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Abstract. We present methods for using the general- 
purpose network analysis program, SPICE, to con- 
struct computer models of excitable membrane display- 
ing Hodgkin-Huxley-like kinetics. The four non-linear 
partial differential equations of Hodgkin and Huxley 
(H-H; 1952) are implemented using electrical circuit 
elements. The H - H  rate constants, ~ and /~, are 
approximated by polynomial functions rather than 
exponential functions, since the former are handled 
more efficiently by SPICE. The process of developing 
code to implement the H - H  sodium conductance is 
described in detail. The Appendix contains a complete 
listing of the code required to simulate an H - H  action 
potential. The behavior of models so constructed is 
validated by comparison with the space-clamped and 
propagating action potentials of Hodgkin and Huxley. 
SPICE models of multiply branched axons were tested 
and found to behave as predicted by previous numer- 
ical solutions for propagation in inhomogeneous 
axons. New results are presented for two cases. First, a 
detailed, anatomically based model is constructed of 
group Ia input to an ~-motoneuron with an excitable 
soma, a myelinated axon and passive dendrites. Sec- 
ond, we simulate interactions among clusters of mixed 
excitable and passive dendritic spines on an idealized 
neuron. The methods presented in this paper and its 
companion (Segev et al. 1985) should permit neurobio- 
logists to construct and explore models which simulate 
much more closely the real morphological and physi- 
ological characteristics of nerve cells. 

1 Introduction 

In the preceding paper we demonstrated how the 
general purpose network analysis program, SPICE, 
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may be used to model cells that are anatomically 
complex but electrically passive. In this paper we show 
how to use SPICE in simulating action potentials and 
other nonlinear membrane phenomena. As with pas- 
sive neurons, the approach involves representing the 
cell as a soma and a set of interconnected dendritic and 
axonal segments, each of which is sufficiently small to 
be regarded as an isopotential compartment. The 
advantage of the compartmental approach is that no a 
priori constraints are placed on circuit topology or on 
the types of elements that comprise a compartment 
(Rall 1964). Therefore one may, in theory, model cells 
of arbitrary complexity with regard to morphology 
and membrane properties. Of interest for the present 
purpose is the possibility of replacing the simple R -  C 
impedance of the passive membrane compartment 
with a Hodgkin-Huxley-like active impedance. 

Compartmental modeling has already proven use- 
ful in simulating excitable axons with simple geome- 
tries (Cooley and Dodge 1966; Rall and Shepherd 
1968; Kodorov et al. 1969; Parnas and Segev 1979) and 
structurally simplified neurons with a combination of 
active and passive regions (e.g. Traub 1982; Moore and 
Westerfield 1983). However, if one wishes to represent 
the morphology and membrane properties of cells 
more realistically, the numerical analysis of such 
detailed models requires the solution of a system of 
thousands of linear equations, the matrix represen- 
tation of which, though extremely sparse, shows no 
simplifying regularity (Rall 1964; Perkel and Mulloney 
1978). Furthermore, in the nonlinear (e.g. excitable) 
case these equations must be solved repeatedly as the 
entries in the matrix change due to the dependence of 
the entries upon the changing potential. The tech- 
niques described in this paper, together with those 
presented in the preceding paper (Segev et al. 1985) 
allow the modeler to achieve a degree of fidelity to real 
cell anatomy and real membrane behavior that, to the 
authors' knowledge, has not been practical heretofore. 
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The plan of this paper is as follows. In Sect. 2 we 
show how SPICE circuits may be designed to simulate 
Hodgkin-Huxley (H-H) membrane and propagated 
action potentials. For illustrative purposes, the imple- 
mentation of the sodium conductance is presented in 
some detail. The complete SPICE source code for an 
H-H compartment and notes on developing a system 
for generating SPICE input files are contained in the 
Appendix. In Sect. 3 the accuracy of these solutions is 
demonstrated by comparing them with previously 
published numerical analyses of relatively simple 
axonal systems (Sect. 3.1). These circuits are then used 
to produce an anatomically detailed model of a spinal 
a-motoneuron with passive dendrites and an active 
soma and axon (Sect. 3.2) and an idealized dendritic 
tree with excitable and passive dendritic spines 
(Sect. 3.3). In Sect. 4 the results of these simulations are 
discussed, together with the advantages and limita- 
tions of the tools developed here. 

2 Model Formulation 

The H-H equations describe the total membrane 
current during an action potential as the sum of a 
capacitative current and three ionic currents, carried 
by sodium, potassium, and other ions (Hodgkin and 
Huxley 1952). The sodium and potassium currents 
flow through separate conductances that are time- and 
voltage-dependent, while the third "leak" conductance 
is constant. One approach to implementing the H-H 
equations in SPICE would be to design literal circuit 
equivalents of the elements comprising an active 
compartment. This approach would require time- and 
voltage-dependent conductance elements not readily 
available in SPICE. An alternative approach is to 
exploit the equivalence between operations performed 
by the various elements available in SPICE and formal 
mathematical operations, as was done to obtain the 
alpha-shaped synaptic conductance in the preceding 
paper (Segev et al. 1985). For example, capacitors 
perform differentiation, and polynomial-controlled 
current and voltage sources necessarily compute poly- 
nomials. We have, for the most part, found it effective 

to use the latter approach, although it is helpful to use 
some data available directly from the literal portion of 
the cell model, such as membrane potential. 

We will now begin to implement the H-H equa- 
tions in SPICE. It should be kept in mind that the 
information presented here is not intended to replace 
the SPICE manual, and is best understood with 
reference to the manual. Note that we measure poten- 
tial in volts. Resting potential is taken as zero and 
depolarization is positive. 

The equation for the membrane potential is 

Cd V/dt = - -  gNam3 h (  V - ENa ) - -  g K n a ( v  - EK) 

--gL(V--EL). 

The translation into SPICE code is made term by term. 
The first term, Cd V/dt, is the current flowing through a 
capacitor of size C. Assuming an area of 1 cm 2, the 
SPICE equivalent of this term is 

CE 1 0 1U IC=0  

RE I 0 IE10 

where node 1 is used to measure membrane potential 
and node 0 is ground. If we assume a specific mem- 
brance capacitance of 1 #F/cm 2, the value of CE is 
1 #F. Since SPICE requires that each node have a DC 
path to ground, an arbitrarily large resistor, RE, is 
connected for that purpose. 

The next term is the current in the sodium pathway, 
represented schematically in Fig. 1. The SPICE repre- 
sentation for this term is 

EMNA 15 0 1 11 1 

RMNA 15 0 1El0 

EM3H 16 0 

POLY(2) 2 0 3 0 0 0 0 0 0 0 0 0 0 0 0 1 

RM3H 16 0 1El0 

GNA 0 20 POLY(2) 15 0 16 0 0 0 0 0 - 1 2 0 M  

VINA 20 1 0 

VNA 11 0 115M 

RNA 11 0 1El0 

'~ I = 20 G N A  
15 

,4 
v. 

Fig. 1. Schematic diagram of the components of the 
SPICE circuit which produces the sodium current. 
Each circuit element is shown with its controlling 
nodes to the right (arrows) and its output node to the 
left. Numbers inside the blocks correspond to node 
numbers of the SPICE code in the text. The block 
diagram for the h variable (dotted) is similar in 
structure to that of the m variable (see Appendix) 
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The equilibrium potential for sodium is set l l 5 m V  
above rest by the VNA battery, and appears between 
node 11 and ground. The (V--ENa) term is the voltage 
difference between node 1 and node 11 and is com- 
puted by a voltage-controlled voltage source (identi- 
fied by the leading "E") called EMNA, and appears 
between node 15 and ground. The m3h term is 
implemented by the EM3H element, a voltage source 
controlled by two different voltages. The controlling 
voltages at nodes 2 and 3 correspond to the m and h 
variables, respectively, described below. The string of 
eleven zeros followed by 1 specify zero coefficients for 
all terms in the two-dimensional polynomial except for 
the m3h term (see Segev et al. 1985). The voltage- 
controlled current source, GNA, computes the product 
of the driving potential (V--ENa) at node 15 and the 
mah term at node 16. The coefficient of that product, 
- 1 2 0 E - 3 ,  depends on membrane area (1 cm 2) and 
the value chosen for peak sodium conductance 
(120mS/cm2). As above, the large resistors, RMNA, 
RM3H, and RNA provide DC paths to ground for 
nodes 15, 16, and 11. The zero-valued battery, VINA, 
serves as an ammeter for measuring the sodium 
current. The terms for the potassium and leak conduc- 
tances are developed similarly. A complete circuit 
description is given in the Appendix. 

The dynamics of the sodium activation variable, m, 
are described by the differential equation 

~dm/dt=am(1 -m)-f lmm; m(0) = 0.05293. 

As in the case of the membrane potential, we develop 
the SPICE circuit equivalent to this equation term by 
term. The first term, c)dm/dt, becomes 

CM 2 0 0.26M IC=0.05293 

RM 2 0 1E10 

reflecting the assignment of the sodium activation 
variable to node 2, as mentioned above. Recalling that 
capacitors perform differentiation, we take the tempera- 
ture factor, ~b, of 0 .26E-3 at 18.5 ~ as a capacitance, 
CM, associated with the m variable (see Hodgkin and 
Huxley 1952). The value of m at resting potential, 
computed as mo=amo/(a,,o+fl~o) , is 0.05293. The 
second and third terms in the equation are constructed 
using voltage-controlled current sources: 

GAM 0 2 POLY(2) 2 0 5 0 0 0 1 0 - 1  

GBM 0 2 POLY(2) 2 0 6 0 0 0 0 0 - 1 .  

The coefficients in the GAM source are just those of 
a,,(1 - m), where am is assigned to node 5. In the GBM 
term, the coefficients are those of -fl,,m, where flr~ is 
assigned to node 6. The differential equations for the 
sodium inactivation variable, h, and the potassium 
activation variable, n, are similar in form and are 
presented in the Appendix. 

In the original formulation of Hodgkin and Huxley 
(1952), rational functions of exponentials were devel- 
oped to fit rather noisy data for the a and fl rate 
constants. While these functions can be translated into 
SPICE, the resulting models are very slow, due to the 
inefficient algorithms used in SPICE for computing 
exponentials. For this reason, we were led to consider 
the use of polynomial approximations to the a and/3 
functions. The handling of polynomials in SPICE is 
both faster and more robust. Here we indicate for the 
function am how the polynomial was constructed. 
Similar procedures were followed for the other poly- 
nomials (see Appendix). 

We selected a polynomial with the correct general 
characteristics by examining a graph of the function 
between the sodium and potassium equilibrium poten- 
tials. The coefficients of this polynomial were then 
adjusted by the method of least squares using the 
MLAB modeling language (Knott 1979) to produce 
the best agreement between the polynomial and the 
exponential representation at 100 points between the 
limiting values. In all cases, the resulting polynomial 
approximations were virtually indistinguishable from 
the original exponential functions. 

The analytic form of the a function is 

am(V) = (100V- 2.5)/(1 - exp(2.5 - 100V)). 

Despite the presence of a removable singularity at 
V= 0.025, which may be numerically troublesome, this 
is a smoothly increasing function suggesting a poly- 
nomial of the form 

p(V) =Po nt- pl V-t- P2 V2 -k-P3 Va + P4 V4. 

The set of coefficients producing the best fit to the 
H - H  exponential function was: 

po=0.2219835; Pl = 0.01579824E3; 

p2 =0.5137337E3; p3 = 5.484648E3, 

and 

P4 = - 48.4686E3. 

The SPICE translation of this expression is made 
using the polynomial-controlled voltage source 
shown below. 

EAM 5 0 1 0 0.2219835 0.01579824K 

0.5137337K 5.48464K -48.4686K 

RAM 5 0 1El0 

3 Model Performance 

3.1 Comparisons with Previous Numerical Solutions 

When building a computer model of a complex system, 
one is faced with a serious problem of validation: how 



44 

1 0 0 0 ~  

E 

3 0 

O r*, 

-1000 ' ' ' ' 
0 0.5 1.0 1.5 

Time Cms) 

100 

0 

go 

< 

j0 

I 
2.0 

Fig. 2. SPICE simulation of an H-H "membrane" action poten- 
tial (continuous line) and action currents (dashed lines). The 
action potential, V, with a peak amplitude of 97mV (right 
ordinate), was initiated by a brief, barely suprathreshold current 
pulse, visible as a deflection during the rising phase of V. The 
sodium (IN,), potassium (Ir3 and capacitative (Ic) currents and 
the membrane potential, are identical to those obtained by other 
computational methods used to solve the original H H 
equations 
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Fig. 3. SPICE simulation of a propagated action potential in the 
squid axon (continuous line). The length of the axon was 102, 
with A X  =0.2 and At =0.01 ms. The action potential is shown at 
five points along the axon, starting at the point of initiation, 
X = 0, and at cable distances i, 2, 3, 4, and 52 from the origin. The 
dashed line shows the solution of the same problem obtained by a 
numerical method coded in FORTRAN (Parnas and Segev 
1979). The shape and conduction velocity of the two spikes are 
nearly identical 

do we know that the model is performing satis- 
factorily? Some standard for comparison is required. 
For  the case of the passive dendritic tree (Segev et al. 
1985), the SPICE results were compared to analytical 
solutions derived by Rall and Rinzel (Rall 1959; Rall 
and Rinzel 1973; Rinzel and Rall 1974). In the case of 
an H - H  axon, an analytical solution is not available. 
However, for some simple geometries, previous work 
has provided numerical solutions to which the so- 
lutions produced by SPICE can be compared. 

The first case to examine, as Hodgkin and Huxley 
did in their original paper, is the behavior of a nerve 
which is space-clamped to produce a "membrane" 
action potential. This case is modeled in SPICE using a 
single isopotential H - H  compartment. Figure 2 (con- 
tinuous line) shows the membrane potential, where we 
have used the polynomial approximations to the 0~ and 
/~ functions of H-H.  The solution to the original H - H  
equations, computed using the MLAB language 
(Knott  1979), was indistinguishable from this approx- 
imation. The dashed lines in Fig. 2 show the as- 
sociated currents for sodium (In,), potassium (IK), and 
capacitance (Ic). Again, the solutions obtained by the 
two methods are nearly identical. We note that this 
SPICE simulation, on a VAX 11/750 with floating 
point accelerator, took 1.7 rain when the polynomial 
approximations to the ~ and fl functions were em- 
ployed, and about  6 min when exponential represen- 
tations were used. 

The next simplest case is a uniform axon along 
which the action potential travels with a constant 
velocity (Hodgkin and Huxley 1952). A solution for 
this case is shown in Fig. 3. The dashed line describes 

the propagation of an action potential using the 
regular H - H  parameters for the squid axon at 18.5 ~ 
as computed numerically using a F O RTRA N  program 
described elsewhere (Parnas and Segev 1979). The 
continuous line shows the SPICE solution for the same 
case using the polynomial approximations to the e and 
/~ functions. As in the passive models of the companion 
paper, the integration step, At ,  was 0.01 ms, and the 
segment length, A X ,  was 0.22. The agreement between 
the two calculations is excellent for the spike shape 
parameters and velocity. No noticeable differences 
resulted from subdividing the segments into 0.12 
lengths. 

We are interested in using SPICE for simulating 
morphologically more complex axons. Numerical so- 
lutions for axons with gradual or discrete changes in 
diameter have been published (Khodorov et al. 1969; 
Dodge and Cooley 1973; Goldstein and Rall 1974; 
Parnas et al. 1976), as have solutions for axons with a 
single bifurcation (Pastushenko et al. 1969; Parnas 
and Segev 1979; Joyner et al. 1980). Solutions for axons 
inhomogeneous in both respects are also available 
(Moore and Westerfield 1983; Waxman and Wood 
1984; see also reviews of Khodorov  1974; Waxman 
1975; Swadlow et al. 1980). We used the results of these 
studies as reference cases to validate the performance 
of SPICE. 

A particularly sensitive case is the behavior of the 
action potential propagating through a branch point 
in which the geometrical ratio (GR) is larger than 
unity. The definition of GR is 

GR = (A3/2 ._t. A3/2h/r13/2 
k ~ l  ~ ~ 2  ]1~0 
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where do is the parent branch diameter and dl and d2 
are the daughter branch diameters (Goldstein and Rall 
1974). In such cases one expects the spike to show a 
decreased amplitude as well as a late "hump" due to 
"back reflection" in its falling phase just before the 
bifurcation. Immediately following the bifurcation, the 
spike is delayed, broadened, and reduced in amplitude 
(Khodorov et al. 1969; Goldstein and Rall 1974; 
Parnas and Segev 1979). Further  increases in GR 
beyond a critical value block propagation of the spike 
into the daughter axons. Just below that critical value, 
there is a narrow range of values of GR in which the 
spike will propagate in both directions from the 
bifurcation. All of these phenomena have been found 
experimentally and theoretically (Goldstein and Rall 
1974; Parnas and Segev 1979; Grossman et al. 1979; 
Smith 1983). 

The sequence of responses described above are 
reproduced quite well using SPICE to represent the 
branching axon, with the same values for At and A X  as 
previously. In Fig. 4 an axon of 22 with sealed ends is 
modeled. The point at which a brief, slightly supra- 
threshold, current pulse was delivered is the origin 
(X = 0) and is denoted as point 1. Points 2, 3, 4, and 5 
are at X = 0 . 8 ,  1.0, 1.2, and 2.02 from the origin, 
respectively (see inset). 

In the upper left frame of Fig. 4 an axon divides into 
five daughter branches, each equal in diameter to the 
parent. The figure shows the "hump" at point 2 just 
before the branch point, as well as the delay in 
propagation at point 3. The amplitude of the spike is 
depressed at both locations. These features are still 
more pronounced at the thirteen-fold furcation shown 
in Fig. 4, upper right. Backward propagation is ob- 
served for a GR of 15, illustrated in the lower left of that 
figure (note the change in the time scale). Further 
increase in the number of daughter axons results in a 
propagation failure at the branch point (Fig. 4, lower 
right). Note  that five H - H  compartments were used 
per length constant. When GR = 15, for example, there 
was a total of 80 compartments. SPICE simulation for 
this case required 16 h CPU time. 

The results in this section illustrate that SPICE 
correctly solves the nerve impulse propagation 
equations for several critical cases. We expect, there- 
fore, that solutions obtained using this program for 
other topologically complex, excitable neurons are 
likely to be correct. 

3.2 Action Potential in c~-Motoneurons 

SPICE simulations of cat e-motoneurons have 
enabled us to match the experimentally measured 
electrical properties of these cells [input resistance 
(RN), electrotonic length (L) and time constant (%)] 
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C 

I 2 4 15 , - ~  GR-5 

0.0 0.4 0.8 1,2 1,6 2.0 
Time [ms) 

GR=15 

010 ' 016 '  112 ' 118 ' 214 ' 310 
Time (ms) 

B 
GR=13 

0.0 0.4 0,8 1.2 1.6 2.0 
Time (ms) 

D 
GR-17 

2 

0.0 0.4 0.8 1.2 1.6 2.0 
Time (ms) 

Fig. 4A-D. Propagation of action potentials in axonal trees. The 
simulated trees are shown schematically in the upper left comer 
of each frame. In all cases the cable length from point 1 (the 
"origin") to the terminals is 2Z. The parent axon is 12 long from 
point 1 to its bifurcation at point 3. All of the daughter axons are 
equal in length and diameter to the parent axon, hence the 
geometrical ratio (GR) defined in the text is simply the number of 
the daughter axons. In each case, the sequence of recording 
points is as shown in the upper left frame. Points t, 2, 3, 4, and 5 
are 0, 0.8, 1.0, 1.2, and 2.0 length constants from the origin, 
respectively. The dependence of the back reflection upon GR can 
be traced through panels A-D. When GR=5, there is a 
noticeable hump in the falling phase of the spike at point 2 (panel 
A) which becomes more distinct and delayed when GR= 13 
(panel B). When GR= 15 (panel C, note change in time scale) 
both forward and backward propagation is evident. Finally 
(panel D), for GR= 17, there is a complete block of propagation 
at the branch point 

with their morphology, as reconstructed from serial 
sections after H R P  injection. The main finding was 
that the specific membrane resistivity in the soma is 
lower than in the dendrites (Fleshman et al. 1983). 
Using this empirically determined electrical model, we 
simulated a composite group Ia EPSP, taking into 
account the quantitative spatial distribution of Ia 
boutons onto the cell surface (Burke et al. 1984). These 
simulations were restricted to motoneuron models 
with passive membrane. 

Motoneurons,  of course, do have regions of excit- 
able membrane. When synaptic depolarization reaches 
threshold in a healthy motoneuron, an action potential 
of 70-90 mV is generated, as measured from the soma 
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(see review by Burke and Rudomin 1977). In this 
section we examine the effect of such an orthodromic 
potential on the polarization of the dendrites. This is 
an important issue when considering questions of 
information processing in motoneurons and, further, 
serves as a non-trivial test of the capabilities of SPICE, 
combining the complex topology of the motoneuron 
with the complex membrane properties of an excitable 
soma and axon. 

The cell simulated here, shown in Fig. 5A, is a 
soleus motoneuron with 12 dendrites and a total 
surface area of approximately 412,000gm z. Three 
hundred synaptic boutons (using the synapse circuit 
from Segev et al. 1985) were distributed over the soma- 
dendritic surface to simulate the composite group Ia 
EPSP (Burke et al. 1984). One way to reproduce the 
experimentally observed values of RN, L, and and Zm is 
to allow R,, to increase as a sigmoidal function of 
distance from 3000f~cm z at the some to about 
30,000f~cm z in the most distal dendrites (Flesh- 
man et al., in preparation). With this R~ distribution, 
and a maximal compartmental electrotonic length 
criterion of 0.22, the SPICE model for this cell required 
780 passive compartments. The soma was made active 
by substituting an H-H compartment for the original 
R - C elements, taking care that, at rest potential, the 
correct somatic R,, was preserved. An excitable myelin- 
ated axon with an initial segment and ten nodes of 
Ranvier was attached to the soma. The dimensions of 
the initial segment and the axon were taken from 
Cullheim and Kellerth (1978). Anatomical parameters 
and the density of excitable channels relative to the 
squid axon are given in Table 1. 

In our computations, the temperature compensa- 
tion factor, ~b, was adjusted to the cat's core tempera- 
ture, 37 ~ Barrett and Crill (1980) and Barrett et al. 
(1980) have shown that, in cat e-motoneurons, zh and z, 
are slower by a factor of 5-10 relative to the squid at 
37 ~ In agreement with Moore et el. (1983), we found 
that, using the original H-H equations, an antidromic 
action potential failed to invade the soma and an 

orthodromic action potential could not be produced 
from the soma. Therefore, in our simulations the 
sodium inactivation and potassium activation time 
constants were decreased by a factor of 10 relative to 
the original H-H parameters at 37 ~ 

Figure 5B shows the effect of a synaptically elicited 
orthodromic spike on dendritic membrane potential 
(continuous curve). The EPSP in the corresponding 
passive model is represented by the dashed curve. The 
upper left frame shows the potential at the soma, where 
an 88 mV action potential with a half-width of 0.7 ms 
arises from the EPSP. The average potential was 
measured in all dendritic compartments within a given 
interval of anatomical distance from the soma. The 
upper right frame of Fig. 5 shows the average potential 
of compartments in the 0-200 ~tm interval (73 compart- 
ments). At this distance the spike is attenuated to 
51 mV. The action potential peak becomes increas- 
ingly attenuated and delayed as it spreads electrotoni- 
cally through dendritic tree (note the change in the 
voltage scale for distances beyond 200gm). At 
800-1000 gm from the soma the effect of the spike on 
ambient membrane potential is negligible. 

Note that unlike the attenuation of the action 
potential, the group Ia EPSP is similar in shape and 
size at all dendritic locatons, i.e. the dendritic tree is 
essentially isopotential for the Ia input. This finding is 
explained by the wide spatial distribution of the 
synaptic inputs, in contrast to the highly localized 
source for the action current. For the parameters and 
ionic distributions chosen here (see Table 1), the action 
potential in the initial segment occurs earlier than in 
the soma (not shown). A similar though more pro- 
nounced differentiation of "A" and "B" spikes is 
observed experimentally (Fuortes et al. 1957). Finally, 
although the amplitude and half width of the simulated 
action potential are similar to those observed experi- 
mentally, the prominent after-hyperpolarization that 
characterizes real soleus motoneuron action poten- 
tials was not produced by the model. This point will be 
taken up in the Discussion. 

Table 1. Dimensions and membrane properties of compartments in the 
simulated motoneuron 

Diameter Length Capaci- Maximal ionic 
(gm) ~m) tance conductance a 

~F/cm 2) 

Soma 51 1 1 
Initial segment 3.5 26 1 10 
Internode (Myelin) 6.4 250 0.005 (250 K ~2 cm 2) 
Node 5.5 4 1 10 

a Relative to squid axon conductances obtained by Hodgkin and Huxley 
(1952) 
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Fig. 5A and B. Simulation oforthodromic action potential in cat c~-motoneuron. A Reconstruction of the HRP-filled motoneuron from 
which the anatomical data for the simulation were obtained. The axon is not shown. The input resistance of this cell was 4.2 M f~; the 
time constant was 12ms and the electrotonic length was 1.6 2. B The effect of a synaptically elicited action potential on dendritic 
membrane potential. In each frame the EP SP in a model with a passive soma and no axon (dashed line) is compared to that for the same 
model, but with an excitable soma and axon (continuous line). The upper left frame shows the potential at the soma; the remaining 
frames show the potential averaged over all dendritic compartments located within the indicated range of distance (in ~m) from the 
soma. Note the change in voltage scale for distances greater than 200 gm 

3.3 Excitable Dendritic Spines 

In most spiny neurons the majority of the synaptic 
contacts are made upon the spine heads (Gray 1959; 
Wilson et al. 1983). The possible significance of spine 
synapses for neuronal integration was first explored 
analytically by Rall and Rinzel (1971; Rall 1974, 1978) 
and, later, by several others (Jack et al. 1975; Kawato 
and Tsukahara 1984; Rinzel 1982; Koch and Poggio 
1983; Wilson 1984; Turner 1984). These studies all 
assumed that the spines (as well as the rest of the 
dendritic tree) were passive. 

Following circumstantial evidence by Diamond 
and Yasargil (1969) that spines may fire a spike, Jack et 
al. (1975) discussed the possible implications of excit- 
able spines for synaptic integration (see also Andersen 
et al. 1980). Recently, two groups have carried out 
detailed computations of the transient response of an 
excitable spine head to a synaptic input (Perkel and 
Perkel 1985; Miller et al. 1985). Both groups found 
that, for a reasonable range of spine parameters, a 
synaptic input to an excitable spine head may reach 
threshold for an action potential. As a result, the 
synaptic input would be significantly ampfified. 

Since the density of dendritic spines may be very 
high ( 2 4  per gm of dendritic length; Wilson et al. 1983), 
electrical interactions between individual spines, or 
clusters of spines, are to be expected. Indeed, Rall and 
coworkers have raised the intriguing possibility that, 

when a distal excitable spine reaches threshold, the 
electrotonic spread of depolarization could cause 
neighboring spines to fire (Miller et al. 1985; Rall and 
Segev 1985; Shepherd et al. 1985). In this section, we 
show the type of interaction to be expected in the 
measured range of spine density, assuming that some 
spines have an excitable (H-H type) head membrane. 

The inset in Fig. 6 shows a schematic model of a 
spiny neuron. This neuron consists of six equal den- 
drites, of which only one is shown in detail. Each 
dendrite is composed of a stem, 3.6 gm in diameter and 
112gm in length, which bifurcates repeatedly, ter- 
minating with sealed ends in the fifth order branches. 
At each branch point, GR = 1. Every branch has a 
cable length of 0.2, implying L = 1.2 for the tree. For 
this choice of parameters, the most distal branches (A 
and B in the enlarged portion of the inset) have a length 
of 35 gm and a diameter of 0.36 txm, while their parent 
fourth order branches (C in the inset) are 44 gm long 
and 0.6 gm in diameter (additional details of the model 
are given in the figure legend). 

From the census of distal spines made by Wilson et 
al. (1983), it is reasonable to assume that branches A, B, 
and C of Fig. 6 could each be decorated with at least 50 
spines. For the purposes of our model, we assumed that 
the fourth and fifth order branches each have exactly 
50 spines, of which 5 are excitable (filled heads in the 
figure inset) and the remaining 45 are passive (open 
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Fig. 6. Mutual amplification of excitatory synaptic input by 
clusters of spines with excitable heads. Upper flame: The model 
dendritic tree is shown in the inset. On each of the terminal 
branches (A and B) and their parent branch (C), there are 50 
spines. Five spine heads are excitable (filled circles) and 45 are 
passive (open circles). The five excitable spine heads in branch C 
receive direct excitatory synaptic input (triangles), resulting in 
intra-spine action potentials. This potential attenuates passively 
into branches A and B, where it is sufficient to produce delayed 
spikes in the 10 excitable spines in the terminal branches. Lower 
frame: The passively attenuated somatic potential is shown by 
the continuous line. For comparison we also show the result of 
synaptic input to five passive spines on branch C (short dashes), 
as well as a single synaptic input to the soma (long dashes). The 
spine parameters are: head area 1.5 ~tm 2, spine stem resistance 
spine parameters are: head area 1.5gin 2, spine stem resis- 
tance 630 M f~. Dendrite parameters are Rm= 2500 fl cm 2, 
Ri=70~cm, and Cm= 1 gF/cm. The excitatory synaptic con- 
ductances have a peak of 0.37 nS with time-to-peak of 0.2 ms, 
and a reversal potential of 100mV relative to rest. Input 
resistance at the soma is 7.0Mf~, and the density of ionic 
channels at the excitable spine heads is five times that of the 
squid axon 

heads in the figure inset). The model was constructed 
using two subcircuits, one for excitable spines and 
another for passive spines. SPICE subcircuits may be 
defined once, then invoked many times to create 
structures comprised of identical subunits. In the case 
analyzed here only the 5 excitable spine heads of 
branch C receive direct synaptic inputs (denoted by 
open triangles near the five excitable spines). 

The voltage responses of the model neuron at the 
region of the distal cluster of spines and at the soma are 
shown in the main body of Fig. 6. At the heads of the 
excitable spines in branch C an action potential of 
78 mV is initiated by the synaptic input. The result is an 
EPSP of 17.5mV at the base of this branch (Fig. 6, 
upper frame). Due to the sealed end boundary con- 
ditions at the terminals (see discussion by Rall and 
Rinze11973), the EPSP attenuates by only 4.5 mV from 
thebase of branch C to its daughter branches, A and B. 
This depolarization is sufficient to fire the ten excitable 
spines on these branches, after a delay of 0.78 ms. The 
firing of these additional spines results in a large 
(37 mV) voltage peak at the base of branches A and B 
which is attenuated proximally and appears as a 
delayed 16 mV peak at the base of branch C, as well as 
an even smaller 9 mV "hump" or "back reflection" on 
the falling phase of the spike at the excitable heads in 
branch C (compare to Fig. 4). Note that, as expected 
from the results of Rall and Rinzel (1973), the centrip- 
etal attenuation (from A and B to C in the present 
example) is always larger than the centrifugal attenua- 
tion (from C to A and B). For the same reason, the 
depolarization which spreads from C to its parent and 
sister branches is insufficient to fire the excitable spines 
on those branches. Thus the chain of excitation 
described above fails to spread further (see Discussion; 
also Rall and Segev 1985). 

The large composite EPSP at the soma (207 gV) 
attributable to the 15 activated spines on branches A, 
B, and C is shown by the continuous line in the lower 
frame of Fig. 6. Also shown (short dashes) is the 95 gV 
EPSP at the soma when five passive spines in branch C 
receive synaptic input (implying an amplification fac- 
tor of 2.18) as well as the 73 gV EPSP resulting when a 
single synaptic input is applied directly to the soma 
(long dashes). 

We note that the simulation of the excitable neuron 
presented here required about 20 rain CPU time on 
our VAX-11/750 system. 

4 Discussion 

In this paper and its companion (Segev et al. 1985), we 
have presented a simple and powerful approach to 
developing computer models of anatomically and 
biophysically complex nerve cells. This approach relies 
on the SPICE network analysis program, and on the 
use of computers powerful enough to solve very large, 
yet sparse, systems of differential equations. To evalu- 
ate these techniques and this technology, several 
questions should be asked: (1) Is such a modeling 
technique needed? (2) How well do these models 
reproduce nerve cell behavior? and (3) Is the method 
really a practical tool for neurobiologists? 
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4.1 Is the Model Needed? 

Analytical and simple compartmental models have 
proven to be very useful for studying and interpreting 
properties of a number of specific neuron types, for 
example, spinal e-motoneurons (Rall 1959, 1967; 
Burke and ten Bruggencate 1971; Jack and Redman 
1971a, b; Barrett and Crill 1974), hippocampal neu- 
rons (Traub and Llinas 1979; Turner and Schwartz- 
kroin 1980; Brown et al. 1981; Durant et al. 1983; 
Turner 1984), and retinal ganglion cells (Koch et al. 
1982). However, now that intracellular staining techni- 
ques permit the complete visualization of nerve cells, 
and, in some cases, concomitant visualization of 
specific input systems, there is a great deal more data to 
be incorporated in compartmental models. To faith- 
fully represent this more detailed anatomical data 
requires a larger number of compartments. Further, if 
one would faithfully represent voltage- and time- 
dependent membrane properties, each individual com- 
partment requires more computational effort. SPICE 
makes it possible, for the first time, so far as the authors 
are aware, to construct nerve cell models that simulta- 
neously take account of real nerve cell morphology 
and real nerve cell membrane properties. 

4.2 Is the Model Accurate? 

The question of the accuracy of a compartmental 
neuron model has two aspects: electrical and anatom- 
ical. In the electrical sense, a compartment is a region of 
the neuron in which potential is effectively uniform. It 
can be shown that as compartment size is reduced, the 
compartmental solution converges to the continuous 
solution of the cable equations. This situation is 
exactly analogous to the behavior of numerical 
methods which might be employed to solve the cable 
equations. Hence, there is no sense in which such 
numerical solutions are intrinsically more accurate 
than compartmental solutions. The number of com- 
partments required to achieve a solution satisfying a 
specified accuracy criterion depends upon the param- 
eter under study. For example, we have shown that, 
for a given cell model and a given criterion of accuracy, 
a smaller number of compartments suffices to study the 
steady state distribution of potential than is required 
when transient potentials are produced (Segev et al. 
1985). 

In the anatomical sense, a compartment can be 
viewed as a segment of an unbranched neurite within 
which the diameter is constant. Once again, the degree 
of fidelity with which a compartmental model follows 
the anatomical structure depends upon the question 
under study. For example, if the response to a proximal 
synaptic input is viewed from the soma, the fine 
morphology of the most distal dendrites is not signifi- 

cant. If, however, local interactions in dendrites are of 
interest, for example, between two adjacent spiny 
synapses, a detailed representation of that region is 
essential (Segev et al. 1985). 

For compartment lengths less than or equal to 0.22 
and an integration step less than or equal to 0.01-c,,, the 
lumping of the distributed resistance and capacitance 
of an anatomically homogeneous region into a single 
transmembrane impedance is a satisfactory approxi- 
mation (Segev et al. 1985). This is true both for passive 
and excitable cases in which voltage transients at the 
input regions (i.e. the synapses) and at other locations 
in the dendritic tree (e.g. the soma) are of interest. In the 
excitable case, the SPICE solution was found to be 
essentially invariant as AX and At were further 
reduced, indicating that neither spatial nor temporal 
discretization errors contributed significantly to the 
SPICE solutions. Furthermore, these solutions were 
virtually identical to solutions found by other numer- 
ical methods for several simple geometries. It should 
also be noted that the SPICE user has a choice of the 
Gear or trapezoidal numerical method. When the 
same problem was solved by both algorithms, the 
results agreed to within 2%, although the Gear 
algorithm was more time consuming by 20-30%. The 
trapezoidal algorithm thus seems preferable for our 
purposes. 

From our experience, we expect that one may make 
models accurate to within any reasonable error toler- 
ance, depending on one's willingness to make models 
with sufficient topological detail. However, as discus- 
sed below, certain combinations of membrane geome- 
try and membrane properties may impose heavy 
demands on CPU time and memory. 

4.3 Is the Model Practical? 

SPICE offers several important features which make it 
especially handy for modeling the electrical behavior of 
neurons. 1) Constructing the electrical equivalent 
circuit for a neuron and its corresponding SPICE input 
list is a fairly straightforward procedure, as we have 
shown. 2) As demonstrated in the spine models of 
Sect. 3.3, the subcircuit facility is a particularly conve- 
nient feature when the simulated neuron consists of 
many identical sections. A myelinated axon with 
periodically spaced nodes is another example where 
this feature is useful. 3) SPICE has no intrinsic 
limitation on the size of the neuron model. We have 
successfully simulated cat ~-motoneurons with up to 
5000 passive compartments on a VAX 11/750 (Segev et 
al. 1985). 4) The SPICE input list is easily modified, for 
example, by adding an axon to an already existing 
dendritic tree. 5) The SPICE program is very robust 
for transient analysis, provided the initial conditions 
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are known. 6) Versions of SPICE are available for 
many computers, including a proprietary version for 
the IBM PC. However, there are machine-specific 
limits on the size of networks which can be handled 
successfully. 7) The SPICE program is widely used, 
continues to be maintained and enhanced, and is 
available for a nominal charge. Information concern- 
ing the distribution of SPICE for particular machines 
may be obtained from the authors on request. 

Despite these strengths, SPICE has two major 
limitations for use in neural modeling: 1) Arbitrary 
mathematical expressions, such as those for the c~- and 
fi functions of H - H  equations, cannot be defined 
directly. Rather, one is forced to develop representa- 
tions for the expressions, for example by polynomial 
approximation or by indirect use of existing SPICE 
features, as in the case of the DIV subcircuit described 
in the Appendix. This deficiency complicates the 
modeling of neurons with voltage-dependent mem- 
brane properties. However, we have shown how to 
procede here in the archetypal case. 2) The SPICE 
program uses a uniform spacing of temporal sampling 
points for transient analysis. While it automatically 
adjusts its internal integration interval to maintain 
accuracy, the maximum interval is necessarily less than 
the user-specified sampling interval. This restriction 
improves the robustness of the program, but it also 
greatly increases the computer time required for 
problems in which a short sampling interval is required 
only to resolve fast components of long-lasting 
responses. 

Our experience indicates that, for simple neurons 
which may be represented by 200-300 passive com- 
partments, transient solutions can be obtained in a few 
minutes of VAX CPU time (VAX 11/750 with Floating 
Point Accelerator). These cases can also be handled by 
the IBM PC version of SPICE (PSPICE, Microsim 
Corp., 14101 Yorba St. No. 202, Tustin CA92680), 
with a fourfold increase in computer time. The ad- 
dition of H - H  compartments and/or substantially 
increasing the number of passive compartments takes 
the problem altogether beyond the capacity of 
PSPICE. Several simulations of passive cat 
~-motoneurons required in excess of 30 h CPU time on 
the VAX. Adding a ten compartment myelinated axon 
to an c~-motoneuron simulation that required 2.5 h 
without the axon increased the CPU time to 7 h. 
Simulation times appear to be nonlinear in model size, 
perhaps increasing with the second power of the size. 
One simple expedient which also affects CPU time in a 
nonlinear way is to replace series coupling resistors 
with an equivalent single resistor. 

There are other network analysis programs which 
are potential alternatives to SPICE. For example, a 
program called NET-2, available for IBM System/370 

and CDC 60 bit computers, has been used for neural 
modeling (Miller and Rail 1982; Lev-Tov et al. 1983). 
NET-2 (IBM version) is capable of handling at least 
500 passive compartments and supports general math- 
ematical expressions, in principle permitting more 
straightforward models for H - H  compartments. The 
disadvantages of NET-2 are that it is not robust, is not 
maintained, and, in our experience, has proven to be 
somewhat mysterious (it works well on some pro- 
blems, but not at all on problems not obviously more 
complicated). Enhanced ASTAP is reputed to be very 
powerful and robust, but is only available within IBM 
(see Shepherd and Brayton 1979). We know of 
the existence of several other programs (ADVICE, 
DIANA, DELIGHT, SCEPTRE) but cannot provide 
critical evaluations of them. 

Finally, we observe that the approach presented 
here is quite general and may be used to simulate other 
non-linear membrane properties, such as subthreshold 
rectification, calcium spikes, and miscellaneous other 
ionic conductances, as long as the kinetics can be 
described mathematically. In this study, SPICE is used 
for its ability to organize and solve differential equa- 
tions which arise in the use of the method of lines to 
solve partial differential equations with propagated 
wave solutions such as those generated by action 
potentials. Indeed, we have used SPICE to solve the 
Fitzhugh-Nagumo equations (Nagumo et al. 1962; 
Fitzhugh 1969) as well as those of Goldstein and Rall 
(1974). These equations are simpler than the full H - H  
equations, and could be solved faster than the poly- 
nomial form of the H - H  equations used here. 

4.4 New Insights from the Model 

The present study simulates two aspects of electrical 
behavior of dendritic neurons for the first time: 1) The 
generation of an orthodromic action potential follow- 
ing the activation of the Ia input in a cat 
a-motoneuron, taking into account the full complexity 
of its dendritic morphology and their inhomogeneous 
passive properties, the spatiotemporal distribution of 
the Ia synaptic input, and the morphology and elec- 
trical properties of the motor axon. 2) The potential 
distribution in a model of a dendritic neuron with 
clusters of both passive and active spine heads. Some 
insights gained from these simulations are discussed 
below. 

4.4.1 Cat o~-Motoneuron. Dodge and Cooley (1973; 
Dodge 1979) were the first to model cat spinal 
c~-motoneurons with excitable axons (see also Moore et 
al. 1983). Using an equivalent cylinder representation 
for the dendrites and a compartmental model for the 
soma and axon, Dodge and Cooley found that the 
dendrites are likely to be inexcitable and estimated 
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that, relative to the squid axon, the density of sodium 
channels in the initial segment was increased five- to 
nine-fold. The density of somatic sodium channels was 
0.5 or 0.8 times that in the squid. We used SPICE to 
continue their line of study, taking advantage of recent 
morphological and electrophysiological data in order 
to construct a more detailed model of the 
a-motoneuron. We focused our attention on two 
issues: 1) the density and kinetics of excitable channels 
in the soma and initial segment membrane and 2) the 
effect of an orthodromic spike on membrane potential 
in the dendrites. 

Whether an action potential will be generated at 
the soma and initial segment is determined by the ratio 
of active conductances which produce the action 
current and the conductances which represent the 
passive electrical load of the dendrites. This problem is 
of general interest since it encompasses many situa- 
tions in which voltage-dependent channels are dis- 
tributed non-uniformly over the nerve cell membrane, 
e.g. "hot spots" at dendritic branch points (Llinas and 
Nicholson 1971) or spine heads, as well as myelinated 
axons, where excitable channels are found only at the 
nodes of Ranvier. Important insights into this problem 
may be gained from the discussion of Jack et al. (1975) 
on the related problem of the liminal length for 
excitation. 

Three important factors controlling spike initia- 
tion in motoneurons are the number, distribution and 
properties of the excitable channels. Assuming H H -  
like equations for the some and initial segment, Dodge 
and Cooley found that a high density of sodium 
channels was required in the initial segment to anti- 
dromically excite the soma. In their model and ours the 
ratio of initial segment to soma sodium channel density 
was 10 to 1. However, the area of the initial segment in 
our model, based on anatomical measurements (Cull- 
heim and Kellerth 1978), is less than one tenth the area 
used by Dodge and Cooley. The effect of this loss of 
membrane area was compensated by the larger net 
inward current which resulted from slowing the time 
course of the h and n processes. The virtual absence of 
an inflection at the onset of the computed somatic 
spike, in contrast to actual recorded spikes, suggests 
that the initial segment-soma channel density ratio 
may be underestimated or that the identification of the 
"initial segment spike" with the anatomical initial 
segment may not be correct. 

Our simulations show that the electrical load 
created by the enormous surface area of motoneuron 
dendrites prevents the after-hyperpolarization (AHP) 
which follows a conventional H - H  action potential. In 
motoneurons, the AHP may be quite prolonged, 
lasting up to 100 ms (Burke and Rudomin 1977). This 
slow AHP is produced by a calcium-activated potas- 

sium channel that is kinetically and pharmacologically 
distinct from the H - H  potassium channel (Barrett and 
Barrett 1976; Barrett et al. 1980). Our motoneuron 
model should be further modified to include this 
current. 

4.4.2 Excitable Dendritic Spines. The use of SPICE 
enables us to explore the possible effects of clusters of 
excitable and passive dendritic spines on distal den- 
drites. Crucial information is missing concerning the 
membrane properties of the dendrites and spines. 
When these data become available they can readily be 
incorporated into SPICE models. Meanwhile, simula- 
tions can be used to suggest interesting possibilities 
for the function of dendritic spines and to call our 
attention to important questions. For example: How 
may synaptic input to distal spines be amplified and 
thus contribute to the somatic potential? And: What 
kinds of operations may a cluster of spines with 
differing membrane properties perform? Here we 
showed that an excitable spine head may increase the 
efficiency of its synaptic input by several fold com- 
pared to a passive spine. If several spine heads within a 
cluster are excitable, a chain reaction may spread 
within a distal arbor if a sufficient number of spines 
receives almost simultaneous input (five in the case 
illustrated in Fig. 6). The results are a significant 
amplification in the somatic EPSP and a potentially 
rich repertoire of logical operations. These question 
are discussed in greater detail by Rall and Segev 
(1985) and Shepherd et al. (1985). 

Appendix 

In Sect. 2 we developed the SPICE representation for 
the sodium current and for the polynomial approxima- 
tion to the H - H  e,, function. In this Appendix we will 
present the polynomial functions obtained for the 
remaining rate constants and will describe the imple- 
mentation of a functional system for generating H - H  
compartments in the SPICE input list format. 

Polynomial Approximation of a and fl Functions 

For completeness sake, the am function is repeated. 

1. am: 

Analytical expression: 

a,, = (100 V -  2.5)/(1 - exp(2.5 - 100V)) 

Polynomial approximation: 

am =Po  + PI V + p2 Vz + Ps Vs + P4 V4 

where Po -~ 0.2219835, Pl = 0.01579824E3, 
P2 = 0.5137337E3, Ps = 5.484649E3, and 
P4-= - 48.4686E3. 
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2. tim: 

Analytical expression: 

f l , ,=4 e x p ( -  55.556V) 

Polynomial approximation: 

fl,, = po(0.115 - V) 2 + pl(0.115 - V) 3 

+ p2(O.115- V)4 + p3(O.115- V) 6 

where Po = -0.1113355E3, Pl = 6.179671E3, 
P2 = -68.31383E3, and Pa = 3.48347E6. 

3. ~h: 

Analytical expression: 

eh = 0.07 exp(-- 500V) 

Polynomial approximation: 

% = po(0.115 - V )  2 + pt(0.115 - V) 3 

+ p2(0.115 - V) 4 + pa(0.115 - V) 6 

where Po = -0.3350913, Pl = 56.34916, 
P2 = - 0.6328227E3, and Pa = 0.04322797E6. 

4. fib: 

Analytical expression: 

flh = 1/(exp(3-100V) + 1) 

Polynomial approximation: 

flh = 1/El +po(0.115 - v) 6 + px(0.115 - v) 7 

+ p2(0.115 - V) 8] 

where po=10.9715E6, p~=-0.2840244E9, and 
P2 = 2.194417E9. 

5. C~n: 

Analytical expression: 

% = (10V- 0.1)/(1 - exp(1 - 100 V)) 

Polynomial approximation: 

c~,=p o -+-pI V + p2 V2 + p3 V3 -F p4 V 4 

where po=0.0578735, p1=3.51904, p2=84.02365, 
P3 = - 0.2945324E3, and P4 = - 0.5178434E3. 

ft,: 
Analytical representation: 

ft, =0.125 e x p ( -  12.5V) 

Polynomial approximation: 

fln=po + pt V+ pzV2 + P3 V3 

where Po =0.1250661, Pl = - 1.549142, P2 =8.785955, 
and P3 = -22.11843. 

A Functional System for Producing SPICE Input Code 

Since a single H - H  compartment requires more than 
50 lines of SPICE code, it quickly becomes tedious to 
enter multiple-compartment structures from a com- 
puter terminal. The authors have implemented a 
simple system to automate this process on a 
VAX 11/750 running VMS. The system consists of a 
formatting program (written in VAX-11 PASCAL 
V2.0) and two input files. One file, the data file, 
provides an anatomical description of the structure to 
be modeled. The other file, the " H - H  file", contains 
SPICE code for a "generic" H - H  compartment with 
special characters embedded to indicate where values 
which depend on the dimensions of the compartment 
must be substituted. 

The formatting program prompts the user for the 
information necessary to create a batch file that may be 
operated on by SPICE, including a title for the job, the 
name of the file containing the structural data, and the 
type of analysis to be performed. For example, one 
might request that a transient analysis be performed on 
a cell model that has been perturbed by a brief current 
injection at the soma. 

In the data file, one line corresponds to one 
compartment. Each compartment consists of three 
nodes: "proximal" and "distal" nodes, to which adja- 
cent comparments are attached, and a "middle" node, 
to which the transmembrane impedance is attached. 
The transmembrane impedance may be passive or may 
have Hodgkin-Huxley-like properties. 

Each line of the data file has six fields separated by 
one or more spaces: 1) the letter "H" for an H - H  
compartment or "P" for a passive compartment; 2-4) 
three integers indicating the proximal, middle and 
distal nodes; 5) the length and 6) the diameter of the 
cylindrical membrane segment which corresponds to 
the electrical compartment. For  example 

H 1 2 3 1 0 0 5  

describes an excitable neurite 100gin long with a 
diameter of 5 ~tm. A passive segment attached to the 
distal node of the segment above might be described by 

P 3 4 5 7 5 3  

The formatting program reads one line from the 
data file. If the first character is a "P", it computes 
values for the axial resistors and the membrane resistor 
and capacitor, as described in the preceding paper. If 
the first character is an "H", the axial resistors are 
computed and output, as with the passive compart- 
ment. Then the leak conductance and the peak sodium 
and potassium conductances are scaled according to 
the area of the compartment. Next the program reads 
in the H - H  file, given below, replacing the special flag 



characters with node numbers or conductance values, 
as appropriate. This procedure is repeated for all the 
lines of the data file. 

A complete listing of the H-H file follows. The 
symbol "A" serves as a flag to indicate where the 
middle node number, treated as a three-character 
string (padded with leading zeros, if necessary), is to be 
concatenated with an element name prefix (e.g. EAM) 
or with a node number prefix. Treating the middle 
node as a three-character string insures that the new 
node numbers created by concatenation are unique 
and do not inadvertently duplicate node numbers in 
the input file. The symbol "8" shows where the middle 
node number, regarded simply as an integer, is in- 
serted. The "$" character indicates an element value 
and prompts the program to read the next character. 
Element values for the sodium, potassium and leak 
conductances and the membrane capacitance, com- 
puted from the membrane area and the specific 
membrane properties, are substituted for "$N", "$K", 
"$L", and "$C", respectively. An example for the 
sodium conductance is given in Sect. 2. Note that when 
the character in column 1 is an asterisk, SPICE ignores 
any subsequent characters on the line. The asterisk, 
therefore, may be used to group related lines of code or 
to introduce comments. 

*BEGIN GENERIC H-H COMPARTMENT 

*ALPHA AND BETA RATE CONSTANTS 

EAMA 5A 0 0 0 0.2219835 0.01579824K 

0.5137337K 5.484649K -48.4686K 

RAMA 5A 0 1El0 

EBMA 6A 0 0 15A 0 0-0.1113355K 6.179671K 
-68.31383K 0 3.48347MEG 

6A 0 1E10 RBMA 

EAHA 

RAHA 

EBHA 

RBHA 

XBHA 

7A 0 0 15A 0 0-0.3350913 56.24916 

-0.6328227K 0 0.04322797MEG 

7A 0 1El0 

32A 0 0 15A 100000 10.9715MEG 

-0.2840244G 2.194417G 

32A 0 1E10 

99932A 8A DIV 

EANA 9A 0 ~ 0 0.0578735 3.51904 84.02365 

-0.2945324K -0.5178434K 

RANA 9A 0 1El0 
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EBNA 10A 0 ~ 0 0.1250661 -1.549142 

8.785955 - 22.11843 

RBNA 10A 0 1El0 

*NA PARAMETERS 

CMA 2A 0 0.26M IC=0.05293 

RMA 2A 0 1El0 

GAMA 0 2A POLY(2) 2A 0 5A 0 0 0 1 0 - 1  

GBMA 0 2A POLY(2) 2A 0 6A 0 0 0 0 0 - 1  

CHA 3A 0 0.26M IC=0.59612 

RHA 3A 0 1El0 

GAHA 0 3A POLY(2) 3A 0 7A 0 0 0 1 0 - 1  

GBHA 0 3A POLY(2) 3A 0 8A 0 0 0 0 0 - 1  

EMNAA 15A 0 ~? 996 1 

RMNAA 15A 0 1El0 

EM3HA 16A 0 POLY(2) 2A 0 3A 0 
0 0 0 0 0 0 0 0 0 0 0 1  

RM3HA 16A 0 1El0 

GNAA 0 20A POLY(2) 15A 0 16A 0 O000$N 
VINAA 20A ~ 0 

*K PARAMETERS 

CNA 4A 0 0.26M IC=0.31768 

RNA 

GANA 

GBNA 

EMKA 

RMKA 

EN4A 

RN4A 

GKA 

VIKA 

4A 0 

0 4A 

0 4A 

1El0 

POLY(2) 4A 0 9A 0 0 0 1 0 - 1  

POLY(2) 4A 0 I0A 0 0 0 0 0 - 1  

17A 0 0 997 1 

17A 0 1El0 

18A 0 4A 0 00001 

18A 0 1El0 

0 21A POLY(2) 17A 0 18A 0 O000$K 
21A ~ 0 

*CM PARAMETERS 

CEA c~ 0 $C IC=0  

REA ~ 0 1El0 

*LEAK PARAMETERS 
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GLA 0 22A ~3 998 SL 
VILA 22A ~ 0 

*END G E N E R I C  H - H  C O M P A R T M E N T  

The XBH element above invokes a subcircuit 
called DIV, which computes the reciprocal of the 
polynomial  used in the flh approximation�9 The opera- 
tion of the DIV subcircuit depends on a single loop 
containing two voltage-controlled current sources, 
G N  and GD. The magnitude of G N  is the numerator.  
The magnitude of G D  is the product  of the potential at 
node 10 and the denominator�9 In order for these two 
currents to be equal, as they must by Kirchoffs  Law, 
the potential at node 10 must be equal to the required 
quotient�9 The SPICE definition of this subcircuit 
follows. 

* N O D E  1 = N U M E R A T O R  
* N O D E  2 = D E N O M I N A T O R  
* N O D E  3 = Q U O T I E N T  
�9 SUBCKT DIV 1 2 3 

R1 1 0 1El0 

R2 2 0 1El0 

G D  0 10 POLY(2) 2 0 10 0 0 0 0 0 1 I C = I  1 

G N 1 0 0  1 0  1 

RI0  10 0 1El0 

E0 3 0 1 0 0 1  

R3 3 0 1El0 " 

�9 ENDS DIV 

Finally, the following lines create the ionic equilib- 
rium potential batteries and a battery which provides a 
voltage to serve as the numerator  (VONE = 1 V) in 
computing the reciprocal for fib. The leak conductance 
battery, VL, is given a value containing seven signifi- 
cant figures in order to eliminate drift" in the D C  
potential in the absence of perturbation�9 

VNA 996 0 l15M 

RNA 996 0 1El0 

VK 997 0 - 1 2 M  

R K  997 0 1E10 

VL 998 0 10.59893M 

RL 998 0 1El0 

V O N E  999 0 1 

R O N E  999 0 1El0 

The DIV subcircuit and the ionic batteries must be 
present in the final file that is input to SPICE�9 Since 
these elements do not depend on compar tment  dimen- 
sions, they were not included in the H - H  file listing�9 
The formatting program devised by the authors simply 
writes these lines to the SPICE file as string literals. 

As this description makes clear, the formatting 
program is not at all complex, but it does make the 
process of generating error-free SPICE input files 
much easier, especially when the model contains 
excitable compartments�9 The source listing is available 
on request. 
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