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Abstract

The cerebellum, important in learning and movement, receives input from the inferior olive (10),
anucleus of cells which support subthreshold oscillations and synchronous spiking. lonic
models of these cells have uncovered key kinetic parameters directing the frequency and
synchrony within individual 10O neurons. Experimentally, electronic coupling between these
cells has been shown to affect the synchrony and overall output of individual 10 neurons and
larger networks within the |O. In an effort to uncover the role in learning that the |O may play, a
mathematical model is developed to view the effects of ionic and kinetic parameter control of
oscillations in and among electronically coupled 10 neurons. The small adjustment of the slow
inactivation kinetics of an inwardly rectifying potassium channel, in conjunction with a tuning
parameter, offers a powerful mechanism for adjusting the onset of oscillations, their frequency,
and that of subsequently connected neurons.

Introduction

A core component in learning and executing coordinated movement is the cerebellum. The
inferior olive (10) nucleus supplies input to the cerebellum via climbing fibers from neurons
which have the ability to sustain subthreshold oscillations in membrane potential, both as
individual neurons and together in networked groups of cells. Therole of 10 neuronsin learning
has yet to be established but may reside in the spatiotemporal dynamics of these oscillationsin
IO circuit input to the cerebellum.

A small number of 10 neuron models have been established showing experimental agreement
with both the kinetic parameters leading to subthreshold oscillations and their affect on spiking
and stability (1-4). The rhythmic nature of the oscillations provides opportunity for
synchronizing or desynchronizing multiple cells if electronically coupled, and thus a mechanism
for altering the probability of action potential firing or delivery of information to the cerebellum
ingeneral.

Electronic coupling between 10 cells has been shown to contribute to the synchronizing of
separately asynchronous 10 cells (4-7), the blocking of which directly affects the recipient
Purkinje cell spiking behavior (6,7). Larger 10 ensemble oscillations have been witnessed
arising from clusters of 100+ coupled 1O neurons (4). It is clear that the status of connectivity
when combined with the oscillatory behavior and the ability to synchronize can strongly impact
the eventual 10 output signal.

In order to understand the role electronic coupling has in modulating 1O output, and subsequent
possible implications for cerebellar learning, it is necessary to combine the known ionic and
dynamical bases for 10 neuronal subthreshold oscillations with effects of electrical coupling.



Here a mathematical model of multiple electronically coupled 10 neuronsis utilized to

investigate the effects of key kinetic parameters on oscillation and synchrony among the

individual cells and as a group.

M ethods

Currents and parameters consistent with experimental data and previous models were used build

aMATLAB model of an 10 neuron. The membrane potential for each cell isgiven as:
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Tablel

Table 1 shows the values for conductances and

Conductance (nYS?lcﬁz) Potential \(/nil\L;)e reversal potentials used in the model.
9 0.1 5 0 | The full MATLAB code is available as three
-~ Separate
Oks 14 Ey 55 | programsin Appendix A.
Ona 52 Eva -90 _ _ o
- For this analysis, all neurons modeled were identical
g_NaP 0.1 in their kinetic parameters. Table 2 provides the
Oka 40 conditions for all simulationsin this study. When
J, variable multiple runs were performed sequentially, g, was
incrementally increased by 1.
Table?2
Simulation total current | current | current 9.
number time start end magnitude | initial number of
(ms) time time (mA) value neurons | 'm. | O

1 8000 5000 5500 10 0 1 1|1
2 20000 5000 15000 40 0.2 1 1|1
3 8000 5000 5500 10 0.2 4 1|1
4 20000 5000 5500 10 0.2 4 1|1
5 8000 1000 4000 8 0 4 1|2
6 8000 1000 4000 4 0 1 1 |15
7 8000 1000 4000 4 0 1 10 | 1
8 8000 1000 4000 4 0 1 5 | 1
9 8000 1000 4000 4 0 1 8 | 1
10 8000 1000 4000 4 0 1 1|1
11 8000 1000 4000 8 0 4 1|1

Results

For all the simulations where 7, and o are held at 1, the neurons displayed fluctuating

potentials for the first second, eventually settling to aresting potential (example in figure 1).
Each neuron responded to injected current with a spike and the kinetic parameters responded as
expected. In cases with more than one neuron, synchronization occurred at the point the
membrane voltage reached resting potential. The phases of the neurons during the initial
asynchronization changed in response to increasing @, , but still settled to a synchronized state.

Increasing current increased the response with no other effect.

However, when the timing constant 7, for the Ks channel is altered or o is altered, the responses

of the neurons change drastically. Extremely high frequency oscillations appear in all neurons
with small changesin o or 7, (figure 2). The h_parameter is particularly sensitive to these



changes (figure 2b). The synchrony of these oscillations among a group of neurons is dependent
on g..

Figurel
Example neuron

. voltage over time.
4 Note theinitial
fluctuation and the
oscillation upon
current injection
(arrow).
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Conclusions

The frequency of the oscillations in response to differing values of 7, or o isorders of

magnitude higher than any models or recordings reported in the literature. There are at least two
potential reasons for thisresult. The most likely explanation is that the channels and their
parameters need to be modified in some way not clearly reported by other studies. However, it
could be that conditions in this model have not been previously tested. There has been little
investigation into what the parameters 7, and o correspond to physically. Oscillations at these

frequencies provide an opportunity to deliver massive amounts of information in short bursts and
increase the capacity for synchrony and asynchrony to store and retrieve information. Cleary
more research is needed to discover whether these oscillations are a result of incorrect modeling
or if they might correspond to some physical process not yet evoked experimentally or in other
simulations.
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APPENDIX A

function WM end_time, | _begin,|_end,|_ext,g gaba_init,total _runs,n_tot,fig)

% I nferior olive nodel neurons, nultiple
% Jason Ml nerney, jasonm@al k. edu

% the follow ng are passed via argunents

% total _runs = 1; % nunber of runs
% n_tot = 4; % nunber of neurons
% fig = 300; % starting number of figures

% end_tinme = 20000; % (ns)

% | _begin = 5000; % (nB)

% | _end = 15000; % (ns)

% | _ext = 100; % mi cAl cn2
C =1.0; % (m cF/ cn2)
gNabar = 52; % nf5/cnm'2

gl Nabar = 0.1;

gNaPbar = 0.1;

gKdbar = 40;

gKsbar = 14;

eNa = 55; % sodi um rest potential (nV)
eK = -90; % pot assi um
el Na = -60; %1 eak

g_gaba = g_gaba_init; % GABAa synapse conductance (nS/ cnt2)
b_r = 0.18; % backward rate contstant (ns”-1)

time_vector = 0:0.1:end_tine;
tspan= [0 end_tine];

%apply the stimulus only at specified tinme frame
| _vector = ((time_vector > | _begin) & (time_vector <1 _end)) * |_ext * rand(1);
% 1 _vector gives the injected current for each tinme point

tot = 0;

% | oop through the nunber of runs
for i=0:total _runs-1

run_cnt =i + 1

tic

g_gaba = g _gaba_init + i;
% | oop through all neurons

for j=1l:n_tot
% initial values

init(j*8-1) = -60; %V
init(j*8-2) = 0; % m\a
init(j*8-3) = 0; %hNa
init(j*8-4) = 0; % nkd
init(j*8-5) = 0; % nKs
init(j*8-6) = 0; %hl (Ks)
init(j*8-7) = 0; %h2 (Ks)
init(j*8) =0; %r

% paranmeters put into a single vector, p
p(j *11-10) = gNabar;

p(j *11-9) = gNaPbar;
p(j *11-8) = gKdbar;
p(j *11-7) = gKsbar;
p(j *11-6) = gl Nabar;
p(j *11-5) = eNa;
p(j *11-4) = ekK;
p(j *11-3) = el Na;
p(j*11-2) = C
p(j*11-1) = g_gaba;
p(j*11) = b_r;

end;

[t,y]=0del5s( @W ode, tspan,init,[],p,time_vector,|_vector,n_tot,curfile);



rundata(:,:,run_cnt) =vy;
timedata(:,run_cnt) =t;
toc
tot = tot + toc
end
% save all data for later manipulation
save rundata. mat rundat a;
save tinmedata.mat tinmedata;

function y = WM ode(t,z,p,tine_vector,|_vector,n_tot,curfile)

y_sv = zeros(n_tot*8);

for j=1l:n_tot
rho = 0. 6; % for Ks
sigm = 1; % for tuning threshol ds
ql0 = 200/ 7; % tenperature dependence
linp = interpl(time_vector,|_vector,t);
V = z(j*8-1);
mNa = z(j*8-2);
hNa = z(j*8-3);
nKd = z(j*8-4);
mKs = z(j *8-5);
hl = z(j*8-6);
h2 = z(j*8-7);
ro=2z(j*8);
Vpre =V,

if (j*8 + 1) > n_tot*8
Vpost = Vpre;
el se
Vpost = z(j*5 + 1);
end

Y%par anet ers

gNabar = p(j*11-10);
gNaPbar = p(j*11-9);
gKdbar p(j *11-8);
gKsbar p(j *11-7);
gl Nabar = p(j*11-6);
eNa = p(j*11-5);

eK = p(j*11-4);

el Na = p(j*11-3);
C=p(j*11-2);

%li fferential equations

% GABAa i nhi bitory synapse

g_gaba = p(j*11-1); % GABAa synaptic conductance
b_r = p(j*11); % backward rate constant (nHz)
Ecl = 70; % Cl reversal potential (nV)
Tmax = 1.5; % max [neurotransmitter] (mV)
Kp =5 % (mV)

Vp = 72; % (nV)

a_r =5; % (nmHz/nmV)

YiNa

amNa = q10*0. 1*(V+30-sigma) / (1- exp(-0.1*(V+30-sigmm))); % alpha for Na m fast activation
bmNa = q10*4*exp((-V-55+sigm) / 18); %beta for Na m

mNadot = anmiNa*(1-nmiNa) - bniNa*mNa;

ahNa q10*0. 07*exp( (- V- 44+si gm)/ 20); % al pha for Na h, inactivation
bhNa ql0*1 / (l+exp(-0.1*(V+14-sigm))); %beta for Na h
hNadot = ahNa*(1-hNa) - bhNa*hNa;



9%NaP

mNaP = 1 / (1+(exp(-(V + 51) / 5))); Y%stead-state

%<d

anKd = q10*-0.01*(V+34-sigma) / (exp(-0.21*(V+34-sigm))-1);
bnKd = q10*0. 125*exp(- (V+44-sigm) / 80);

nKddot = anKd*(1-nKd) - bnKd*nKd;

%Ks

mKstau = 1; %y be inportant in deternining oscillation properties
nKsinf =1/ (1+(exp(-(V + 34) |/ 6.6)));

hltau = 200+220*(1 / (1+(exp(-(V + 71.6) / 6.85))));

hlinf =1/ (1+(exp(-(-V + -65) / 6.6)));

h2tau = 200+3200*(1 / (1l+(exp(-(V + 63.6) / 4))));

h2inf =1/ (1+(exp(-(-V + -65) / 6.6)));

mKsdot = (nKsinf - nKs) / nKstau;
hldot = (hlinf - hl) / hiltau;

h2dot = (h2inf - h2) / h2tau;

INa = gNabar * mNa”3 * hNa * (V - eNa);

NaP = gNaPbar * mNaP * (V - eNa);

gKdbar * nkKd*"4 * (V - eK);

gKsbar * nKs * ((rho * hl) + (1 - rho) * h2) * (V - eK);
L = gl Nabar * (V - el Na);

gaba = g_gaba * r * (Vpost - Ecl); % GABAa synapse current

T = Tmax / (1+exp(-(Vpre - Vp) / Kp)); % [neurotransmtter] in cleft
rdot = ar * T* (1-r) - b_r *r; %fraction of open receptors

Vdot = (-IL - INaP - IKs - INa - IKd - Igaba + linp) / C

y_sv(j*8-1) = Vdot;
y_sv(j*8-2) = nNadot;
y_sv(j *8-3) = hNadot;
y_sv(j *8-4) = nKddot;
y_sv(j *8-5) = nKsdot;
y_sv(j*8-6) = hldot;
y_sv(j*8-7) = h2dot;

y_sv(j*8) = rdot;
end;

for j=l:n_tot*8
if (j ==1)

y = y_sv(1);

el se

y

[y; y_sv(i):1;
end
end



