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Abstract

Chemoreceptor cells have temporaly dynamic physiological properties that serve as filters for fluctuating odor patterns. A
computational model, based on an electrical circuit, of a peripheral chemoreceptor cell was developed based on two time constants (7,
and 7,) that model sensory adaptation and recovery from adaptation. With 7; set to 0.1 s and 7, to 3.8 s, our model receptor cell
responded like real olfactory cells when presented with a series of odor pulse trains. As in real olfactory cells, changes in response
magnitude and frequency filtering were observed with changes in stimulation frequency. When presented with chaotic stimulus patterns,
model receptor cells responded with brief periods of current flow and adapted quickly. Decreases in the first time constant (7,) decreased
the response magnitude, while decreases in the second time constant (r,) increased the response magnitude and pulse frequency
resolution during chaotic odor stimulation. The two time constants are important for determining different filter properties of the
chemoreceptor cells and define the temporal range of chemical fluctuations to which a single cell will respond. © 2000 Elsevier Science

SA. All rights reserved.
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1. Introduction

Chemical signals are composed of four different com-
ponents that have potential information about the environ-
ment: quality, intensity, spatial, and temporal distributions
[1]. The mgjority of the research that is currently being
performed in chemical senses is designed to answer ques-
tions on how chemosensory systems function to extract
quality and intensity information from chemical signals. A
minority of laboratories (Breer, Firestein, and Zufall at the
cellular level; Atema, Christensen, and Kaissling at the
physiological level) are performing experiments that are
explicitly examining questions about spatial and temporal
information. As a whole, the understanding of how
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chemosensory systems function to extract information from
realistic environmental signals is not as complete as other
sensory systems such as vision and audition. Thisis due to
two reasons. First, there is a genera lack of knowledge
and understanding of the spatial and tempora dynamics of
odor signals that are perceived and potentially processed
by a chemosensory system. Second, because of the physics
associated with the dispersion of chemical signas at
macroscopic scales, it is impossible to manufacture repli-
cated presentations of environmentally relevant odor sig-
nals within either physiological or behavioral testing areas.
This second fact constrains the type of questions that can
be answered using direct experimentation.

The spatial, temporal, and intensity components of an
environmental odor signa are directly due to the physics
of chemical dispersion within a moving fluid whether it be
air or water. At macroscopic scales, chemical signals are
dispersed by turbulence, which results in a patchy signal in
time and space [3,20,23,25]. Turbulence is produced by the
mechanical forces acting within a moving fluid. Since the
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generation of turbulence is a chaotic phenomenon, each
odor signal will have a unique spatial, temporal, and
intensity component even under conditions that appear to
be similar or identical (For review see [34]). Although
theoretically possible, it is currently technologically impos-
sible to replicate the chaotic nature of turbulent odor
signals except by the indirect means of electronic playback
within computers.

The purpose of this study was to investigate how the
physiological properties of peripheral chemosensory cells
function to extract temporal, spatial, and intensity informa-
tion under real environmental stimulus conditions, i.e.,
turbulent odor plumes. The ideal approach to answering
this question would be to determine a number of physio-
logical properties of single sensory cells and then stimulate
each single cell with an identical turbulent odor plume.
This experimental approach is not possible because the
fine-scale control of turbulent stimulus profiles within any
testing situation is technologically impossible, as stated
above. The only current method available to answer this
guestion is through the use of computational models. The
model then serves a purpose of providing insight into the
function properties of chemoreceptor cells where physio-
logical experiments are impossible.

Extracting spatial and temporal information from odor
signals is an important component to the functioning of
many different chemosensory systems. For many terrestrial
and aguatic animals, this information is critical for orienta-
tion to odor sources. Lobsters and blue crabs, for example,
directly use the spatial distribution of odors for directional
information during food location [22,33]. In many moth
species, the presence or absence of a pheromone will cause
the moth to switch between two different orientation strate-
gies[17,29,30]. Odor plumes in both terrestrial and aquatic
environments are turbulent, which results in a highly het-
erogeneous and chaotic signal [21,24,25]. The heterogene-
ity in odor signals has been shown to be a critical factor
for terrestrial insects to maneuver upwind. In wind tunnel
experiments, moths exposed to continuously released or
homogeneous pheromone plumes will not fly upwind [15],
while moths exposed to large turbulent plumes or high
frequency pulsed plumes located the source of the odor [4].

In all of these examples, the tempora structure of
signals within turbulent odor plumes either guides the
switch between orientation strategies (moths) or provides
directiona information (crustaceans). Understanding the
extraction of information from temporally heterogeneous
signals by the chemosensory system is crucial to under-
standing both orientation in detail and the evolution of
physiological properties of chemosensory systems. The
extraction of temporal information from odor plumes de-
pends upon the temporal properties of chemoreceptor cells
(adaptation and disadaptation). Constant stimulation will
lead to receptor adaptation, which may explain the loss of
upwind movement in moths [4,30]. A dynamic balance
between stimulus structure and receptor cell properties will

likely give the best sensitivity for the tracking of odor
plumes.

Studies of the temporal properties of chemoreceptors
have focused on pulse frequency resolution [2,6,10—
12,14,26], adaptation and disadaptation rates [31], dynamic
changes in receptor threshold [5], and changes in generator
potential [18]. These studies coupled with knowledge of
natural stimulus patterns have led to a series of models that
have begun to provide us with an understanding of tempo-
ral filtering in chemosensory systems [19,20]. These adap-
tation and disadaptation processes have been modeled as a
dynamic change of response threshold [19,20]. Such mod-
els separate adaptation and disadaptation into two distinct
and independent time constants. In addition, recent models
have segregated chemoreceptor cellsinto two distinct types
of detectors: flux detectors and concentration detectors
[13]. This distinction is critical for understanding how
these two types of detectors encode the temporally hetero-
geneous chemical signal.

Recently, investigators conducted a series of experi-
ments designed to quantitatively study the adaptation and
disadaptation properties of peripheral chemoreceptor cells
in the lobster [12]. These experiments were unique in that
they directly measured stimulus concentration and tempo-
ral profiles during neurophysiological recordings. These
simultaneous measures of stimulus input and receptor out-
put provided some of the most detailed measurements of
the temporal properties of chemoreceptor cells to date. We
have used the results of these studies in an electrical circuit
model of peripheral chemoreceptor cells. This model is an
extension of classical theoretical modeling developed ini-
tially by Lapicque [16] and was called the leaky integrator
model. Basically, an electrical circuit models the neuron
with a capacitor in parallel with aresistor and battery. We
chose this type of model to answer questions concerning
the functional role that adaptation and disadaptation play
in filtering turbulent odor signals. We have purposefully
drawn a ‘‘black box’’ around the cellular mechanisms
underlying these processes because we are primarily con-
cerned with the functional consequences of adaptation and
disadaptation. In addition, the benefit of this type of model
is that solving these equations leads only to first-order
differential equations and that we can examine input—out-
put relationships of the neuron. In our model, the two time
constants associated with adaptation and disadaptation are
assigned to two distinct processes; the charging and restor-
ing processes in a capacitor—resistor circulit.

As stated above, modeling has a distinct advantage over
direct experimentation due to the technical difficulty of
measuring the temporal properties of olfactory cells and
then presenting these cells with temporally dynamic stim-
uli that are environmentally relevant. This approach allows
the investigator to repeatedly stimulate receptor cells that
have different physiological properties with the identical
turbulent odor signals. This can lead to new insights into
how individual or population of cells serves to encode the
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many potential sources of information, such as intensity,
quality, spatial or temporal information, from complex
natural stimuli.

2. Materials and methods
2.1. General circuit model equations

We have developed a model to investigate the func-

tional responses of peripheral chemoreceptor cells. This
model is not designed to be physiologically equivalent to a
real receptor cell, but is simply designed to have similar
input—output relationships. To model the input—output re-
lationship of a chemoreceptor cell, we have adopted the
Lapicque model for a neuron. The neuron can be modeled
by an electrical RC (Resistor—Capacitor) circuit (Fig. 1).
The mathematics follows Eccles [8], Curtis and Eccles [7],
and Tuckwell [28]. Stimulus input is modeled by a voltage
input (V;,) to the model receptor cell. In addition, the
response is represented by current flow (1) in our model.
The response of the model cell is then determined by
Oohm's law (1):
I=(Vin,—V)/R (1)
where the output of the model cell is determined by the
voltage difference between the stimulus input (V;,) and the
voltage charge on the capacitor (V). We assume that there
are two processes, charging and restoring, that determine
the voltage on the capacitor of the model cell. These two
processes interact to adapt a model cell to an input signal
V,,, while only the restoring process disadapts the model
cell after remova of the stimulus.

2.1.1. Adaptation

The physiological responses of chemoreceptor cells of-
ten return to pre-stimulus levels in spite of continual
stimulation. This process, termed adaptation, can be thought
of as a dynamic change in the response threshold of the
receptor cell [5,14]. Atema and co-workers have shown in
lobster chemoreceptor cells that the response of the recep-
tor cell decays exponentially [10-12,31]. When a constant
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Fig. 1. Electric circuit model of a chemoreceptor cell taken from Lapicque
[16] and Eccles [8] and designed to simulate the effects of adaptation and
disadaptation on the firing abilities of cells. For the purposes of the
model, electrical current (1) is analogous to receptor cell output (as
changes in firing frequency) and voltage input (V;,) is anaogous to
stimulus concentration.

stimulus (V,,) is applied to the model receptor cell, the
capacitor charges and the voltage (V) on the capacitor
builds up exponentially over time(t), (dV/dt=1/C; [27)).
The voltage difference between input and capacitor (V,, —
V) will decrease and the response of the model receptor
cell will decrease exponentially.

We assumed during both the charging and restoring
phases that the restoring force serves to work against the
voltage change on capacitor (dV /dt), i.e., when the volt-
age rises, the restoring force will decrease V; conversely,
when the voltage drops, the restoring force will increase V.
In addition, the strength of the restoring force is voltage
dependent, i.e.,, the larger the voltage, the stronger the
effect that the restoring force will have on this change.
This can be described by the differential Eg. (2):

dv/dt= —pV (2)

where p is a constant coefficient and is dependent upon
individual cell properties. For convenience, we define the
reciprocal of the time constant 7, as equa to p. Eq. (2)
now becomes Eq. (3):

dav/dt= -V/7, (3)

In general, the change of voltage on the capacitor over
time (dV/dt) during adaptation is due to both a positive
charging force and a negative restoring force. These two
processes are additive and can be modeled by Eq. (4):

dav/dt=1/C-V/7, (4)

where 7, = CR,, the capacitance and resistance of the cell
(Fig. 1; [28).

2.1.2. Disadaptation

When there is no stimulation (V,, = 0) or stimulation is
lower than capacitor voltage (V,, < V), there will be no
positive current flow from the model cell due to the
presence of the diode (Fig. 1). The restoring force works to
return the voltage on the capacitor to the pre-stimulus level
(disadaptation). Since there is no response from the model
cell (1 =0), Eq. (4) now becomes Eg. (5):

dv/dt= —V/7, (5

2.1.3. Response of the model to a DC stimulus input

We can begin testing our model by presenting the
model receptor cell with a DC stimulation, such that when
t<0, V;,=0 and when t>0, V,,=Vpc. Vpc is the
voltage of the DC input and is equivalent to the stimulus
intensity delivered to the model cell. The response of the
model can be calculated by Egs. (1) and (4) by substituting
Vpe for V;,. The solutions for these equations are:

=1+ Kpcexp(—t/7) (6)
V = RKkpc — Rkpcexp(—t/7) (7

I, is the basal level of current flow in the model cell or
background activity. kpc is a constant coefficient deter-
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mined by the boundary conditions (t=0, V=0, | # 0,
therefore, kpe =k, 1 =Vpe/R=1,+kpc). In addition,
l,, 7, 74, and Kk, are defined as:

ly=(7/72)(Vin/R) (8
T=(77) (71 + 75) (9
7,=(RC) (10)
ki =(7/7)(Vin/R) = (Vin/R) — 1, (11)

The 7,, 7,, and hence, = are intrinsic values of the
temporal properties of a specific model receptor cell and
are independent of input signal qualities. 7, is determined
by the values of R and C and is called the ‘* charging time
constant’” of the model receptor cell. =, is an intrinsic
property of restoring force and is called the ** disadaptation
time constant’’. 7 is the time constant determined by the
simultaneous charging and restoring processes and is called
‘*adaptation time constant’’.

The voltage on the capacitor at the time of initial
stimulation is zero, i.e., V;_, = 0. We can put our solution
for kpe into Egs. 6 and 7. From these eguations, it
becomes possible to calculate both the voltage on the
capacitor and the response of the model receptor cell
during the DC stimulation. As time increases, the voltage
on the capacitor increases exponentially to a value of Rk,
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(=(7/7)Vpc) and the response decreases exponentially
to avaue of 1, (=(7/7,)(Vpc/R).

After removing the DC stimulus, the voltage on the
capacitor begins to discharge, which initiates the disadapta-
tion process. The general solution of the differential equa-
tion for disadaptation (5) is:

V= VyseXp(—t/7;) (12)

where V;, stands for the voltage at the initial part of the
disadaptation phase (t = 0) which is Rk, (from Eq. (7)),
i.e.,

Viis = Rkl (13)

Substituting Eqg. 13 into Eq. 12 supplies the equation for
the disadaptation phase of the model cell’s response:

V =Rk exp(—t/7,) (14)

The voltage on the capacitor decreases exponentially
with time. The response on the next stimulation will then
depend upon the intensity of the next stimulation and the
remnant voltage on the capacitor.

2.1.4. Responses to a repetitive pulse train input

For a series of periodic stimuli with frequency (f), the
pulse train can be divided into two intervals: one stimulus
interval (ST, = stimulus period x) during the presence of
the stimuli (V;,,) and the other stimulus interval (IST, =

1 2 n-1 n n+1
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Fig. 2. (A) The periodic stimulus for the model chemoreceptor cell. The total period of the stimulation is T = ST, + IST, and the frequency of the input is
1/T. (B) Voltage on the capacitor (V) changes due to changes in the stimulus input. During the stimulation phase of the periodic stimulus (ST), the
capacitor charges, while during the inter-stimulus period (1ST), the capacitor discharges. The rate of charging and discharging are determined by (7,) and
(7,), which are defined in the text. The time constants are set at 0.1 and 3.8 s for 7, and 7, for al analysis except where explicitly stated.
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inter-stimulus period x), which is between successive
stimuli (V,, = 0). The total period of the stimuli (T) is the
summation of both of these intervals (Fig. 2A).

In the first period of stimulation (ST,), the voltage on
the capacitor and the response are identical to those de-
rived from the DC stimulation (Fig. 2B, V, =0). Egs. 6
and 7 describe the response (6) and voltage (7) of the
model.

At the beginning of the first inter-stimulus period (1ST,),
the initial voltage on the capacitor (V,) is equal to the
voltage on the capacitor at the end of the first stimulation
period (t = ST,) due to the continuity of voltage, from (7)

Vi = Rk; — Rk;exp( — ST, /7) (15)

From the equation for voltage decay during disadaptation
(14), the voltage (V,) on the capacitor at the end of the
inter-stimulus period (I1ST,) is:

V, = Rk,exp( —1ST,/7,) (16)

where k, = V| /R. Thisis also the voltage on the capacitor
at the beginning of the second stimulation period (ST,).
This process is then repeated with each subsequent stimu-
lation period for the complete stimulus train.

This process can be simplified and general equations for
voltage and response for nth-stimulus period in a series of
pulse trains can be developed. In general, starting from an
initial condition in the first period with the initial voltage
on the capacitor equal to zero (an unadapted receptor), we
can caculate the voltage and current at any time by the
following equations.

In the stimulus period (ST,) of the nth stimulation
(adaptation period):

V =Rk, — Rk,exp(—t/7) (group 17)

I =k.exp(—t/7) +1,

where

ky=k, —V,/JR (n=135,...)

V, = Rk,_,exp( —IST, /7;) (att=0)

Iy =(7/72)(Vin/R)

Vy = Rk, — Rk, exp(—ST,/7) (att=ST,)
ki = (7/71)(Vin/R) = Vin/R= 1,

In the inter-stimulus interval (IST,) of the nth period
(disadaptation period):

V=Vexp(—t/7,) (group 18)

where

k,=V,/R (n=123,...)

Voro =Rk, 18p(—IST,/7,)  (att=IST,)

This series of equations makes it possible to calculate
the expected response of the receptor model for any stimu-
lus pulse train (Fig. 2B, Fig. 3B).

2.1.5. Response of model to odor plumes

Odor plume time-series were used as environmentally
relevant stimuli for our model [21]. These time series data
were sampled using a discrete procedure for each 0.1 s
sampling period. If the odor stimulation (V,,) was greater
than the remnant voltage (V, or V., , from group 17),
(Egs. 6, 7, and 15) were used to determine the voltage
output. Conversely, if the odor stimulation (V,,) was equal
to or less than the remnant voltage (V, or V, ., from
group 18), Egs. 15 and 16 were used.

2.1.6. Data analysis

Data manipulation and analysis were performed by
using commercial software packages (Microsoft Excel® or
Statistica® for Windows). One-way ANOVAS, post-hoc
Tukey-HSD tests, and Pearson’s correlation coefficients
were calculated using the intensity output of the model and
the odor plume data with Statistica® for Windows. Vaues
for 7, and 7, were determined using the pulse response
profiles from Gomez et al. [12]. Dr. George Gomez sup-
plied raw neural responses and IVEC (in vivo electrochem-
istry) data to us. From this, we used total spikes per
stimulus from the model and real cells as the neural
responses for our fitting procedures. Best-fit values were
determined using a maximum likelihood test constructed in
Mathematica® for Windows [9]. Both 7, and 7, were
allowed to vary simultaneously to produce a three-dimen-
sional likelihood plot. Values for 7, and 7, were chosen
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Fig. 3. The response (as current flow) of a model receptor cell to various
periodic stimuli with different input frequencies (f = 0.5, 1, 2, 4 Hz) and
to a DC step. All model cell responses were normalized to the first
stimulation.
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that maximized the likelihood for fitting the lobster data.
Responses from the model are presented as current (1)
per 100 ms. For those analyses that use normalized re-
sponses, the maximum response was used to normalize the
subsequent responses. Since the stimulation periods lasted
100 ms, we used the total current during that 100 ms epoch
for the analysis of periodic stimulation.

3. Results

3.1. Fitting of 7, and 7, to experimental data

To determine the values of 7, and 7, for our model,
we have used published neurophysiological data from pri-
mary olfactory receptor cells in the lobster, Homarus
americanus [10,12]. We have chosen these experiments
because they represent the only experiments to date in
which the stimulus input was measured simultaneously
with receptor cell output. The choice of 0.1 and 3.8 s for
7, and T,, respectively, gave the best fit for the population
results from the lobster. Each individual cell will most
likely have distinct pairs of values for 7, and 7,, which
will give each receptor cell distinct temporal filter proper-
ties.

Both pulsatile and turbulent odor simulations were per-
formed using odor signals with a time resolution of 100
ms. Micromolar concentrations within the odor signals
were converted directly to volts for the simulations and the
output from the model cells was measured as current (1)
The intensity of the output current is a relative measure of
model cell output and can be related to firing frequency of
real receptor cells (No. of spikes per unit time). An
increase in current flow of the model cells (as in (Figs. 3,
4, 6, and 7)) can be thought of as an increase in firing
frequency of real receptor cells. In the following smula
tions, ST was always set to 0.1 s for al pulse trains with
T=1/f (for f=0.5, 1, 2, and 4 Hz). For the DC stimula-
tion, we set IST = 0.

3.2. Individual and peristimulus responses to repetitive
pulses

The response of our model receptor cell to both a series
of stimulus trains at different frequencies and to a single
DC step stimulus is shown in Fig. 3A—E. Each response
was hormalized to the maximum response, which always
occurs with the initial stimulation. In general, the model
receptor cell could faithfully follow pulsatile stimuli up to
a frequency of 4 Hz. However, the 4-Hz frequency ap-
proached the temporal resolution limit (flicker fusion) for
our model receptor cell and the individual responses were
weak. It was evident from these series of stimulations that
our model cell exhibited two types of adaptation. Within
each pulse, the response of the model receptor cell de-
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Fig. 4. Cumulative adaptation responses of a model chemoreceptor cell to
various periodic stimulus series with frequency f =05, 1, 2, 4 Hz and a
DC stimulation. With periodic stimulation, the responses of the model
cell drastically decreased to asymptotes after the third response. Re-
sponses of the model cells were normalized to the first response. The
periods for the DC stimulus were sequential 100 ms bins.

creased despite constant stimulation. In addition, there was
a long-term effect of adaptation, which resulted in a lower
initial response to each subsequent stimulus pulse (cumula-
tive adaptation; [31]). During adaptation to periodic stimuli
or a DC step, the response of the model cell completely
adapted after along time and only the background activity
remained (1,). In our model receptor cell and in lobster
chemosensory cells, the background activity was very low
or completely absent.

3.3. Flicker fusion

Our model receptor cell resolved up to a 4-Hz stimulus
frequency (Fig. 3). The response peaked at the initia
stimulus pulse and declined to a steady state within 2 s
after stimulation began (Fig. 3). This is similar to lobster
olfactory cells, which had a peak in response between 100
and 200 ms and a similar decline [12]. Unlike real lobster
olfactory cells, our model receptor cells resolved pulsed
stimuli faster than 4 Hz. The response magnitude at these
higher frequencies is quite small 1-3% of the origina
response. Given that our model receptor cell has no
‘‘noise’’ associated with its response, we had the ability to
resolve these small magnitude responses. If our model
receptor cells had a realistic variability and noise that is
associated with real receptor cells, our ability to resolve
high frequency stimulation would be compromised. In
addition, at these higher frequencies, the response magni-
tude continued to decrease with increasing frequency. The
responses failed to fuse after 3 s and remained a a
constant level for the remainder of the stimulation period.
In contrast, lobster olfactory cells fused in a much shorter
time period (< 2 s; [12)).
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3.4. Cumulative adaptation

Repetitive stimulation caused a decrease in the normal-

ized response, which
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after several periods (Fig. 4). The normalized response of

the model receptor cell reached this plateau after only

three periods for the lower frequencies (0.5 Hz) and after

quickly approached an asymptote seven periods for the faster frequencies (4 Hz). The great-
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Fig. 7. (A) Stimulus profile of a real turbulent odor plume measured from previous studies [23]. (B—D) Temporal response patterns of model
chemoreceptor cells with different 7, values (B = 1.9, C= 3.8, D =7.6 s). All three model receptor cells had the same 7, which has been set at 0.1 s.
Time constants that match lobster olfactory cellsare 7, =0.1sand 7, =3.8 s.

est decrease in response occurred after the first pulse
regardless of the stimulation frequency. In addition, the
percentage of initial response decreased with increasing
frequency.

3.5. Response of model cells to turbulent odor signals

To remove any results, which may be biased due to a
completely unadapted state of the model receptor cell, all
subsequent analyses (on model cell responses to odor
signals correlations, response lengths, etc.) were conducted
after the first 30 s of odor stimulation. Naturally occurring
odor signals are characterized by large fluctuations in
intensity over time [19,21]. How model and real receptor
cells respond to these concentration fluctuations will de-
pend upon their rates of adaptation and disadaptation. In
our model, we could change the two time constants (7,
and 7,) independently from each other. Fig. 5B—D shows
the effect of changing =, on the response of a model
receptor cell. As the first time constant was increased from
0.05 to 0.2 s, the magnitude of response aso increased.
This was due to the differences in the time dynamics of the
model receptor cells, which is the remnant voltage on the
capacitor (7, = 0.1 s fits the data from lobster olfactory
cells). For example, with a rapid charging time constant
(r,=0.05 9), the threshold of the model receptor cell
increased almost as quickly as the rate of stimulus concen-
tration increased during an odor pulse. The difference

between the stimulus concentration and the concentration
that was above the remnant voltage of the receptor cell
remained small (Fig. 5, e.g., t =88 s). Conversely, with a
dower charging time constant, the concentration within an
odor pulseincreased at a faster rate than the increase in the
remnant voltage, the model receptor cell responses were
greater in magnitude. In addition, this rate had a significant
effect on the length of response. (Length of response is
measured as the time of current flow of a response and is
surrounding at the start and finish by zero current flow
periods.) The average length of the responses were 0.37,
0.49, and 0.69 s for 7, = 0.05, 0.1, and 0.2 s, respectively.
These differences were significant ( p < 0.05, Tukey-HSD
test). The model receptor cell with the faster rate of
adaptation resolved the stimulus fluctuations into smaller
and more discrete pulses (Fig. 6, e.g., t = 66—70 s). Dur-
ing this period of odor stimulation, the rapidly adapting
cell and intermediate cell encodes six discrete odor pulses
(Fig. 6B and C). The slowest adapting cell encodes only
three distinct pulses (Fig. 6D). (Pulses are considered
distinct when a period of zero current flow occurs between
them). Also, note the changes in magnitude of current flow
between the three cells a 70 s. Regardless of the time
constants and corresponding rates of adaptation or disadap-
tation, the responses from al of the model cells to a
turbulent odor plume were characterized by short, intermit-
tent periods of current flow. Prolonged current flow from
any of the cells was missing. Changes in disadaptation
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time constant did not have a significant effect on response
length.

In addition, the magnitude of current flow in the recep-
tor cells was significantly correlated to the concentration
level of the stimulus input (Fig. 5, eg., t=72-82 s,
r2=0.16, 0.21, and 0.30 for 7, =0.05, 0.1, and 0.2 s,
respectively, p < 0.05). Although the correlation of re-
sponse with odor plume concentration was weak for all
three adaptation times, the correlation was stronger as the
adaptation time constant was lengthened. This relationship
was also seen for changes in the disadaptation time con-
stant, but the correlation weakened as the disadaptation
time constant was lengthened. In addition, the correlation
coefficients were less sensitive to changes in the disadapta-
tion time constant.

Changes in the second time constant (7,) also affected
the response of the model cell. As 1, isincreased from 1.9
to 7.6 s, the response of the model receptor cell decreased
(Fig. 7B-D; 1, =3.8 s fits data from lobster olfactory
cells). Model receptor cells with rapid disadaptation time
courses recovered from a previous high concentration
quickly allowing them to respond fully to the next stimu-

A

1000 r25 &
5
< 800 to0 0
o
= 600 S
= T
X
5 400 L10 &
Q. ~
K 200 S
.5 3
0 w
o @
0 50 100 150 200 ~

TIME (s)

800} B 25 Z
600 20 @
[5) o

9
£ 15 »n
E 400 T
o =
S 10 &
200 ~
s O
ol 2
T I N I T I 0 2

0O 20 40 60 81 100 120

TIME (s)

Fig. 8. Stimulus profile of turbulent odor presentations within a neuro-
physiologica recording chamber (Ieft-hand axis) and the simultaneously
recorded neural output of lobster olfactory cells (right-hand axis). A and
B are different receptor cells. Neural output is measured as the number of
action potentials per 20 ms bin. For more details regarding the recording
and measuring of neural signals from lobster olfactory cells, see [11,12].

lus. Model receptor cells with long disadaptation time
constants remained adapted and could not resolve small
odor pulses that follow a large concentration pulse (Fig.
7D; e.g., t=95-100 s). Conversely, model receptor cells
with rapid disadaptation rates resolved more pulses within
a succession of odor stimuli (Fig. 7B; e.g., t =95-100 9).
It was clear from these changes in the two time constants
that 7, affected the ability of a model receptor cell to
encode pulse series while 7, affected the ability of a
model receptor cell to encode series pulses and the magni-
tude of concentration within a single odor pulse. These
model responses were similar in regard to reduced magni-
tude and temporal structure to responses from lobster
olfactory neurons to turbulent odor presentations (Fig. 8A
and B). The responses presented in this figure are single
olfactory neurons responding to fluctuations in concentra-
tion of hydroxy-proline. The tracer chemica (dopamine)
was mixed in with the olfactory stimulus, hydroxy-proline,
and concentrations of dopamine were measured simultane-
oudly with the neural output. For details on these smulta-
neous recording techniques and neurophysiological meth-
ods, see [11,12].

4, Discussion

Physiological models can play an important role in
understanding the mechanisms by which sensory systems
extract information from environmental signals. This is
especialy true for chemosensory systems due to the turbu-
lent and chaotic structure of environmental odor signals. It
is extremely difficult to mimic turbulent odor signas in
neurophysiological recording chambers and impossible to
present the same turbulent odor signal to different receptor
cells. Models can provide a means of presenting identical
stimuli to receptor cells with different physiological prop-
erties, which permits some insight into the filtering of
realistic odor signals. This is true only if the physiological
models have assumptions based on real electrophysiologi-
cal data from actual receptor cells.

Our model cells responded analogously to real receptor
cells under identical stimulation conditions. When pre-
sented with a train of odor pulses, our model cells exhib-
ited two forms of adaptation (Fig. 3). First, within asingle
pulse, the response decreases despite prolonged stimula-
tion. Second, the response decreased with subsequent stim-
ulation in the pulse train and the magnitude of decrease
was dependent upon the stimulation frequency (cumulative
adaptation; [31]). The rate of cumulative adaptation for our
model cells mimics that found in rea receptor cells [12].
When presented with turbulent odor profiles, model cells
responded to stimulus pulses with very short bursts of
current (Figs. 5—7). Since the response to any single odor
stimulation was dependent upon a number of factors in-
cluding previous concentrations, current concentration and
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the two physiological time constants, changes in the time
constants had a profound influence on the output of the
model receptor cell. Increases in 7, (adaptation time con-
stant) served to increase the response of the model cell
(Fig. 5; eg., t =88 9).

This can be explained by how 7, affects the threshold
of the model receptor cell. In our model, we simulate the
receptor cell adaptation by raising the threshold (capacitor
voltage) of the model receptor cell. For very small vaues
of 7,, the threshold of the model receptor cell changes
very quickly to the raising concentration and the difference
between the stimulus concentration and the threshold level
remains small. Conversely, for large values of 7,, the
threshold of the model receptor cell responds slowly to the
rising stimulus level and the difference between stimulus
and cell threshold remains large. The response of this
model cell is larger than a model cell with asmall 7,. This
is only apparent when stimulus pulses are presented as
ramps or slopes and is not present for square-wave stimu-
lation. Identical findings with ramped stimuli were pre-
sented elsewhere [19].

All environmentally relevant stimuli have a slope. The
ability of receptor cells to respond differently to different
slopes is important for trandating concentration—response
functions derived under assumed square-wave (or unmea-
sured waveform) stimulation in physiological chambers to
the concentration—response properties of the system under
realistic stimulation. Previous models serve to show that
the adaptation time constants determine the receptor cells
sensitivity to dope of the stimulus, but did not revea
changes in concentration—response functions [19,20].

Changes in the second time constant, 7,, had two
consequences for the response of the model receptor cell.
First, short time constants, eg., 7, = 1.9 s, increased the
response of the model cell but to a much smaller degree
than changes in 7,. More importantly, changes in 7,
influenced the ability of the model cell to resolve odor
fluctuations into discrete pulses. Model receptor cells with
smaller values for 7, resolved more of the small-scale
concentration fluctuations within odor signals (Fig. 7).
Although the true disadaptation time constant of the model
cell incorporates both =, and 7,, it is 7, that is more
important for the temporal resolution of the cell. For
instance, if a large concentration peak occurs before a
series of smaller concentrations, model cells with long
recovery times will not respond to the smaller fluctuations
(Fig. 7D; e.g., t = 88—100 s). Conversely, model cells with
quick recovery times will respond to many of the smaller
stimulus fluctuations.

The two time constants of our model define both the
temporal filtering capabilities and the dynamic concentra-
tion—response function of receptor cells. A receptor cell
with these physiological properties becomes a temporal
filter for incoming dynamic signals (Fig. 8). Different time
constants bestow upon a receptor cell a concentration—
frequency specific response profile. Receptor cells with

shorter adaptation and disadaptation time constants will
respond greater to shorter periods of stimulation and are
able to follow higher frequency stimulation. Conversely,
receptor cells with longer adaptation and disadaptation
time constants will respond greater to a lower frequency of
odor stimulation. This type of signal analysis may be
important for those animals that use purely chemical infor-
mation to orient to chemical sources.

It has been shown in other sensory systems that physio-
logical filters are ‘matched’ to the dominant stimulus
properties [32]. Other studies have suggested that the fre-
guency filter properties of chemoreceptor cells are matched
to the dominant frequencies within biologically relevant
turbulence [3,20]. The dominant frequencies in aguatic
odor plumes which have been quantified are below 4 Hz
[21,23], while the dominant frequencies in aerial plumes
appear to be much higher (10-30 Hz; [24,25)). In fact,
peripheral and CNS neurons of insects can resolve faster
stimulus fluctuations (up to 10 Hz; [6,14,26]) than |obster
olfactory neurons (up to 4 Hz; [11]). We find that the time
constants derived from aguatic physiological studies give
maximal responses to stimulus frequencies at or below 4
Hz. Other chemoreceptor systems under different environ-
mental constraints will most likely have different physio-
logical time constants to maximize response profiles to
different stimulus conditions.

As a consequence of the dynamic structure of odor
signals and the temporal properties of our model receptor
cells, the encoding of stimulus properties may be different
than what has been proposed previously. It has been
suggested that chemoreceptor cells are not responding to
concentration but instead measure concentration per unit
time. Chemoreceptor cells are actually flux detectors or
concentration detectors [13]. Similarly, our model shows
that absolute concentration as a single stimulus parameter
has become decoupled from the magnitude of model cell
response. However, our analysis shows that our model
receptor cells are responding to the derivative of the flux
or rate of concentration change per unit time. For example,
the concentration peaks located at 73, 79, 80, and 83 s
(Fig. 5) are nearly identical in amplitude. Each of our
model receptor cells responds differently to each of these
stimulus concentrations. The magnitude of response is
dependent not only on the current stimulus concentration,
but also on the previous stimulus concentration. Similar
examples are found throughout the time series shown in
Figs. 5 and 7. This change in model receptor cell property
is important when considering how intensity information is
encoded by chemosensory systems. Our model suggests
that the physiological mechanisms underlying adaptation
and disadaptation is one of the mechanisms that differenti-
ate cells into flux detectors or concentration detectors (as
defined by [13]). This is also seen in the neurophysiologi-
cal data presented here (Fig. 8).

In summary, this model shows that the temporal proper-
ties of chemoreceptor cells can be modeled using a simple
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electrical circuit with two time constants. This model
shows that changes in these time constants can have
dramatic affects on how individual cells encode both inten-
sity and temporal information contained within odor sig-
nals. In addition, this model aso points to certain areas
that need further investigation. These include how different
rates of adaptation and disadaptation influence the ability
of cells to encode both the quality and quantity of chemi-
cal signals, what cédllular events influence the intrinsic time
constants of receptor cells, and what important features of
turbulent plumes are passed on to higher order neurons.
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