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Step Response of Mouse Rod Photoreceptors
Modeled in Terms of Elemental Photic Signals

Gabriel A. Silva and David R. Pepperberg*

Abstract—The process of light adaptation in rod photoreceptors
enables these sensory cells of the retina to remain responsive to
photic stimuli over a broad range of light intensity. Recent studies
have employed the technique of paired-flash electroretinography
to determine properties of phototransduction, and of light and
dark adaptation, in rod photoreceptors in the living eye. Building
on these studies, we have developed a theoretical model aimed at
explaining the rod electrical response to a step of light based on
known physiology. The central feature of the model is its descrip-
tion of the macroscopic (i.e., measured) response in terms of a
time-evolving, weighted sum of elemental responses determined
under dark-adapted and near fully light-adapted conditions.
The model yields a time-dependent function that describes the
course of desensitization and putatively represents the cumulative
dynamics of underlying biochemical processes involved in light
adaptation of the rod.

Index Terms—Electroretinography, light adaptation, physiolog-
ical modeling, rod photoreceptors.

I. INTRODUCTION

PHOTOCURRENT data obtained from single rod photo-
receptors of both lower vertebrates and mammals show

that background illumination desensitizes, or “adapts,” the
phototransduction process in these sensory neurons [1]–[10].
Evidence for this desensitization comes in part from experi-
ments that have compared the rod response to a brief test flash
presented under dark-adapted conditions (i.e., in the absence
of recent photic stimulation) with the response to the same
flash superimposed on a maintained luminous background.
For example, background light of moderate intensity shifts, to
a higher value, the test flash strength required to half-saturate
the prevailing maximal flash response. Determining the mech-
anisms that underlie background desensitization is a major
focus of current research on phototransduction (for reviews,
see [11]–[13]).
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The electroretinogram (ERG), a multicomponent signal that
can be recorded noninvasively from the intact eye in vivo, re-
flects the massed, light-evoked electrical activities of multiple
types of retinal neurons. However, the in vivo massed response
of the rod photoreceptors themselves can, to a good approxi-
mation, be derived computationally using a “paired-flash” ERG
technique [14]–[21]. Recently, [22] have employed this tech-
nique to examine the effects of background light on the response
properties of mouse rod photoreceptors. A central experiment of
that study was determination of the ERG-derived rod response
to the onset of background illumination, i.e., to a step of light.
The results obtained showed that for the steady-state condition
that produces a roughly half-saturating response, the derived dy-
namic rod response to the step of light, that is, the temporal evo-
lution of the rod response toward steady-state, is well described
by an analytic function that exhibits an initial rise to peak and
a subsequent relaxation, or sag, to the steady-state value within

1 s after light onset [22]. This step response resembles that
observed for rods in vitro, and its time course reflects the tran-
sition of the rod from dark- to light-adapted state.

Rod phototransduction involves a cascade of biochemical
reactions that highly amplify the signal initiated by individual
events of visual pigment photoactivation, i.e., by individual
photon absorptions. Furthermore, although much remains
to be learned about the molecular mechanisms of rod light
adaptation, it is clear that this desensitizing process involves
modulation of the elemental (i.e., single-photon) response.
Thus, the availability of a rod light-adaptation model based on
the temporal evolution of single-photon responses may serve as
a useful tool in both the interpretation of available experimental
data and the design of future experiments. This paper describes
the construction and application of such a model.

We begin by deriving a set of “basis functions” from weak
flash responses obtained under dark-adapted and maximally
light-adapted conditions. Through application of a stochastic
error-minimizing algorithm, we then show that the develop-
ment of the light-adapted state induced by onset of a step of
light can be described in terms of intermediate light-adapting
responses formed by a time-varying weighted sum of the
basis functions. These intermediate responses are determined
as a discrete time process, one for which the sampling rate
corresponds with the average rate of photon arrival inferred
for a particular background. The weighted sum of the basis
functions is determined by the model-derived function ,
the key output of the model, which is interpreted to describe the
putative dynamics of the lumped biochemistry underlying light
adaptation. Preliminary results have been reported in abstract
form [23].
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II. DERIVATION OF ELEMENTAL RESPONSES

It is well established that rods are quantum detectors, in the
sense that under fully dark-adapted conditions they generate a
measurable response upon absorption of a single photon. Under
light-adapted as well as dark-adapted conditions, the macro-
scopic response recorded from a single rod via electroretino-
graphy is the summation of these elemental responses, subject
to the saturating nonlinearity of the rod (i.e., closure of a pro-
gressively greater fraction of cGMP-gated channels in the outer
segment) and feedback/deactivation processes that shape the
overall response. Recent experiments employing paired-flash
ERG recordings in mouse have determined the derived rod re-
sponse to a test flash delivered under dark-adapted conditions
and in steady background light. This derived response, deter-
mined with full field ERG stimuli, is a measure of the massed
and, thus, averaged, response of the millions of rod photorecep-
tors in the retina. Under the range of conditions investigated, the
derived flash response is well described by the relationship (see
[22, eq. 5])

(1)

where is the strength [here in luminance units of scotopic
candela ] of a brief stimulating flash;
is the derived response of a typical rod to this test flash (see [18]
and [22]), is the prevailing maximal amplitude of the rod
response; is a fixed delay; , , and are fitted parameters;
and is a time-dependent function that has units of inverse
flash strength but is independent of flash
strength (i.e., independent of the value of ).

For purposes of the present model it is useful to introduce the
scaling factor that converts to , a dimensionless unit
response associated with a single photoisomerization (photoac-
tivation of a single molecule of rhodopsin)

(2.1)

(2.2)

Here, the excitatory signal is replaced by the product
. in (1) and (2.1) displays a time course identical to

that of , but with an amplitude determined by the value of
the scaling factor . We now define , and as
the dark-adapted forms of , and , respectively. If we
further symbolize by the number of photoisomerizations per
rod produced by the test flash, will have units of [sc cd s
m ]. Equating 1 sc cd s m with 100 in the dark-adapted
mouse eye [18], [22], is equal to 0.010 . As
noted above, is in essence a scaling factor that transforms

into a dimensionless single-photon response, .
Curve 1 in Fig. 1(a) illustrates normalized to its peak
amplitude. Thus, given a flash strength , where the physical
units of are photoisomerizations per rod, the macroscopic
derived response is related to the single-photon
dark-adapted response by

(3)

Fig. 1. Modeling intermediate elemental responses. (a) Representative
intermediate elemental response u (i) generated during light adaptation. u (i)
is the weighted sum of the dark-adapted (" (t); curve 1) and maximally
light-adapted (" (t); curve 2) elemental responses, determined by the
weighting parameter ! , here equal to 0.4. As described in [18] and [22], the
functions " (t) and " (t) leading to the present " (t) and " (t)
are based on experimental data obtained under dark-adapted conditions (for
" (t)) and with a 1.2 sc cd m background (for " (t); test flash of 0.98
sc cd sm ). (b) Normalized amplitudeA =A of the derived rod response
to steady background light, plotted against the logarithm of background strength
(log I ). Data obtained in paired-flash ERG experiments on mice. Solid curve:
plot of the relation A =A = 1�exp(�k I � ) (see [22, eq. 4 ]). The
integration time � is defined by [A(86)=A ] � � = [A(t)=A ]dt,
where A(t)=A is the normalized dark-adapted response to a 0.12
sc cd s m test flash (see [18, eq. 6]), and where A(86)=A is the
normalized amplitude at t = 86 ms. The integration was carried out over the
range 0 � t � 1000 ms, yielding � = 235 ms. (b) Adapted from [22] with
permission of The Physiological Society.

We now consider a counterpart elemental response associ-
ated with the near fully or maximally light-adapted state that de-
velops upon the step onset of relatively strong background light.
We furthermore define, by , the rod response maintained in
continuous background light of this intensity. In the absence of
light adaptation, the maintained normalized response
would be expected to reflect the summed action of continuously
generated, dark-adapted single-photon responses . The
need for derivation of a steady-state, maximally light-adapted
elemental response, , is based on the experimental ob-
servation that with increasing background intensity, the dark-
adapted response based on becomes a progressively
poorer approximation to the observed response. Fig. 1(b) illus-
trates this effect in relation to the integration time determined for
the dark-adapted response . As illustrated by the curve,
the background dependence of maintained amplitude predicted
with an unchanging integration time accounts well for the ob-
served amplitudes at weaker backgrounds, but underestimates
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the desensitization produced by brighter backgrounds. That is,
the dependence of maintained amplitude is more gradual than
that predicted by the adaptation-free curve (see [18] and [22]).
[22] determined derived flash responses in background light and
analyzed those data in terms of light-adapted elemental func-
tions (see [22, eq. 4]). Here, we represent the maintained back-
ground response and the light-adapted flash response

in forms parallel to those of (2) and (3)

(4.1)

(4.2)

(4.3)

where is in units of sc cd m and is the response
function defined earlier for varying backgrounds . As in the
dark-adapted case, we can express as the product of a
presumed single-photon light-adapted response and a
scaling factor (4.2). Equation (4.3) rewrites (4.1) in terms
of , a variable that represents the average frequency of photon
arrival and that has physical units of photoisomerizations per rod
per second. Although photon arrival is a stochastic process, the
average frequency of photoisomerizations is simply determined
by the background strength (in photoisomerizations ).

Although both and are functionally similar
to their dark-adapted counterparts, both functions depend
on background strength as well as time (i.e., and

) (see [22]). However, experimental data indi-
cate that the normalized sensitivity of the rod reaches a
near-fully light-adapted state in background light of strength
1.2 sc cd m (cf. [22, Figs. 3 and 4, Table 1, and Discussion]).
On this basis, we henceforth interpret the elemental function
determined for the background condition of 1.2 sc cd m as a
fully light-adapted single-photon response. The value of
relevant to this condition can be determined by considering
that the step response to a 1.2 sc cd m background has a
steady-state amplitude equal to 0.54 (see [22, Fig. 4]). There-
fore, using (4.1)–(4.3), .
With sc cd m , the exponent of the preceding expres-
sion is

, where photoisomerizations
. The integrated area of at 1.2 sc cd m from

0 to 1000 ms is 0.30 [( sc cd s m ) ms] which yields
0.0217 sc cd s m . Curve 2 in Fig. 1(a) shows for

sc cd m . In the following sections, we use (3) and
(4) to model the step response to a background of a defined
photon frequency.

III. MODEL CONSTRUCTION

A. Conceptual and Mathematical Model Structure

We now use and as basis functions to model
the time-evolution of the single-photon signal and the corre-
sponding macroscopic experimentally derived response to the

stepped onset of background light. Qualitatively, the model de-
scribes how during the period over which the rods light-adapt
to the background (about 1 s for mouse rods exposed to weak
or moderate backgrounds [22]), intermediate responses gener-
ated by progressively later arriving photons display greater de-
grees of desensitization. This desensitization, manifested as pro-
gressively decreased peak amplitudes and faster falling-phase
kinetics of the intermediate rersponses, continues until attain-
ment of the steady-state condition is achieved, at which time
subsequent responses display no further changes to the main-
tained background and are by definition fully adapted to that
background.

Fig. 1(a) illustrates how a hypothetical intermediate
light-adapted response, , is generated following the
step onset of a background, as the weighted summation of
the elemental responses and . For a discrete
time process sampled at the period of photon arrival, each
intermediate response can be described as a weighted
sum of and by

(5)

The weighting parameter determines the peak
amplitude and shape of by determining the degree of con-
tribution from and . When the background of
fixed strength is turned on, a stream of photons arrives at the rod
at a fixed average frequency. The intermediate response
is generated by the th arriving photon, and its amplitude sam-
pled at discrete intervals defined by , such that is defined
uniquely for each intermediate response at the moment it begins.
Both indexes and are , such that discrete
time sampling occurs at and , where is defined as the
period that separates the arrival of consecutive photons (i.e., the
inverse of the average frequency , see above). Each interme-
diate response is uniquely labeled as a function of the photon
that produces it, identified by the subscript . Implicit in this
construction is a central assumption of the model: namely, once
an intermediate response is initiated by an arriving photon and
its dynamics determined by , it evolves independent of the
generation of any previous or subsequent responses (see, also,
Fig. 2). This is taken into account in (5) by the fact that the time
index is independent of the absolute time at which the inter-
mediate response is generated (i.e., for all , ),
and is governed only by the kinetics of and
weighted to . This assumption is based on experimental re-
sults which suggest that molecular events early in the evolution
of the elemental response govern the time course of rhodopsin’s
activity [24]–[29]. In the example of Fig. 1(a) was pro-
duced using (5) with . It is the set of parameters
that describes the temporal dynamics of the adaptation process,
since it is these parameters that determine how intermediate re-
sponses evolve from dark- to light-adapted character.

Fig. 2 illustrates the first three intermediate elemental re-
sponses produced by a background step initiated at .
Curve in Fig. 2 is the response to the first photon in a train
of arriving photons following background onset, thus, is
identical to . Curves and in Fig. 2 show the
next two hypothetical intermediate responses produced by sub-
sequently arriving photons, each produced by weighted sums
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Fig. 2. The amplitudes of intermediate light-adapting responses u (i)
summate at times j, equal to the times of photon arrival at the rod
photoreceptor, to theoretically yield the fractional excitation amplitude E .
The array of excitation amplitudes E and the continuous time function fitted
to them, E(t), can be derived from the experimentally determined rod step
response function [cf. (7), see text].

of and . Note in Fig. 2 and in the description
just given, that each intermediate response is in a slightly dif-
ferent stage of light adaptation. At any fixed time after back-
ground onset and before the full development of adaptation, dif-
ferent intermediate responses will contribute differing ampli-
tudes. This occurs because responses initiated at different times
after background onset have a lifetime much longer than the pe-
riod between photon arrival events (and, hence, generation of
new responses), ensuring overlap of responses that are in dif-
ferent stages of their evolution. For example, a half-saturating
1.2 sc cd m background produces roughly 120 photoisomer-
izations , or on average one photon every 8.2 ms,
each resulting in an intermediate response. But as evident from
Fig. 1(a), responses last more than 500 ms [cf. (1) and (2)],
causing a considerable overlap between responses. Different in-
termediate responses will furthermore have slightly different
peak amplitudes and kinetics, since each subsequent response
is slightly more light-adapted then the previous one. The result
of this relationship is that, at any given time , the shape of a
given intermediate response will differ from all others present
at that instant.

The sum of all overlapping amplitudes from intermediate re-
sponses at a specific index can be considered to yield an
amplitude , such that, as a function of time

(6)

represents the amount of fractional excitation or amplitude
contributed by all overlapping intermediate responses at a given

time . can be derived from the experimentally determined
step response function via the transformation

(7)

where is a factor that scales , the continuous time coun-
terpart of . It should be noted that there is no need to numeri-
cally determine the scaling factor , since it is implicitly taken
into account by and (see Appendix). Furthermore,
is a time independent scaling factor. The excitation function

is the link between the experimentally determined step re-
sponse and the single-photon intermediate responses, which are
themselves constructed as the weighted sum of dark- and max-
imally desensitized light-adapted elemental responses,
and . The critical set of weighting parameters is de-
termined from the experimentally derived step response func-
tions through (7).

B. Model Convergence by the Recursive Stochastic Algorithm

Equation (5) employs the set of parameters to represent the
dynamics of the background step response. We now show how
to determine the parameters that yield the best-fit model re-
sponse functions to experimentally derived step responses for
different backgrounds. Determination of the parameters is
achieved by the convergence of a recursive stochastic error-
minimizing algorithm described in detail below. We begin by
choosing a general function for , the time-continuous func-
tion consisting of the collection of parameter values , which
satisfies several requirements implied by the known physiology.
First, since desensitization is a delayed process for weak to
moderate backgrounds, the functional form of at times
shortly after time zero should be near unity (i.e., yielding inter-
mediate responses similar to ). Second, with attainment
of the steady-state, the mix of and , and thus, the
plateau value of , will be some value .
A relatively simple mathematical expression that satisfies these
constraints is a function of the form

(8)

that contains three free parameters to be fitted. Here, the param-
eter is dimensionless, has units of inverse time, and has
units of time. This selected form of is not derived from
the kinetics of a known physiological or biochemical process.
Rather, the form of (8) was chosen as a relatively simple func-
tion that has the potential to exhibit near unit value at and
following a delay can decline smoothly toward an asymptotic
value between zero and unity. This function is sampled at inter-
vals (where the index and the period of photon arrival

are as defined earlier), which define the set of parameters
used to calculate the model-derived step response . Note
that throughout the remainder of this paper, the algebraic form
of remains that shown in (8), but with different numerical
evaluations of its parameters.

The recursive stochastic algorithm that determines is a
modification of the classical statistical training algorithm used
to train the weights of back-propagating neural networks (see
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Fig. 3. Flow diagram illustrating the key steps in the operation of the recursive
stochastic algorithm (see Appendix for details).

[30]). Fig. 3 illustrates a flow diagram of the key steps in its
operation. In particular, the box labeled “Evaluate for cur-
rent iteration” is the key step that takes the set of parameters
and calculates the resulting using (5) and (6). When ap-
plied to experimental data, the model determines an func-
tion that produces a model-derived best-fit step response func-
tion as described earlier via a statistical optimization routine that
minimizes an error function. Through a series of iterations, the
model converges toward a best-fit solution for within an
arbitrarily small error (Appendix).

IV. MODEL SIMULATIONS

The model can be tested and its operation illustrated by eval-
uating the resulting step response given an function
with prespecified numerical values of the parameters , , and

for the algebraic form of given in (8). Fig. 4(a) illustrates
four cases where the asymptotic value of was set at 0.1, 0.2,
0.4, and 0.9. Here, as well as in all subsequent sections, imple-
mentation of the model was done using Matlab (Mathworks Inc.,
Natick MA). Results of these simulations for backgrounds of 1.2
and 0.4 (i.e., sampling periods of 8.3 and 25 ms, re-
spectively) are shown in Fig. 4(b)–(e) generated by curves 1–4
in Fig. 4(a), respectively. All step response curves were evalu-
ated for data points assuming a sampling period , where in
each case the product was fixed at 900 ms. Qualitatively,
the behavior of the resulting step response functions obtained
with curves 1–4 in Fig. 4(a) was similar to that of the exper-
imental data. Note that the 1.2 curve in Fig. 4(e)
[generated by curve 4 in Fig. 4(a)] displays an overshoot sim-
ilar to that seen experimentally.

V. APPLICATION TO EXPERIMENTAL DATA

A. 1.2 Background

We now apply the stochastic model to experimentally derived
step response functions. Fig. 5 illustrates the result of a repre-
sentative run for a background of intensity 1.2 sc cd m . Curve
2 in Fig. 5(a) shows the resulting numerical evaluation of the

function [see (8)] that the model converged to in this partic-
ular run, which yielded parameter values of ,

ms , and ms. In general, model-derived
functions obtained from different runs display half-rising values
and asymptote values that are within 10% of each other (e.g.,
compare with Fig. 6). Solid curve 2 in Fig. 5(b) illustrates the
model-derived best-fit step response function for this run gen-
erated by its function [curve 2 in Fig. 5(a), final squared
error equal to 0.1035 in this case]. Curve 2 in Fig. 5(b) exhibits
a close fit to the experimentally derived step response data and
fitted curve (dashed-curve in Fig. 5(b) [22, Fig. 7]). Fig. 5(c)
shows a plot of the squared error as a function of iteration for
this particular run. The algorithm converges quickly and effi-
ciently toward the best-fit solution.

Fig. 6 illustrates three additional independent runs of the
model for the 1.2 step response data. As described
in the Appendix, the initial starting parameters for were
randomly selected (curves labeled “Initial(random)” in Fig. 6
(a), (c), and (e)]. In each pair of adjacent panels [Fig. 6(a)-(b),
(c)-(d), and (e)-(f)], the left-hand panel illustrates the numer-
ical representations of at different iterations as is
randomly modified by the stochastic algorithm in an attempt
to yield a convergence of the best-fit-algorithm-derived step
response (solid curves) to the experimentally derived step
response [dashed curve in Fig. 6(b), (d), and (f)]. Intermediate
curves, those that occurred as the algorithm attempted to fit
different parametric functions, are shown for iteration 30.
Different runs required a different number of iterations to
converge to an acceptable error level (set to 0.11 for all of
the data presented here) and converged by different routes to
their final solution, as is evident in Fig. 6. However, despite
the different starting points and paths taken toward final con-
vergence, the best-fit curves are very similar. That is, the
model yields best-fit algorithm-derived step response functions
(curves labeled “Best fit” in Fig. 6 (b), (d), and (f)] that are
statistically identical [i.e., well within the standard deviation
of the experimental data, see Fig. 5(b)] to the experimentally
derived step response [compare best-fit curves and dashed
curves in each of Fig. 6 (b), (d), and (f)].

B. Effect of Altering

It is of interest to explore how the best-fit step response func-
tion in Fig. 5(b) (curve 2) changes as the corresponding numer-
ical representation of is changed [curve 2 in Fig. 5(a)].
Curves 1 and 3 in Fig. 5(a) illustrate two additional func-
tions that are arbitrary perturbations of the nominal best-fit
determined by the algorithm (curve 2). These two curves are
similar to curve 2 (parameters and unchanged), but have
been shifted horizontally by an arbitrary amount by changing
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Fig. 4. Generation of simulated weighting functions !(t) and determination of corresponding step response functions. (a) Simulated !(t) functions given by
!(t) = [1+ c � expfc (t� c )g]=[1+expfc � (t� c )g], with c = 0:80, c = 0:03 (ms) , and c = 190ms (curve 1); c = 0:40, c = 0:030 (ms) ,
and c = 177 ms (curve 2); c = 0:20, c = 0:080 (ms) , and c = 100 ms (curve 3); and c = 0:10, c = 0:20 (ms) , and c = 70 ms (curve 4).
(b)–(e) Simulated step response functions generated from the !(t) functions in (a) (curves 1–4 correspond with (b)–(e), respectively). Each panel illustrates
simulated step response functions obtained with theoretical background intensities of 0.40 and 1.2 sc cd m .

Fig. 5. Representative result obtained with application of the statistical recursive algorithm to the experimentally derived 1.2 sc cd m step response. Curve 2
in (a) represents the algorithm-derived weighting function !(t) that yielded the best-fit step response function in (b) (curve 2; final convergence yielded a squared
error < 0.11). Curves 1 and 3 in (a) are !(t) functions similar to curve 2, but arbitrarily shifted along the time axis. The step response functions corresponding
with these shifted curves are plotted in (b) as curves 1 and 3, respectively. The open circles in (b) show experimental data obtained with a background step of 1.2
sc cd m . The dashed curve is the fit of the empirical equation (A(t)=A ) = f1� exp[��(t� t ) ]g�[a +(1�a ) � exp(�t=�)] [22, Fig. 7] to the data,
where t = 3:1 s and where �, a , and � are fitted parameters. (c) As a function of the number of iterations, the squared error function associated with the run of
the model that yielded curves 2 in (a) and (b). Experimental data and dashed curve in (b) reproduced from [22] with permission of The Physiological Society.
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Fig. 6. Application of the recursive statistical algorithm to the experimentally derived 1.2 sc cd m step response function. Each pair of adjacent panels
corresponds to an independent run of the algorithm. The first panel in each pair [(a), (c), and (e)] illustrates !(t) as it is modified based on the degree of
convergence of the algorithm-derived best-fit step response [labeled curves in (b), (d), and (f)] with the experimentally derived step response [dashed curve in
each of (b), (d), and (f)]. In each case, the starting !(t) function is randomly chosen as described in Appendix [curves labeled Initial(random)]. Intermediate
curves (at iteration 30), those that occur as the algorithm attempts to fit different parametric functions, are labeled Iteration 30. Curves labeled Best-fit correspond
to algorithm best-fit functions.

the value of parameter ( ms for curve 1, and 250 ms
for curve 3). Curves 1 and 3 in Fig. 5(b) are the resulting step re-
sponse functions evaluated using curves 1 and 3 from Fig. 5(a),
respectively. Curves 1 and 3 in Fig. 5(b) do not fit the experi-
mentally derived step response function (dashed curve) as well
as curve 2. A rough quantitative measure of the fit of these
curves to the experimentally derived step response can be cal-
culated by the root mean square (rms). The rms for curve 2, the
model’s best-fit step response, measured against the experimen-
tally derived step-response function is 0.0405, while the rms for
curves 1 and 3 are 0.1177 and 0.575, respectively. The fit of
these curves to the experimental data is more variable due to
the scatter in the data themselves. The rms for the experimen-
tally derived step response function (dashed curve) is 0.0836
(see [22]), while the rms for curve 1 is 0.114, for curve 2 is
0.0811, and for curve 3 is 0.0806. Further deviations of
from the model derived best-fit produce step response func-
tions with progressively worse fits to both the experimentally

determined data and fitted step response curve. For example,
keeping the parameters and from curve 2 in Fig. 5(a) again
unchanged, but altering from the nominal value of 196 ms to
10 and 350 ms yields rms values 0.1465 and 0.0915, respec-
tively, for the fit to experimental data (curves not shown). Thus,
there appears to be a relatively narrow range of functions
which yield step response curves that closely approximate the
experimentally determined 1.2 sc cd m step response data and
fitted function.

C. 0.40 sc cd m Background

Fig. 7 illustrates application of the model to experimental data
[data points and empirically fitted dashed curve in Fig. 7(a)]
determined with a weaker background (0.40 sc cd m ). The
solid curve in Fig. 7(a) is the best-fit algorithm-derived step
response function for these data, obtained as described earlier
for the 1.2 sc cd m data. Fig. 7(b) shows the numerical rep-
resentation of the function that yielded the solid curve in



10 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 51, NO. 1, JANUARY 2004

Fig. 7. Representative result obtained with application of the statistical
recursive algorithm to experimentally determined 0.40 sc cd m step
response data. Open circles in (a) show the experimental data obtained with a
step background of 0.40 sc cd m . The dashed curve is the fit of the empirical
equation A(t)=A = d [1�exp(�d t)] to the data, where d and d are
fitted parameters [22, Fig. 7]. The solid curve represents the algorithm-derived
best-fit step response function; the final convergence yielded a squared
error < 0.01. The !(t) function in (b) is the algorithm-derived, best-fit
weighting function that produced the step response function in (a) (solid curve).
(c) Squared error function in relation to the number of iterations. Experimental
data and dashed curve in (a) reproduced from [22] with permission of The
Physiological Society.

Fig. 7(a). Fig. 7(c) shows the squared error as a function of it-
eration, and indicates convergence of the model as applied to
the 0.40 sc cd m data. The coarseness of the resulting algo-
rithm-derived functions is due to the relatively large sampling
period ms . The kinetics of the resulting best-fit
functions tend to be somewhat faster than those of the exper-
imental data obtained with the 1.2 sc cd m background, and
these functions exhibit a nonzero asymptote (i.e., approximately
0.2) with increasing time. This is consistent with the notion that
with this relatively weak background, the steady-state main-
tained response is not fully light-adapted and, therefore,
displays a nonzero asymptote (see above). Together, the results
obtained with the 1.2 and the 0.4 backgrounds indi-

cate that the model converges well to functions consistent with
experimental observation.

VI. DISCUSSION

A number of previous studies have investigated, through
quantitative modeling, the nature and interplay of the multiple
processes involved in phototransduction and light adaptation in
rod and cone photoreceptors (e.g., [31]–[37]). In the present
study we have modeled the kinetics of the of rod photoreceptor
response to a stepped background of defined strength in terms
of “basis functions” that represent dark-adapted and maximally
light-adapted single-photon responses. These basis functions
summate in time-dependent weighted fashion to produce
intermediate responses whose peak amplitudes and kinetics
evolve with time and track the transition of the rod from the
dark- to light-adapted state. A principal goal of the model was
to identify the weighting function . The construction of
the model assumes that the dynamics of are responsible
for the observed kinetics of the step response and, therefore,
ultimately govern how the rod progresses from the dark- to the
light-adapted steady-state.

A. Early Determination of the Elemental Response

A central feature of the present model is the assumption that
an intermediate elemental response is fully specified at its in-
stant of initiation. Thus, while both the empirically determined
dark-adapted and light-adapted elemental responses
and reflect the action of downstream and feedback pro-
cesses in the phototransduction cascade, their contributions to
a given intermediate response (i.e., the prevailing values of
and ) are taken as constant and are specified at the instant
of initiation of a given intermediate response. This assumption
most likely provides at best an approximate description of the
trajectory (temporal evolution) of the intermediate response,
since it is likely that the influence of downstream and feedback
reactions on the intermediate response vary in complex fashion
with background intensity and with time after background
onset. Furthermore, because the present model’s basis functions

and are derived from data obtained under
dark-adapted conditions and with a 1.2 sc cd m background,
the model is unlikely to account for adaptation processes that
cannot be represented as a weighted sum of the basis functions,
e.g., processes that speed or slow response kinetics mainly at
backgrounds of intermediate strength. (See for example, results
shown in [22, Table 1 and Fig. 5], which include data obtained
with a 0.63 sc cd m background.) However, the notion
of an early time specification of the intermediate response
is consistent with evidence indicating a major role of early
transduction events in shaping the flash response [24]–[29].

B. Relationship Between and

Use of the dimensionless elemental functions and
in the present model has involved the determination

of the scaling parameters and that link
and with the experimentally determined and

from which they were derived. On a simple view of the
system being modeled, one would expect to be equal to

, since both link the experimentally used luminance value
with a unit photoisomerization (i.e., and essentially



SILVA AND PEPPERBERG: STEP RESPONSE OF MOUSE ROD PHOTORECEPTORS MODELED IN TERMS OF ELEMENTAL PHOTIC SIGNALS 11

represent rod collecting areas) [see (2)]. The present model
indicates, however, that the dark- and light-adapted scaling
factors and differ by a factor of approximately 2

. This disparity suggests
either a deficiency in the model or the occurrence of some
underlying process that in background-dependent fashion alters
the relationship between luminance of the test stimulus and
the number of photoisomerizations per rod. This disparity
could reflect the fact that the range of photocurrent spanned
by the experimentally determined response to a superimposed
test flash lies above, i.e., is nearer to saturation than, the
photocurrent value maintained by the background itself. As
emphasized by recent data from amphibian rods [38], rod
adaptation to near saturating backgrounds appears to include
processes beyond those responsible for the rapid attainment of
steady-state during weaker illumination. Thus, for example,
incremental excitation by the test flash during the step response
might increase adaptation above the level prevailing during
the step alone, and this additional adaptation, if occurring on a
fast time scale, might produce an underestimate of . It
should also be noted that the variables and introduced in
Section II multiply one another. Thus, an error in assignment
of the numerical value of for the 1.2 sc cd m background
(120 photoisomerizations ) would lead to an error in
the numerical value of and perhaps underlie the disparity
in numerical values of and noted above.

C. Interpretation of the Weighting Function

The present model accounts for the macroscopic step re-
sponse in terms of a time-dependent weighting function
that governs the contribution of elemental photic signals. The
dependence of the model on suggests that its dynamics
may putatively describe the normalized dynamics of the lumped
biochemical processes responsible for light adaptation. Physi-
cally, the dynamics of rod light adaptation are determined by
the underlying biochemistry responsible for the modulation of
transduction processes. A factor thought to play a major role in
light adaptation is the light-induced decrease in the intracellular
concentration of calcium [2], [12], [28], [39]–[45].
The time course of in the present theoretical study is
generally similar to the course of decline produced by
steps of light in frog and gecko rods in vitro [43]–[45]. While
no claim is made that the present describes the course
of step-induced calcium decrease, the ability of the model to
describe the experimentally determined step response suggests
that can be viewed as a lumped index of the underlying
biochemical processes involved in light-adaptation.

VII. CONCLUSION

The present model provides an account of the rod light-adap-
tation process in terms of single-photon responses. Furthermore,
it employs in vivo mammalian ERG data and, thus, offers rela-
tively direct application to the study of both normal physiology
and disease processes in the human eye. Understanding human
retinal diseases, and the evaluation of photoreceptor function
upon drug or gene therapy intervention, may benefit from
studies of rod function through theoretical models of the
present type.

APPENDIX

Operation of the algorithm begins with an initial random
guess of the parameters chosen from a uniform random
distribution, where the parameter values are within the range

, , and (i.e., a
uniform random number generator between zero and one
multiplied by factors 1, 0.1, and 1000, respectively). Fol-
lowing this initialization of , random changes of its
parameters, , are produced by , where R is a
random number chosen from a uniform distribution between
0 and 1, and ;

. This approach produces
smaller as a function of increasing number of iterations (see
[30]). For a given iteration, a simulated curve is
calculated from , and the function for that
particular iteration, as described above. is then compared
with the function determined from the experimental step
response data by means of a squared error function
defined by . If the squared
error for a given iteration is less than the error from the pre-
vious iteration, the randomly chosen parameters for that
iteration are kept; otherwise they are reset to the values from
the previous iteration. Final convergence is reached when the
squared error reaches an arbitrary small value (0.011 for the 1.2
sc cd m step response data, and 0.01 for the 0.40 sc cd m
step response data). Technically, determination of from
the experimental step response data via (7) yields the quantity

, where the scaling factor is strictly speaking an
unknown quantity. With and determined above, a
direct comparison between and is achievable.
Therefore, the complete formulation of (6) is given by

(A.1)
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