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ABSTRACT
There are more than 15 different types of retinal ganglion cells
(RGCs) in the mammalian retina. To model responses of RGCs
to electrical stimulation, we use single-compartment Hodgkin–
Huxley-type models and run simulations in the Neuron envir-
onment. We use our recently published in vitro data of differ-
ent morphological cell types to constrain the model, and study
the effects of electrophysiology on the cell responses sepa-
rately from the effects of morphology. We find simple models
that can match the spike patterns of different types of RGCs.
These models, with different input–output properties, may be
used in a network to study retinal network dynamics and
interactions.
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Introduction

The retinal network is very complex and difficult to model. This complexity
arises in part because of parallel processing in the retina (Schiller 2010,
Wassle 2004). The encoding of vision starts at photoreceptor cells, both
cones and rods, where light energy is converted into electrochemical signals
that are transmitted to bipolar neurons and horizontal cells. Bipolar cells
create parallel pathways, ON and OFF. ON cells respond with increases in
spike rate to light illumination in the center of their receptive fields, while
OFF cells respond optimally to a dark spot of light in the center. ON–OFF
cells respond to both, light onset and light offset.

There are approximately 15 different types of retinal ganglion cells (RGCs) in
the mammalian retina, with each cell type encoding different aspects of the visual
scene (Baden et al. 2016, Schiller 2010,Wassle 2004). These cell types have distinct
morphologies and electrophysiology (Hadjinicolaou et al. 2016, Sanes and
Masland 2015,Wong et al. 2012). RGCs can be physiologically classified according
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to temporal response (transient or sustained), axonal conduction velocity (brisk or
sluggish), ON or OFF center, and other properties (e.g. receptive field size, midget
vs. parasol cells, directional selectivity, contrast sensitivity, color-coded, or mela-
nopsin-containing). The receptive field of a RGC is the area of the visual field that
elicits a response in the neuron, which can include excitatory and inhibitory
components and can vary in size.

Previously, we have developed models of RGCs constrained by morphol-
ogy and electrophysiology (Maturana et al. 2014). The cell morphologies
were adapted from the NeuroMorpho database (Ascoli et al. 2007) and the
same set of constraints was used for all morphological cell types. Here, we
extend this work using our recently published in vitro data from rats for
different morphological cell types (Hadjinicolaou et al. 2016). The aim of this
study is to characterize the ionic currents that explain the behavior of
different morphological types of RGCs. To study the effects of electrophy-
siology on cell responses independently of the effects of morphology, we
employed single-compartment models.

Our electrophysiology data show that the resting membrane potential,
maximum firing frequency, steady-state firing rate, frequency adaptation
index, spike width, and sag amplitude are different for different morpholo-
gical types. Using these parameters as constraints, we fit conductance values
for sodium, potassium, calcium, hyperpolarization-activated mixed cation,
and T-type calcium currents to replicate responses of A1, A2i, A2o, C2i, C2o,
C3, C4o, D1, and D2 cells based on experimental observations. For a survey
of the passive and active intrinsic physiological properties of morphologically
defined rat RGC types, refer to Wong et al. (2012).

The simplest way to model a neuron is to assume that the dynamics of the
entire multicompartment cell can be characterized by the membrane potential
recorded in the soma. In this case, the ionic currents, themembrane time constant,
and the cell input resistance are adjusted to preserve electrical properties of the
neuron in the absence of dendrites and axon compartments (Brette 2015). Single-
compartment Hodgkin–Huxley models are widely used in computational neu-
roscience (Destexhe 2001, Fohlmeister and Miller 1997b, Foster et al. 1993,
Haufler et al. 2007, Ho and Truccolo 2016, Kameneva et al. 2011, Kameneva
et al. 2016, Pospischil et al. 2008). It is important to assess suitability of the
morphological structure reductions for a particular application and have clear
understanding of the limitations of single-compartment models when making a
prediction about neural computation. The single-compartment models are phe-
nomenological (since they do not have the correct neural morphology); however,
they can provide important insights into mechanisms of the neuron’s information
processing, correctly predict basic input–output neuronal functions that can be
verified experimentally, and can be used to study effects of pharmacological agents
on a particular conductance.
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Single-compartment Hodgkin–Huxley type models are commonly
accepted in building network simulations (Aumentado-Armstrong et al.
2015, Gonzalez et al. 2012, Yedjour et al. 2017). Such single-compartment
neural models nevertheless have several limitations which include their
inability to implement non-uniform synaptic input distributions and active
computation performed in dendrites. One way to account for network
properties arising from the nonlinear interactions between intrinsic and
synaptic conductances is by implementing a conductance model that can
be used to generate a synaptic input to a single-compartment model as
proposed by Destexhe (2001). In this case, the synaptic input is a sum of
two independent conductance terms: excitatory and inhibitory. A method to
estimate synaptic conductances from experimental recordings of the mem-
brane potential is discussed by Rudolph et al. (2004). Using an analytical
expression to fit the membrane potential, Rudolth et al. (2004) estimated the
mean and variance of excitatory and inhibitory conductances from the
irregular subthreshold membrane potential fluctuations, which contained
information about the underlying network dynamics. Another way to
model incoming postsynaptic potentials is to use a stochastic diffusion
algorithm or Ornstein–Uhlenbeck process (Blackwell 2006, Ricciardi and
Sacerdote 1979). A model of synaptic input in a network of single-compart-
ment neurons is proposed by Yedjour et al. (2017), where the synaptic
weights are determined by a Gabor function to describe the receptive fields
of simple cells in the visual cortex. A review of modeling synaptic input to
simple single-compartment models, including current and conductance-
based synapses, is contained in the work by Burkitt (2006).

The aim of this paper is to find a simple model that can match the spike
patterns of different types of RGCs, irrespective of how closely the membrane
currents predicted by the model match the RGCs’ real currents. In order to study
the effects of electrophysiology on cell responses independently of the effects of
morphology, we employed single-compartment models. Single-compartment
models are efficient and fast to compute; these models can be used to simulate
large neural networks without the need for high-performance computational
facilities. By using simple models with different input–output properties in a
network, network dynamics and interactions between neurons can be studied.

Methods

Model description

Single-compartment Hodgkin–Huxley models were used to study intrinsic
electrophysiology of RGCs from different morphological types. Hodgkin–
Huxley models were simulated in the NEURON environment using a high-
performance computer (VLSCI BARCOO [IBM iDataplex x86] with 1024
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MB RAM and a node of 16 CPU cores) (Hines 1993). Approximately, 800
CPU-hours were used.

The dynamics of the membrane potential Vm were described using
Kirchoff’s law as a sum of leak, sodium, calcium, delayed rectifier potassium,
A-type potassium, Ca-activated potassium, hyperpolarization-activated, and
low-voltage-activated T-type calcium currents,

Cm
dV
dt

¼ �gLðV � VLÞ þ �gNam
3hðV � VNaÞ þ �gCac

3ðV � VCaÞ
þ ð�gKn4 þ �gK;Ap

3qþ �gKðCaÞÞðV � VKÞ
þ �ghlðV � VhÞ þ �gTm

3
ThTðV � VTÞ þ Istim;

(1)

where Cm is the specific capacitance of the membrane, �g is the maximum
conductance of an ionic current, m; h; c; n; a; hA; l;mT; hT are gating variables
of the voltage-gated currents, and Istim is an intracellular stimulation current.
Synaptic currents were not included in the model. Leak, sodium, calcium,
delayed rectifier potassium, A-type, and Ca-activated potassium currents had
dynamics as described by Fohlmeister and Miller (1997b).
Hyperpolarization-activated and low-voltage-activated calcium were modeled
as in the work by van Welie et al. (2006) and Wang et al. (1991), respectively.
The reversal potential VCa was allowed to vary with time:

VCaðtÞ ¼ RT
2F

ln
½Ca2þ�e
½Ca2þ�iðtÞ

� �
; (2)

where

d½Ca2þ�iðtÞ
dt

¼ �3ICaðtÞ
2Fr

� ½Ca2þ�iðtÞ � ½Ca2þ�res
τCa

: (3)

R ¼ 8:314 J/(M ·K) is the gas constant,T is temperature inKelvin,F ¼ 9:684 � 104
C/M is the Faraday constant, ½Ca2þ�e ¼ 1:8 mM is the extracellular calcium ion
concentration, ½Ca2þ�i is the intracellular calcium ion concentration, r ¼ 0:1 um is
the depth of the calcium pump beneath the membrane, τCa ¼ 1:5 ms is the time
constant for the calcium current, and ½Ca2þ�res ¼ 10�4 mM is the residual level
above which the free intracellular calcium ions are removed from the cell.

Other reversal potentials were fixed: VNa ¼ 35mV, VK ¼ �70mV,
Vh ¼ 0mV; VT ¼ 120mV; VL ¼ �60mV.

Gating variables were described by the first-order kinetic equations as by
Fohlmeister and Miller (1997b), Wang et al. (1991), and van Welie et al.
(2006):

dx
dt

¼ �ðαx þ βxÞxþ αx; (4)

except for hT, which was described by
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_hT ¼ αhTð1� hT � dÞ � βhThT; (5)

_d ¼ βdð1� hT � dÞ � αdd: (6)

Different dynamics for the inactivation gate for T-type calcium channel
accounted for the slower component in the biphasic development of inacti-
vation and the slow recovery from inactivation reported experimentally
(Coulter et al. 1989). Variables αx and βx are the same as in Table 2 in the
work by Kameneva et al. (2011).

Simulation results were analyzed in MATLAB (MathWorks, R2016a).
Simulations were run with soma diameter and length 25 μm. Since the physio-
logical data used to fit the gating parameters were collected at room temperature
(Hadjinicolaou et al. 2016), all our simulations were run at T = 22°C.

To characterize the intrinsic electrophysiology of different types of RGCs,
the maximum conductance of sodium, calcium, delayed rectifier potassium,
hyperpolarization-activated, and low-voltage-activated T-type calcium cur-
rents, �gNa; �gCa; �gK; �gh, �gT, were systematically varied and the response of
neurons to hyperpolarizing and depolarizing stimulation were studied. The
maximum conductances for calcium-activated and the A-type potassium
currents, �gKðCaÞ, �gK;A, were varied as a proportion of �gK: �gKðCaÞ ¼ 0:004�gK
and �gK;A ¼ 3�gK. This was set to maintain balance between �gKðCaÞ, �gK;A, and
�gK;A similar to the original model by Fohlmeister and Miller (Fohlmeister and
Miller 1997b). Leak conductance, �gL, was set to 5 � 10�5 S/cm2.

Model fitting

Previously published experimental data recorded in our lab from rat RGCs
(Hadjinicolaou et al. 2016) were used to constrain the maximum conduc-
tances �gNa; �gCa; �gK;�gh, and �gT. These data were obtained from whole-cell
patch-clamp recordings from 91 RGCs. Retinae were explanted from 56
Long Evans rats that were 6–11 months old. Recorded cells were recon-
structed in 3D with a confocal microscope (Zeiss PASCAL) and classified
into morphological types according to previously published criteria (Sun
et al. 2002). We have chosen the most conservative criteria based on the
observed anatomy. While some recent publications identify more than 30
RGC types (Baden et al. 2016), the well-established anatomical characteristics
used in our study fit well with the existing literature (Sun et al. 2002), (Wong
et al. 2012).

Cells that had inconsistent responses or their morphological classification
could not be reliably confirmed, were excluded from analysis. In addition to
morphological types, cells were classified into ON (inner, “i”, e.g. A2i cell is
ON A2 cell), OFF (outer, “o”) and ON–OFF types. ON cells dendrites were
stratified in the inner part of the inner plexiform layer, OFF cells in the outer
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layer, and ON–OFF cells had bi-stratified dendrites. Recorded cells were
classified according to their morphological characteristics (A, B, C, or
D-type). Cells were injected with intracellular hyperpolarizing and depolar-
izing current of 400 ms duration and their responses recorded. Electrical
stimuli were delivered intracellularly via the recording pipette.

The intrinsic properties of RGCs are given in Table 1. Table 1 illustrates
the following data: resting membrane potential, Vrest; maximum firing rate,
fmax; steady-state firing rate, fss; frequency adaptation index, Af ; spike width,
τW; and sag value, S. Sag is a measure of the rectification voltage of the
membrane potential towards Vrest in response to hyperpolarizing step cur-
rents. Maximum firing rate and steady-state firing rate were calculated using
the average interspike interval of the first and last three spikes elicited,
respectively, during depolarizing current pulses. The frequency adaptation
index was calculated as follows: Af ¼ ðfmax � fssÞ=fmax.

Intrinsic physiological properties listed in Table 1 were used to constrain the
models of RGCs. The maximum conductances �gNa; �gCa; �gK;�gh, and �gT were
systematically varied to find a combination of conductance that caused simu-
lated cell responses in the range of Mean� 1:5 � Standard Deviation for Vrest,
fmax, fss, Af , τW, and S listed in Table 1. Parameters were classified as permissible,
if the model output with these parameters replicated experimentally observable
resting membrane potential, maximum firing rate, steady-state firing rate, fre-
quency adaptation index, spike width, and sag value, S. The parameter range that
was explored for �gNa;�gCa; �gK; �gh, and �gT conductances was [10�15; 1] S/cm2,
which was done using a logarithmic step size. In addition, to explore a restricted
range of conductances in high resolution, a small linear step size was used for
some cells. Conductance values that led to the same cell response as experimen-
tally observable (values listed in Table 1) were considered permissible, i.e.
satisfied model constraints. Model constraints had equal values; no weighting
was applied to prefer one constraint over another. The model output had to
reproduce perfectly all six experimental constraints. The search for model
parameters was done simultaneously in a loop, with no weighting applied to

Table 1. Model constraints: intrinsic physiological properties of RGCs, repeated here for com-
pleteness from (Hadjinicolaou et al. 2016).
Cell type n Vrest (mV) fmax (Hz) fss (Hz) Af τW (ms) S (mV)

A1 3 −61 (3) 88 (25) 39 (14) 0.56 (0.07) 2.34 (0.09) −11.8 (3)
A2i 9 −59 (6) 99 (24) 36 (12) 0.64 (0.09) 1.27 (0.43) −0.9 (0.1)
A2o 31 −61 (5) 148 (46) 53 (14) 0.63 (0.11) 1.01 (0.24) −2.3 (2.5)
C2i 4 −59 (3) 123 (23) 44 (18) 0.65 (0.09) 1.3 (0.33) −6.5 (1.2)
C2o 11 −65 (7) 116 (50) 47 (21) 0.58 (0.12) 1.3 (0.33) −3 (2.5)
C3 2 −66 (6) 73 (2) 33 (3) 0.54 (0.06) 1.91 (0.04) −7.3*
C4o 5 −58 (6) 112 (57) 44 (20) 0.58 (0.13) 1.53 (0.11) −0.6 (1.3)
D1 9 −61 (9) 90 (52) 37 (13) 0.52 (0.12) 2.09 (0.74) −11.4 (2.2)
D2 17 −63 (5) 110 (42) 46 (22) 0.58 (0.1) 1.61 (0.52) −7.2 (6.1)

*Data from a single cell. All other values are means (standard deviation).
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any parameter. No cost function, optimization algorithm or learning method
were applied to find a combination of conductances that reproduce physiologi-
cally observed phenomena. Conductance values were changed in a stepwise
fashion, with a small increment at each step. At each step, the output of the
model was recorded. If the output produced results as experimentally observed,
we deemed the conductance combination as fit parameters for the model.

We have previously fitted model parameters to experimental data using
morphologically correct models (Maturana et al. 2014). This approach requires
fitting at least 30 parameters: five conductances in six morphological compart-
ments (soma, dendrites, initial segment, narrow segment, axon high sodium
band, axon). This number of parameters does not yield meaningful results
when only six model constraints are used. Therefore, we use here a single-
compartment model. However, it should be recognized that Hodgkin–Huxley
single-compartment models used in this study represent a compromise between
simplicity and biological realism. This nevertheless fulfills our goal to replicate
experimentally observed intrinsic electrophysiological properties and responses.

Results

Simulations with loose constraints

Simulations presented in this section were run with constraints on experi-
mental data Mean � 1.5 × Standard Deviation for parameters listed in
Table 1.

Example of individual morphologies of neurons is shown in Figure 1.
Simulated voltage traces for different cell types are shown in Figure 2.
Model parameters used in simulations for Figure 2 are given in Table 2.

We could replicate the behavior of all cells except the C3 type; data from
only two cells were available for this cell type and the variability range was
minimal. We were able to find parameters to replicate all the constraints in
Table 1 except the spike width and sag value for this cell type. The range of
responses for each cell type, found in simulation with loose constraints
Mean � 1.5 × Standard Deviation, are stated in Table 3.

Results show that different combinations of ionic conductances were
required to reproduce experimentally observed maximum firing frequency,
steady-state firing rate, frequency adaptation index, spike width, and sag
amplitude for different morphological types. Figures 3 and 4 show the
parameter sets for conductances �gNa;�gCa; �gK; �gh, and �gT that satisfied the
model constraints. Permissible calcium conductance range varied the most
between cell types, while permissible potassium and sodium conductance
ranges were similar between cells. The smallest cell samples occurred for the
A1 and C2i types, where three and four cells were recorded, respectively. For
the C3 cell type, we were not able to find a set of parameters that replicated
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all experimental constraints. We found that for the A1 and C2i types, the
range of model parameters was smaller than for other cell types, which
probably relates to the small number of cells recorded (refer to Table 2 and
Figure 3). Table 4 shows the permissible parameter ranges of the conduc-
tances; that is, tested values in these ranges satisfied the model constraints
listed in Table 1.

We found that there is an overlap in conductance ranges for different cell
types. The overlap in ranges is not surprising; this is based on the experi-
mental data used to constrain the model. Data presented in Table 1 illustrate
that many experimentally recorded parameters have similar values for dif-
ferent cell types (for example, similar mean resting membrane potential
values for A1, A2o, and D1 types). The overlaps in experimentally recorded
parameters lead to the overlap in conductance ranges for different cell types
found by the model. As more experimental data are collected, there is a
possibility to fit model parameters within smaller ranges for each
conductance.

In addition, we cannot expect a single combination of conductances to
replicate a range of biologically observed phenomena. For example, it is likely

Figure 1. Morphology reconstruction for four cell types. A: A2o, B: B4, C: C2o, and D: D2. Scale
bar: 50 μm.
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that the responses of two different A2o cells shown in Figure 5 have different
combinations of ionic channels. Both cells were stimulated with a depolar-
ization step current of 150 pA. Both cells are from the same type; however,
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Figure 2. Simulated voltage traces for different cell types. Insert shows a single action potential for
each cell type. Conductance values used in simulations are given in Table 4. The same stimulation
was applied in all subplots. The stimulus trace in shown at the bottom of the figure (amplitude is not
to scale). Hyperpolarization step current: 0.1 nA; depolarization step current: 4 nA.

Table 2. Parameters used in simulations for Figure 2.
Type gH gT gK gNa gCa

A1 3:78� 10�5 0.014 0.096 0.833 0.191
A2i 9:45� 10�6 0.064 0.27448 0.37 0.34
A2o 9:45� 10�6 10�15 0.028 0.425 10�10

C2i 3:78� 10�5 0.024 0.227 0.484 0.375
C2o 9:45� 10�5 0.014 0.128 0.272 0.191
C4o 9:45� 10�6 0.03 0.274 0.546 0.45
D1 3:78� 10�5 0.009 0.069 0.546 0.122
D2 9:45� 10�5 0.002 0.005 0.068 0.003
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the cell in subplot A has lower resting membrane potential, no spontaneous
activity, and very high spike rate during stimulation, while the cell in subplot
B has high resting membrane potential and high rate of spontaneous activity.

To test for statistical relationships between conductance values found in
simulation, particularly, whether there was a degree of correlation and

Table 3. The range of responses for each cell type found in simulations with loose constraints.
Cell type Vrest (mV) fmax (Hz) fss (Hz) Af τW (ms) S (mV)

A1 [–66,–58] [54,114] [19,47] [0.46,0.66] [2.2,2.3] [–16,–8]
A2i [–63,–51] [71,126] [23,41] [0.58,0.73] [1.3,1.9] [–1,–1]
A2o [–69,–60] [79,177] [33,46] [0.52,0.79] [0.8,0.9] [–5,0]
C2i [–63,–55] [97,135] [25,30] [0.74,0.78] [1.6,1.7] [–6,–5]
C2o [–70,–55] [41,188] [16,51] [0.46,0.76] [0.8,1.8] [–7,0]
C4o [–64,–50] [33,196] [15,73] [0.4,0.76] [1.4,1.7] [–3,0]
D1 [–74,–48] [32,162] [18,56] [0.35,0.7] [1,2.4] [–15,–9]
D2 [–71,–56] [47,172] [15,75] [0.43,0.73] [0.9,2.4] [–14,1]

Figure 3. Parameter sets for conductances �gh; �gT; �gK; �gNa; �gCa that satisfy the model constraints in
Table 1. The same color corresponds to combinations of conductances from the same set. A combina-
tion of conductances are shown separately for each cell: A1, A2i, A2o, C2i, C2o, C4o, D1, D2.
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Figure 4. Parameter sets that satisfy the model constraints in Table 1. Subplots show the
conductance ranges for �gh; �gT; �gK; �gNa; �gCa for A1, A2i, A2o, C2i, C2o, C4o, D1, and D2 cells for
comparison. The same color corresponds to combinations of conductances from the same set.

Table 4. Conductance model parameter ranges that replicated experimental data listed in
Table 1 with loose constraints.

A1 A2i A2o C2i
�gh [3.78 � 10�5, 8.51� 10�5] [10�15, 9.45� 10�6] [10�15, 9.45� 10�6] [3.78� 10�5]
�gT [0.003, 0.030] [0.007, 0.063] [10�15, 3.78��4] [0.024, 0.045]
�gK [0.036, 0.163] [0.145, 0.274] [0.007, 0.068] [0.204, 0.250]
�gNa [0.319, 0.833] [0.153, 0.483] [0.092, 1] [0.483]
�gCa [0.054, 0.450] [0.143, 0.370] [10�10] [0.340, 0.411]

C2o C4o D1 D2
�gh [10�15, 3.78� 10�5] [10�15, 9.45� 10�6] [9.45� 10�6, 3.4� 10�4] [10�15, 0.001]
�gT [10�15, 0.068] [10�15, 0.120] [10�15, 0.122] [10�15, 0.153]
�gK [0.005, 0.425] [0.005, 0.425] [0.009, 0.300] [0.005, 0.425]
�gNa [0.030, 1] [0.030, 0.756] [0.120, 1] [0.01, 1]
�gCa [10�10, 0.833] [8.51� 10�4, 0.833] [8.5� 10�4, 0.450] [10�10, 1]
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dependence between them, we calculated the corresponding correlation
coefficient. We did not investigate correlation across physiological data.
The correlation coefficient determines the degree to which two variables
are correlated. High value of the correlation coefficient (close to one)
means that there is strong correlation between variables. Negative value
means that variables are negatively correlated. Correlation coefficients
between conductances for different morphological cell types are listed in
Table 5. Rows and columns with no value indicate that conductances for �gh
and �gNa did not vary (for C2i cell type); therefore, the variance for these
conductances was zero and the value of the correlation coefficient was not
found. We found that for all cell types except A2, the highest correlation was
observed between �gK and �gCa. For A2i cell type, the correlation coefficient
between �gK and �gCa was the second highest after the value of correlation
between �gNa and �gCa. The highest coefficient of correlation for A2o type was
between �gK and �gNa.

Example responses for D1 and A2i cells are shown in Figures 6 and 7,
respectively. Experimentally recorded responses are illustrated in the left
column, while simulation results are shown in the right column. In
simulations, a single-compartment model was used; therefore, the abso-
lute amplitude of the stimulation current should be taken as a qualitative
result. In addition to the constraint conditions stated in Table 1, we were
able to reproduce experimentally observable phenomena that were not
used for model fitting, such as spike bursts at the end of hyperpolarizing
currents. Only some cells showed the phenomena experimentally and in
simulations, so no statistical analysis was done to explore the phenom-
ena further.

Our results show that the presence of burst spiking is dependent on the
amplitude of the hyperpolarizing current; i.e., we compare the same cell
responses to hyperpolarizing steps of −50 pA (left) and −150 pA (right) in
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Figure 5. Experimentally recorded response from two A2o type cells. Both cells were stimulated
with 150 pA step current. The step current stimulation was applied between 100 and 500 ms.
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Figure 8, where a burst of spikes (called rebound spiking) is observed for
high stimulation current only. We observed burst firing at the end of a
hyperpolarizing current for some ON cells when large amplitude currents
were injected into the cells.

Table 5. Correlations between conductances.
�gh �gT �gK �gNa �gCa

A1
�gh 1 −0.2351 0.3404 0.0426 0.2547
�gT −0.2351 1 0.7014 0.1983 0.7744
�gK 0.3404 0.7014 1 0.5333 0.9852
�gNa 0.0426 0.1983 0.5333 1 0.4815
�gCa 0.2547 0.7744 0.9852 0.4815 1

A2i
�gh 1 0.9817 −0.1665 −0.7628 −0.6026
�gT 0.9817 1 0.0246 −0.6256 −0.4394
�gK −0.1665 0.0246 1 0.7645 0.8872
�gNa −0.7628 −0.6256 0.7645 1 0.9757
�gCa −0.6026 −0.4394 0.8872 0.9757 1

A2o
�gh 1 0.2406 −0.2816 −0.2796 0
�gT 0.2406 1 −0.3862 −0.4167 0
�gK −0.2816 −0.3862 1 0.9959 0
�gNa −0.2796 −0.4167 0.9959 1 0
�gCa 0 0 0 0 1

C2i
�gh
�gT 1 0.8729 0.8725
�gK 0.8729 1 1
�gNa
�gCa 0.8725 1 1

C2o
�gh 1 0.1355 0.1767 −0.0452 0.1544
�gT 0.1355 1 0.9526 −0.0873 0.9226
�gK 0.1767 0.9526 1 −0.0033 0.9780
�gNa −0.0452 −0.0873 −0.0033 1 −0.0193
�gCa 0.1544 0.9226 0.9780 −0.0193 1

C4o
�gh 1 0.0560 −0.0307 −0.0937 −0.0651
�gT 0.0560 1 0.6999 0.2139 0.5488
�gK −0.0307 0.6999 1 0.8135 0.9581
�gNa −0.0937 0.2139 0.8135 1 0.8947
�gCa −0.0651 0.5488 0.9581 0.8947 1

D1
�gh 1 −0.3039 −0.2319 0.4026 −0.2424
�gT −0.3039 1 0.7251 −0.4368 0.6585
�gK −0.2319 0.7251 1 −0.2686 0.8803
�gNa 0.4026 −0.4368 −0.2686 1 −0.1399
�gCa −0.2424 0.6585 0.8803 −0.1399 1

D2
�gh 1 −0.2950 −0.1783 0.1114 −0.1725
�gT −0.2950 1 0.6059 −0.0264 0.6583
�gK −0.1783 0.6059 1 0.1898 0.9423
�gNa 0.1114 −0.0264 0.1898 1 0.2575
�gCa −0.1725 0.6583 0.9423 0.2575 1
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Simulations with strict constraints

Simulations presented in this section were run with constraints on experi-
mental data Mean � 1 × Standard Deviation for parameters listed in
Table 1. When the strict constraints were used, we were not able to find
any combination of conductances that reproduced experimentally observed
phenomena for A2i, A2o, C2i, and C2o cells. The range of responses for each
cell type, found in simulations with strict constraints Mean � 1 × Standard
Deviation are stated in Table 6.

Ranges of conductance �gNa;�gCa; �gK; �gh, and �gT that satisfied the strict model
constraints Mean � 1 × Standard Deviation for Vrest, fmax, fss, Af , τW, and S
are given in Table 7.

Discussion and conclusion

Results show that a single-compartment model can replicate the behavior of
different morphological RGC types. We could replicate the behavior of all
cells except the C3 type, where experimental recordings were only available
from two cells and resulted in very narrow constraints for the model
parameters.
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Figure 6. Responses of a D1 cell to hyperpolarizing and depolarizing step currents. Left:
Experimental data. Right: Simulations results. Stimulation current is shown in the top right
corner for each subplot. The step current stimulation was applied between 100 and 500 ms.
Simulation parameters: �gh ¼ 0:0004 S/cm2, �gT ¼ 0:0024 S/cm2, �gK ¼ 0:211 S/cm2,
�gNa ¼ 0:731 S/cm2, �gCa ¼ 0:013 S/cm2.
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This study shows that it is possible to replicate experimentally observed
dynamic responses of different morphological types of RGCs when a single-
compartment model is employed. Using in vitro data from rats to constrain a
Hodgkin–Huxley-type model, we have found conductance parameter combi-
nations for different morphological types. The largest difference between cell
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Figure 7. Responses of an A2i cell to hyperpolarizing and depolarizing step currents. Left:
Experimental data. Right: Simulations results. Stimulation current is shown in the bottom right
corner for each subplot. The step current stimulation was applied between 100 and 500 ms.
Simulation parameters: �gh ¼ 0 S/cm2, �gT ¼ 0:01 S/cm2, �gK ¼ 0:22 S/cm2, �gNa ¼ 0:4 S/cm2,
�gCa ¼ 0:37 S/cm2. Conductance values were chosen from the set of parameters listed in
Table 2 to replicate experimentally observed phenomena.
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stimulation was applied between 100 and 500 ms. Conductance values were chosen from the set
of parameters listed in Table 2 to replicate experimentally observed phenomena.
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types was observed in calcium currents, while the range for sodium currents
was narrow for most cell types.

Synaptic currents were not included in the model and we did not inves-
tigate the experimental effects of synaptic blockers. It is unclear to what
extent spontaneous activity in RGCs (such as the A2i cell illustrated in
Figure 6) is maintained by synaptic input. Margolis and Detwiler (2007)
showed that OFF RGCs can maintain their spontaneous activities in the
absence of any synaptic input. Both excitatory and inhibitory synaptic cur-
rents are likely to affect the membrane resting potential, one of the con-
straints used to identify the model parameters. We did not attempt to predict
responses of RGCs to light stimuli.

The phenomenon of rebound excitation has been investigated in RGCs
previously (Margolis and Detwiler 2007). Margolis and Detwiler (2007)
showed that ON RGCs do not have burst spiking at the end of hyperpo-
larizing steps, while OFF cells do. The authors do not mention if the burst
spiking observed in ON cells in their data is dependent on the amplitude
of stimulation. It is possible that ON RGCs in their data did not exhibit
the phenomenon of rebound excitation because the amplitude of the
stimulation current was small. It is unclear from which morphological
cell types the data were recorded by Margolis and Detwiler (2007). The
authors state that they targeted cells with large somas, but no morpholo-
gical identification was conducted. In addition, synaptic blockers were
used by Margolis and Detwiler (2007), which may also contribute to the
differences between our results and the data presented by Margolis and
Detwiler (2007).

The phenomenon of rebound excitation was also investigated by Mitra
and Miller (2007), where it was shown that a hyperpolarization-activated
mixed cation channel underlies the small amplitude overshoot and a T-type

Table 6. The range of responses for each cell type found in simulations with strict constraints.
Cell type Vrest (mV) fmax (Hz) fss (Hz) Af τW (ms) S (mV)

A1 –63 111 47 0.58 2.3 –12
C4o [–60,–53] [55,106] [25,42] [0.46,0.7] [1.4,1.6] [–2,0]
D1 [–69,–53] [45,114] [25,47] [0.43,0.63] [1.4,2.3] [–14,–10]
D2 [–68,–59] [68,144] [25,52] [0.49,0.68] [1.2,2.1] [–14,–2]

Table 7. Conductance model parameter ranges that replicated experimental data listed in
Table 1 with strict constraints.

A1 C4o D1 D2
�gh 3.780� 10�5 [10�15, 9.451� 10�6] [3.781� 10�5, 1.512� 10�4] [9.451� 10�6, 8.506� 10�5]
�gT 0.013 [0.03, 0.085] [10�15, 0.109] [10�15, 0.045]
�gK 0.095 [0.183, 0.37] [0.027, 0.274] [0.005, 0.226]
�gNa 0.833 [0.272, 0.612] [0.189, 1] [0.068, 1]
�gCa 0.191 [0.228, 0.612] [0.021, 0.45] [0.003, 0.45]
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low voltage activated calcium channel underlies the low threshold calcium
spike. These channels, together with sodium channels, produce after-hyper-
polarization rebound excitation in amphibian RGCs. We have previously
simulated the presence of rebound burst generation and subthreshold mem-
brane oscillations (Kameneva et al. 2011). However, the phenomenon of
rebound excitation was not specifically investigated in this work. While we
observed rebound excitation in some of our cells, the results presented here
cannot be used to derive a stimulation strategy that utilizes differential
stimulation of cells with and without rebound excitation.

Conductance values for RGCs are available in the literature, including for
single and multiple compartment models (Fohlmeister and Miller 1997a),
(Kameneva et al. 2011), (Maturana et al. 2014). The aim of this study was not
to find exact values for the ionic channel conductances for different mor-
phological RGC types, but rather to find a simple model that can match the
spike patterns of different RGC types, which can then be used to simulate a
retinal network with complex dynamics and interactions. The work pre-
sented here provides a more comprehensive understanding of retinal
responses to electrical stimulation. The framework proposed here can be
used to investigate tonic and phasic firing behavior in RGCs, similar to Wang
et al. (2014), and the effect of the channel type on a neuron’s jitter, similar to
Billimoria et al. (2013).

The simplest way to model a neuron is to assume that the dynamics of the
entire multicompartment cell can be characterized by the membrane poten-
tial recorded in the soma. In this case, the ionic currents, the membrane time
constant, and the cell input resistance are adjusted to preserve electrical
properties of the neuron in the absence of dendrites and axon compartments
(Brette 2015). Single-compartment Hodgkin–Huxley models are widely used
in computational neuroscience (Destexhe 2001, Foster et al 1993, Haufler
et al 2007, Ho and Truccolo 2016, Pospischil et al 2008). It is important to
assess suitability of the morphological structure reductions for a particular
application and have clear understanding of the limitations of single-com-
partment models when making a prediction about neural computation. The
single-compartment models are phenomenological (since they do not have
correct morphology); however, they can provide important insights into
mechanisms of the neuron’s information processing, correctly predict basic
input–output neuronal functions that can be verified experimentally, and can
be used to study effects of pharmacological agents on a particular
conductance.

Here, a single-compartment model was used. Future work will incorporate
biologically realistic multicompartment models and investigate the combined
effects of morphology and electrophysiology on the responses of the RGCs.
Initial investigations of the effect of morphology on the responses of ganglion
cells to electrical stimulation were done by Fohlmeister and Miller (1997a),
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Jeng et al. (2011), and Maturana et al. (2014). Fohlmeister and Miller
(Fohlmeister and Miller 1997a) showed that cell geometry puts constraints
on the possible locations and distribution of ion channels that are required to
support action potential generation and propagation. Jeng and colleagues
(Jeng et al. 2011) showed that the band with high concentration sodium
channels in the proximal axon is the site most sensitive to stimulation, and
that the band properties contribute to the differences in sensitivity found
between different types of neurons. Using computer simulations, Maturana
and coauthors (Maturana et al. 2014) showed that spontaneous frequency is
increased in cell types with smaller dendrites, while cells with a larger soma
tend to have higher spontaneous frequency but low frequency of burst firing
at the release of hyperpolarization current.
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