaT:g~ nS/em? | 5000 170000 | 7545 85364 0736 pag K2k mV 239000 -5.000 | -30417  -11517  -24.863
73 NaP:g I]SfCI‘I‘l2 0.000 2[}000 0’008 0’{}8() 0’{}75 pai th G lIlV _3{)000 _5000 _39000 -20380 _5000
P4 Exa mV | 45000 55000 | 55000 55000 55000 ' © K27 ns 0020 2.000 5000 1080 0.020
Ps Kl:g nS/em? | 0.000  80.000 | 0.096 0.216 0.000 o ‘ ;
o K2 wsem? | 0000 80000 | 5.687 14708 L 074 Pa3 K2Jitpa s 0.500  100.000 | 68.490  100.000  0.663
Ps Ex mV -85.000  -70.000 | -75.001  -85.000  -85.000 P45 K3mVi,  mV -15.000  40.000 | -15.000  -15.000  5.976
Po Leak:g nS/cm? 0.010 0.600 0.010 0.036 0.047 Pig K3.m:x mV 5.000 65.000 65.000 65.000 37.251
P10 LLeak mV -65.000  -48.000 | -65.000  -65.000  -65.000 pa7 Kim.o mV 5.000 70.000 70.000 20.202 6.190
P11 [Calext mM 0.010  9.000 0.020 9.000 8.996 Pag K3.m:7 ms 0.020 55000 | 55000  0.020 1.106
p12 HCN:-g nS/cm? ?-5088 12048%0 O;S‘J (;(l“ﬂl %gfg—’ Py K3m e s 1000 150.000 | 150.000 128333  2.561
;j:j ng.nH: Vi ¥ 45000 415000 | 34738 -18495  -38400 P30 CalmVyjp - mV 56000 -8.000 | 53999 -49.049 35,998
Pis NaTok — mV 0500 25000 | 21.682 22457  17.327 P9 CaT.m:x mV 5000 49.000 | 48995  29.827  48.991
e NaTmro ey 0500 25000 | 0.500 0.500 0.500 P52 CaTm:c mV 5000 55000 | 54990 54855  54.909
P17 NaTmmg — ms 0.010 0700 0.010 0.194 0.010 ps3 CaTmzy  ms 0.020 2000 1.966 0.020 1.863
P18 NaTnTye s 0.012 7.000 0.012 0.158 0.012 P54 CaTmiTyy  mS 1.000  295.000 | 294.917 6.273 294,835
p1o NaT/iViy — mV 75000 -35.000 | -43.132  -38452  -57314  pss CaL.mVi, mV -80.000  -35.000 | 71954 44457 71213
P20 NaT./:x mV -25.000  -0.500 -9.400 -4.487 -25.000 Ps6 CaLonk mV 5.000 39.000 38.987 30.094 20.336
P21 NaTi:o mv .0000 25.000 1 6401 22344 5000, Calomo mV 5000 57.000 | 56983 22726 57.000
p22 ng? ms ?gég 326%0000 %55510 219; ,)01-3147'% Pss Calumty  ms 0020  2.000 1975 0020  2.000
iﬁi Narf;:{:tﬁ mv 69.000 20000 | 64537 37719 57822 P Cal. gy ms 1000~ 130.000 | 149.945  110.61719.396
P25 NaPm:k  mV 5000 25000 | 5.000 5.349 11.042 Peo Cal.fVyy  mV 90000 -55.000 | -72.996  -36.002 -35.000
P26 NaPm:o mV 5000 25000 | 25000 5194 25000  Pel CaL.h:x mV -34000  -5000 | -33759  -7789  -34.000
Pa7 NaP.m: 1o ms 0.020 2.000 2.000 0.020 1.088 Pe2 CaL.Juoy mV 3.000 55.000 54.853 55.000 55.000
P28 NaPim:Tpay — ms 0.012 7.000 7.000 7.000 0.012 P63 CaL.h:o_ ms 3.000 55.000 54.824 4.362 55.000
P29 KlmVyp,  mV -69.000  -21.000 | -67.970 54343 -67.597  p CaL.img ms 5000 190.000 | 189.147  59.808  190.000
P30 KLm:x mV .000025.000 1 6734 15528 24.998 CalhTpee  ms 0.500  7000.000 | 6959.019 7000.000 7000.000
P E:-:fo’ ﬁ:’ Sggg 22‘;’0000 ;38[3) 8333 2[4-999983 Pes HCNAVy,  mV 90.000  -40.000 | -89.061  -63231  -67.150
o Kimoe e 000 30000 | 30000 1000 20979  Per  HCNAkmVoo7-40000 5000 ) -6416 - -3.000 - -38.150
p KumViy  mVo | 90000 21000 | 52803 -41932  -66958  Pes  HCNaoomV 5000 40.000 | 13.075  40.000 38297
P3s K2k mV 5000 48000 | 13597 10972  19.837 P& HCNRity ms 0.020  2.000 2.000 2.000 1.029
P36 K2.m:o mV 5000 48.000 | 11528 48000  45.659 P10 HCN AiTyge  ms 100.000  2000.000 | 2000.000 2000.000  1925.350
P37 K2.m:10 ms 0.020 2.000 0.020 0.020 2.000 P11 CalL:p um/s 0.000 10.000 0.000 0.010 0.000
P K2.m: Ty M 1000 30.000 1.838 1000 30000 CaT:p s 0.000 10000 | 0.000 0.003 0.004
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Assimilation and prediction of neuron output — N1

40 2.0
e Parameter
E Extraction Experimental voltage
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= Injected current profile
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Assimilation and prediction of neuron output — N2

— 200 300 400 500
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Prediction of the state of ionic gates

1.0
£ ——Nam
"g 0.5 4 — Nah
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@ ——Kn
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o EE
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0.0 LQL JL 4
1.0
£ B
2 oo T
= — Tt
0.0
1.0+
e
8] |
P 0.5 Cu
—hz
O.O_ T T T 1
0 500 1000 1500 2000

time (ms)

Predicting the state of the gate variables of the 9 ion channels — not accessible to the experiment! 13
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Uncertainty on parameter field

Separate the experimental signal ¥, _(t) into the useful signal ¥, () and the noise component v, (7).

Insert in the cost function:

i=N
CG0).5) =3 3 Vaaa 1) =V (1,,5(0). F)Y

i=N
= % (V) +v, () -V (2,.5(0). P))
i=0

1 i=N

=22 (t) =V (0. 30). )Y +%'=Z(v,, @)’
i=0

i=0

The cross term cancels as it is proportional to the noise average which is zero. The second term on the RHS gives tF

variance of the membrane voltage which when driven by thermal fluctuations is given by Nyquist theorem:
=N

(va)= 1 é("n(f;))z=4RkBT4f

N+17%
Entrlopx,f
_ _ 1 =N _ o I \
c(X(0). p) = 5 D Ve (t) =V (#,.5(0). D)) +2(N+DRkz Af T
/ izo '\ \
Total energy: Free energy: Random energy:
U F TS
F=0 achieved by direct T=0 achieved by
parameter search statistical inference
Hence: Noise behaves as a residual
temperature that prevents
sc=5T reaching the global minimum

through direct parameter search




N UNIVERSITY OF

Statistical inference of the “global” minimum

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

1 * y *
c=5(p-p") Hp—p")

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

0

c(x(0),p) 404 L
B N\
. 3 N2
> | O
E ol |
. i >-; H H CD | ; -: i
ellipsoid 5 R
ge=Kl Q 404 t o1 0t oL 9 i
Random : T 1 1 7
vector: P <3 - ! .
5 I I TH
KT T .80 il Gl Rl
3] | | T
o : | |
pj L%L ! ! 1
p
0, -120- '
. m h m m m h m m m h h
p = <P> NaT NaTNaP K1 K2 K2 K3 Cal CaT CaT HCN

Global minimum
Excellent agreement between the threshold

_ voltages extracted from 2 HVC neurons!
Nogaret et al, Sci.Rep. 6,32749 (2016) Physiologically meaningful parameter solutions
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Uncertainty on parameters

10+

T o i TS

T, T, (Ms)

120 -80 -40 0 40 -120 -80 -40 0 40

V (mV) V (mV)
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.

16
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Loss of Heart rate variability is a prognosis of heart-failure
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dullary Central Pattern Generators control Heart Pacing

Medulla VRG Motoneurons
PN stretch
Midbrain PN receptor
cerebellar Q ! SR 5
inputs ;

] G Carotid
= = cVN baroreceptd

RVLM
Retro-
Trapezoidal .\

Nucleus Nucleus
Coz _ I]tfn’? 02 p?;gggre Tractus —
Inflation Solitarii
sensor X sensor X VN / GPN
: et ey S ey Bt o o,
........................................................................ -‘.------..-..---......-......-.-..--..-
VN

DA can infer the network connectivity that restores
accurate adaptation to physiological feedback 18




Application of DA: machine learning

B Transient R §teady State

12_ S 7 S >>>
- Lam(2) S
' S
' 923 =
— (1) 5
: <

,srr'm(3)

Phase lag trajectory
converges to attractor

0.1 0.2 0.3 0.4 0.5 0.6
CI)21 19

4 HH neuron VLSI platform



Experiment

Ady,

Competing neurons
(inhibition)

Cooperative neurons
(excitation)

3N Central Pattern Generator

1.0

0.8f

0.6H

Ady |\

0.4

0.2[

1.0
0.8|
0.6}
Ay

0.4

0.2

8.0

0.2

0.4 06
Ady

0.8

1.0
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Wojcik et al., Phys. Rev. E 83, 056209 (2011)
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4-6 neuron CPGs — electrical switching of motor patterns

Trajectory

MNeuron1
Neuron2
Neurand
Control Spike

(N-1)!'=6
Attractors L B
0.182 0.184 0.186 0.188 GI.ESQ: 0.192 0.194 0.196 0.198 0.2
Stimulus induced switching between attractors
Demonstration of command neuron action to
switch motor patterns e.g. gaits
Scaling of attractors —(N-1)!
Switching between attractors is
(N-1)! = 120 induced by command pulses
Attractors Analog CPGs integrate instantly

DA may “engineer’” basins of
attraction to produce specific gaits.
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Phase map of 3N winnerless network

23
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NaT K2 K3 Cal CaT

(a) O T. T, T Ty T Tm T
—l— N1 P i L ORI 0.20
1 Jé oy L_rq(.‘ i .0.13
5[5 o
g ' 0
3
[
- £
e i :
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1 I I 1 1 I I
0 10 20 30 i 40 50 60 70
0.5
The eigenvalues of the Hessian matrix H are the
. 0.4+ half-axes of the 71D-ellipsoid:
=
S
."fg 0.37 The spectrum of eigenvalue decays exponentially.
D
ke
g 021 The “sloppiest” — most loosely constrained — are
§ the time constants of the model, the most tightly
» 0.1 OV, (N2 constrained are the gate voltage thresholds.
-, (N |
e | , ©-1,,(N2) ||
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