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A model of the role of adaptation and disadaptation in
olfactory receptor neurons: implications for the coding of
temporal and intensity patterns in odor signals
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Abstract. Natural odors occur as turbulent plumes resulting in spatially and temporally variable odor signals
at the chemoreceptor cells. Concentrations can fluctuate widely within discrete packets of odor and individual
packets are very intermittent and unpredictable. Chemoreceptar cells display the temporally dynamic properties
of adaptation and disedaptation, which serve to alter their responses to these fluctuating odor patterns. A
computational model, modified from one previously published, was used to investigate the effect of adapta-
tion and recovery of adaptation (disadaptation) on the spike output of model olfactory receptor cells under
patural stimulus conditions. The response characteristics of model cells were based upon empirically deter-
mined dose —response, adaptation, disadaptation and flicker fusion properties of peripheral olfactory cells.

The physiological properties of the model cell (adaptation and disadaptation rate and the dose —response
relationship) could be modified independently, allowing assessment of the role of each in shaping the responses
of the model cell. Complete adaptation and disadaptation time courses ranged from 500 ms (rapid cells) to
10 s (slow cells). The stimuli for the model cells were quantified odor plume recordings obtained under -
a variety of biologically relevant flow conditions. As expected, the rapidly adapting model cells displayed
different response characteristics than the slowly adapting model cells to identical temporal odor profiles.
Responses of the model cells depended upon their adaptation and disadaptation rates, and the frequency
characteristics of the odor presentation. These results indicate that adaptation and disadaptation determine
the range of concentration fluctuations over which a particular cell will respand. Thus, these properties function
as an olfactory equivalent of a band-pass filter in electronics. This type of filtering has implications for the
extraction of information from odor signals, such as the coding of temporal and intensity features.

Introduction

The physiological responses of chemoreceptor cells often 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 (Kaissling et al.,
1987; Borroni and Atema, 1988). Under constant stimulation, adaptation will cause
the response threshold of the cell to rise to the level of the stimulus, thus decreasing
the firing rate of the receptor cell. Conversely, recovery from adaptation, here termed
disadaptation, is the lowering of the response threshold from the removal of the stimulus
or a decrease in the stimulus concentration. After a period of no stimulation, the receptor
cell’s threshold will return to its original level (Voigt and Atema, 1990). Together,
adaptation and disadaptation serve a functional role as a temporal filter for chemoreceptor
cells (Moore and Atema, 1988).

Physiological studies of the temporal response properties of invertebrate
chemoreceptors have focused on pulse frequency resolution (Kaissling et al., 1987,
Christensen and Hildebrand, 1988; Rumbo and Kaissling, 1989; Almaas et al., 1991;
Gomez et al., 1992), adaptation and disadaptation rates (Voigt and Atema, 1950),
dynamic changes in receptor threshold (Borroni and Atema, 1988), and changes in
generator potential (Michel and Ache, 1991). These properties arise in part from different
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physio-chemical processes within a chemoreceptor cell, such as receptor phosphoryla-
tion and changes in Ca®* stores. Individually, these studies have provided insight into
how chemoreceptor cells adapt, and over what time frame adaptation and disadapta-
tion occurs. It is only when these studies are coupled with knowledge of natural stimulus
patterns that the functional role of adaptation as a temporal filter for odor information
becomes apparent.

To characterize the different aspects of adaptation and disadaptation, previous studies
have concentrated on stimulus presentations that were not representative of the stimulus
profiles found in natural environments (Kaissling et al., 1987; Borroni and Atema, 1988;
Voigt and Atema, 1990). This resulted from either a lack of detailed knowledge of
the natural structure of odor signals in environment or the inability to deliver identical
turbulent odor profiles to different cells during electrophysiological recording. To fully
characterize the roles that adaptation and disadaptation perform in filtering of chemical
signals, a two-fold experiment must be performed. First, the adaptation and disadapta-
tion rates of multiple receptor cells must be determined with static pulses. Then, these
cells must be presented with quantified turbulent odor signals. Technical difficulties
in the measurement and controlled delivery of biologically relevant odor signals have
made the latter experiment difficult.

The fine-scale structure of chemical signals, at biologically relevant time and space
scales, is spatially and temporally heterogeneous and chaotic (Murlis and Jones, 1981;
Murlis et al., 1991; Atema, 1988; Moore and Atema, 1991; Moore ef al., 1994).
Chemical signals arrive at receptor organs as discrete packets that vary in intensity
and duration (Murlis and Jones, 1981; Moore and Atema, 1991). Odor concentrations
can fluctuate widely within bursts and individual bursts are intermittent and unpredict-
able. Near the odor source, concentration fluctuations are large and the frequencies
in the signal are the highest. As the odor signal travels away from the source, signal
frequencies become lower, concentration fluctuations are smaller and periods of little
or no signal become more frequent. Spatial and temporal changes in the signal struc-
ture occur with distance from the odor source.

Both terrestrial and aquatic animals use odor signals to make directional choices that
are necessary to locate food, shelters and mates (Bell and Tobin, 1982; Kennedy, 1986;
Johnsen and Teeter, 1980; Hodgeson and Mathewson, 1972). These animals must extract
directional or distance information from the chaotic structure of the odor signal to orient
effectively within odor plumes. The intermittent structure of these signals is necessary
for some animals to sustain upwind movement within odor plumes (Cardé et al., 1984).
Thus, the temporal filter properties of chemoreceptor cells seem to play an important
role in the coding of dynamic chemical signals and the extraction of information from
odor plumes.

The purpose of this study was to investigate the effect that different rates of adapta-
tion and disadaptation have on the responses of olfactory receptor cells under realistic
environmental stimulus conditions. The ideal approach to investigating this problem
would be to determine the adaptation and disadaptation properties of single cells within
a population, and then stimulate them with identical turbulent odor presentations. Unfor-
tunately, the fine-scale measurement and control of turbulent stimulus profiles within
stimulus chambers is not possible. Thus, a computational model of chemoreceptor cells

with adaptation and disadaptation properties can serve to provide insight into the coding
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of stimulus profiles where electrophysiological techniques are inadequate. This model
is an expansion of a previously published chemoreceptor model that dealt exclusively
on disadaptation (Moore and Atema, 1988), and incorporates adaptation, disadaptation
and dose —response properties. This model is not designed to address questions about
the cellular processes of adaptation or disadaptation, but rather deals only with the func-
tional significance of adaptation and disadaptation for the extraction of information from
realistic environmental odor signals.

The stimuli for the computer model are odor profiles measured under turbulent condi-
tions within a laboratory flume (Moore and Atema, 1991). These signals were recorded
under the same flow conditions in which lobsters, Homarus americanus, orientated to
an odor source. Thus, they have a real basis of providing spatial information during
chemosensory orientation. In addition, they were sampled at the same spatial and
temporal scales over which lobster chemoreceptors junction. To match the spatial
sampling area associated with a single sensillum, electrochemical electrodes with
diameters of 100—150 um were used. Neurons in moths can respond to odor pulses
as rapid as 10 Hz (Kaissling et al., 1987; Christensen and Hildebrand, 1988; Rumbo
and Kaissling, 1989) and peripheral chemoreceptor cells in lobsters can follow 4 Hz
pulses of odors (Gomez ef al., 1992). These studies indicate that temporal sampling
rates are between 100 and 500 ms. Thus, a sampling rate of 10 Hz in an aquatic medium
should give a biologically realistic resolution of odor plumes.

Materials and methods

Receptor model

The receptor model was based on results from self-adaptation experiments (adaptation
to the same compounds) and does not include the phenomenon of cross-adaptation (adap-
tation to different compounds). Some of the basic assumptions about receptor cell
physiology and disadaptation were taken from a previously published model that dealt
exclusively with disadaptation (Moore and Atema, 1988). Behavioral (Cain, 1970;
Berglund et al., 1971; Todrank et al., 1991) and electrophysiology (Zack-Strausfeld
and Kaissling, 1986; Borroni and Atema, 1988; Voigt and Atema, 1990; Borroni and
O’Connell, 1992) studies have shown that, at least in some animals, self-adaptation
causes shifts in dose —response functions of receptor cells. Thus, at any instant, response
threshold is a function of the adaptation state of the receptor cell. The response threshold
is determined by two independent processes; adaptation and disadaptation; which are
time (¢) and concentration (C) dependent.

Previously encountered concentrations of a stimulus will have cumulative, time-
dependent effects on the threshold of the receptor cell. The total time (7T) over which
a sampled concentration will affect the threshold of a model cell is divided into.adapta-
tion (7,) and disadaptation (T4). T, and T4 range from 0.1 to 40 s for complete adap-
tation or disadaptation in lobster olfactory cells (Voigt and Atema, 1990), but seem
to be faster for insect olfactory cells (Kaissling, 1985; Kaissling et al., 1987; Christensen
and Hildebrand, 1988; Bartell and Rumbo, 1985), and similar for salamander olfact-
ory cells (Baylin and Moulton, 1979). For the purposes of this study, T, and T4 can
range between 0.5 and 10 s. The magnitude of these effects depends on the magnitude
of the previously sampled concentration (C) and the time since their occurrence (7).
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The effect that a previous concentration has on the threshold of the model cell increases
exponentially with time until the end of T, and then decreases exponentially with time
until the end of T4 (Figure 1). Equation 1 was used to generate the weight function
(W7y,) for the adaptation phase (7, in Figure 1) and equation 2 was used for the weight
function (Wr,) for the disadaptation phase (T in Figure 1) over the previous sample
period (7). Separate equations were used for adaptation and disadaptation so T, and
T4 could vary independently of each other.

Wy, = 0.55 x 1.5@10/2 Wy for all values ¢ = 0 to end of T, 1)

Wy, = 0.55 x 1501 T3 W for all values r = T, to T @)

The values 1.5 and 0.1 were chosen to scale rise and decay of the weight function for
the time periods between 0.5 and 10 s. Dividing the weight function by the sum and
multiplying by 0.55 serves three purposes. First, T, and T4 can vary independently
of each other and the model will stay stable. Secondly, when the stimulus concentra-
tion is constant and the model has reached equilibrium, the model cell threshold is cons-
tant. Finally, under these conditions the model cell threshold is set at 10% above the
stimulus concentration. This keeps a constant Weber fraction (Weber, 1978) of 10%
for the response of the model cell irrespective of the stimulus concentration. This value
(10%) is a little conservative as compared to those reported for animal behavior
(2-33%), including humans (Cain, 1977a, b; McBurney et al., 1967; Zimmer-Faust,
1991; catfish reference). Under these assumptions, the model cell threshold (R,) at any
time is given by equation 3:

R =YC x W, forvaluest=Tto0 3
where C, is the stimulus concentration at time ¢ and W, is the weight function W, or
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Fig. 1. Diagram showing the W, used in equations 1 and 2. The percentage threshold increase is shown
for example only. The actual value of W, will depend upon the stimulus profile over the time period con-
sidered. X-axis is time since a particular stimulus was sampled by a cell.
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Wy depending on the value of . The number of model cell types with different values
of T, and T, is virtually infinite. Therefore, for the sake of simplicity, five model cells
with large differences in time constants were developed. For this study, T, and T4 had
the values 0.5, 1, 2, 5 and 10 s. Although they could vary independently, T, and T,
were kept identical for the five model cells presented here. Thus, model cell properties
ranged from very rapid model cells (T, = Ty = 0.5 s) to very slow model cells
(T, =Ty = 10 s).

Studies have demonstrated that detection of an odor occurs only at stimulus concen-
trations above the adapted threshold (Borroni and Atema, 1988; Todrank et al., 1991).
Thus, the response of the model receptor cell can be modeled by a simple logarithmic
dose —response function based on the stimulus concentration above threshold. The
response of the model cell is given by equation 4:

R.=Bxlog(C,—R)+ A 4)

where A is the spontaneous activity of the model cell (in spikes/100 ms), B is the change
in spikes per log step change in concentration. B was chosen to be 6 spikes per log
change per 200 ms and A was set to zero. The value for B was chosen to be in the
mid to low range from published studies (5—25 spikes per 200 ms peak response in
insects: Kaissling, 1985; Bartell and Rumbo, 1985; 3 —14 spikes per 200 ms in lobsters:
Borroni and Atema, 1988; Johnson et al., 1991). The absolute value of B has little
bearing on the qualitative outcome of the model, larger values will only serve to enhance
differences in response activity. Thus, a conservative value was chosen. The spontaneous
activity was set to zero for simplicity. Receptor populations from different species will
have different spontaneous activities. The effect of spontaneous activity on the results
of the model will be dealt with in the discussion.

To determine the temporal response properties of the model cells, they were presented
with three different test stimuli: 1 mM stimulus for 20 s, 1 mM stimulus for 20 s
followed by 1 s of 1 mM (stimuli were separated by 1 s of zero background), and three
different ramps with a final concentration of 0.2 mM.

Data and signal analysis

Spectral analysis of odor profiles and model cell responses were calculated by a fast
Fourier Transform method using a commercial signal processing program (DADiSP
Worksheet). Fourier analyses were performed on chemical signals and the responses
of the model receptor cells that have been divided into 20-s time bins. The 20-s spec-
tral profiles were subsequently averaged for each signal and this average was used as
the best estimate of the true frequency spectrum. [Although this results in a loss of
frequency resolution, it also reduces the bias in the estimate (D.Mountain, personal
communication).] Fourier analysis reduces a complex wave form into its component
pure sine waves with different frequencies and amplitudes. This type of analysis produces
a ‘power versus frequency’ plot, where frequency is expressed as cycles per second
(as in a pure sine wave). In electrical terms, power is the integral of the root mean
square of the voltage over a given frequency range. Here, power reflects the pulse
concentration (of the chemical signal) or number of spikes (model cell response) at
a particular data point. Again, in electrical terms, frequency is the inverse of the period
of the different component sine waves of the signal being analysed. In chemical terms,
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onset slopes (chemical signal) or frequency of response (model cell response) is
represented as frequencies: a steep slope with a short rise time is expressed in high
frequency components. Spectral analysis of an odor profile shows the mean value of
pulse amplitudes within each frequency band, while the spectral analysis of the model
cell’s response will provide insight into which odor frequencies are enhanced or filtered.
To further enhance the graphical representation of the enhancement or filtering of
frequencies, the spectrum from the odor signal was subtracted from the spectrum of
the model cell output. This procedure results in a plot where values above zero indicate
enhancement and values below zero indicate filtering of the odor signal. While the
frequency analyses itself is independent of the order of presentation of odor pulses,
the responses of adapting and disadapting model cells are not. Since the frequency
analysis of the model cell responses is based on the output of the model, they become
highly indicative of the temporal nature of pulse trains present in the chemical signal
and the time constants used for the rates of adaptation and disadaptation.

Environmental stimulus profiles

The stimulus profiles that served as the inputs for the model cells were recorded in
a flow-through flume (250 X90X20 cm) under conditions in which lobsters, Homarus
americanus showed orientated movements toward the odor sources. (Details on the flow
set-up and recording parameters are in Moore and Atema, 1991b.) Recordings were
made at 10 Hz using the IVEC-5 (In Vivo Electrochemistry Computer System; Medical
Systems Corp.) and microelectrochemical electrodes (diameter 150 u). Three samples
(3 min each) recorded 25, 50 and 100 cm from the odor source were used in this study.
Further details of recording and digitizing are explained elsewhere (Moore et al., 1991b).

Results

When presented with a 1 log step increase in stimulus concentration for 20 s (Figure
2A), the model cells responded and then adapted according to their individual time
courses (Figure 2). The rapidly adapting model cells (Figure 2B and C) gave robust
responses only during the initial portion of the stimulation. After this, they quickly
adapted and did not respond. Conversely, the slowly adapting model cell (Figure 2F)
responded for over half of the stimulation period before adapting. When presented with
a 1-s pulse of stimulus after the 20-s pulse ended (Figure 3A), the model cells again
responded, showing disadaptation according to their time constants. The rapidly
disadapting model cells (Figure 3B and C) responded to both pulses, although the 1 s
model cell responded less to the second pulse than it did to the first pulse. The slowly
disadapting model cells (Figure 3E and F) were still adapted to the 20-s pulse and did
not respond to the following 1-s pulse.

Model cells presented with stimulus ramps each reaching the same final concentra-
tion, but at differing rates of change in concentration, responded according to their
adaptation and disadaptation time courses. The rapidly adapting model cell (Figure 4B)
responded briefly to the fastest ramp, but did not respond to the slower two ramps
because it adapted to the stimulus concentration before it rose above its threshold. The
model cells with time constants of 1 and 2 s responded to the two faster ramps, but
not to the slowest ramp (Figures 4C and D). Conversely, the slow model cells (5- and
10-s time constants) responded to all three ramps, but displayed a greater response (as
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histograms of the five model cells to stimulus in (A). Numbers above each graph represent adapiation and
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of receptor output will remain consistent in subsequent figures.

in number of spikes per bin) to the fastest ramp (Figure 4E and F).

Naturally occurring odor signals are characterized by large fluctuations in intensity,
including periods of little to no concentration (Figures 5A and 7A). These fluctuations
change in intensity and frequency with increasing distance from the odor source.
Figure 5A shows a 1-min record from a turbulent odor plume. Figure 5B—F show
the spike trains from the five model receptor cells stimulated with the signal in Figure
5A. The response from the rapidly adapting model cell (Figure 5B) was characterized
by short, intermittent bursts that occur at nearly every odor pulse. In contrast, the
response from the slowly adapting model cell (Figure 5F) was characterized by longer
lasting periods of bursts that either combined responses to many odor pulses into one
spike train or missed them altogether. A particularly clear example of the differences

in responses from the model cells is shown between 28 and 33 s (Figure 5). The 0.5 s
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Fig. 3. (A) A 1 log-step 20-8 square pulse followed by a 1 log-step 1 second square pulse. Time between
stimulus presentations is 1 second. (B—F) Response histograms of the five model cells to stimulus in (A).
Numbers above each graph represent adaptation and disadaptation time courses. Y-axis is mM for stimulus
profile and spikes per 100 ms for receptor cells.

model cell encoded the stimulus profile as five distinct pulses. The 1-3 model cell encoded
this as three pulses, while the 2-s model cell perceived only one pulse. The 5-s model
cell encoded two pulses and the 10-s model cell did not fire.

Frequency spectra of both the odor signal and model cell output can be used to analyse
how the inherent frequencies within an odor signal are enhanced or filtered by the model
cell properties. Figure 6A shows a frequency spectrum of the odor signal recorded
25 cm from the odor source (Figure 5A). Figure 6B—F shows the difference between
the frequency spectra from spike trains from the model cells (Figure 5B ~F) and the
odor signal (Figure 5A). This was calculated by simply subtracting the frequency spec-
trum from the odor signal from the frequency spectrum of the model cell output. Thus,
a positive value indicates that part of the spectrum that was enhanced by the model
cell and a negative value shows that part of the spectrum that was filtered by the model
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Fig. 4. (A) Stimulus profile of 0.1 log (final concentration) ramps presented to the five model receptor cells.
(B—F) Response histograms of the five model cells to the ramp stimuli (A). Ramps were presented separately,
but are shown together for simplicity. Ramps have the same final concentration but different rates of increase
(slope). Slopes are 20, 10 and 5 micromolar/s, respectively.

cell. These spectra show that each model cell enhanced a different component of the
frequency spectrum, acting as a ‘band pass’. For this particular odor signal, the fast
adapting and disadapting model cell enhanced that part of the odor signal that has
frequency components at 0.4—0.5 and 0.6 —0.7 Hz (compare Figure 6A and 6B). This
model cell also filtered out those frequency components that occur below 0.2 Hz. This
part of the odor signal (0.4—0.5 Hz) was also enhanced in the 1 and 2 s model cells
(Figure 6C and 6D), but to a lesser degree than the faster adapting model cell.
Conversely, the frequency component that was only slightly enhanced by the fast model
cell (0.2 Hz; Figure 6B) was greatly enhanced by the slower model cells reaching a
maximum at the 2-s model cell (Figure 6D). The lowest frequencies (>0.2 Hz) were
enhanced the greatest by the slowest adapting model cells (Figure 6E and F) and were
almost completely filtered by the rapidly adapting model cells (Figure 6B, 6C and 6D).
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Fig. 5. (A) Stimulus profile of a turbulent odor plume recorded 25 cm from the source. (B—F) Temporal
response pattern of model receptor cells with different time courses of adaptation/disadaptation.

These model cells were functionally similar to a band pass filter. The fast adapting
model cells were selectively enhancing a frequency range from 0.4 to 0.7 Hz and filtering
out lower frequencies, while the slower model cells had their band pass filters set to
a lower range of frequencies (<0.4 Hz).

As odor signals travel farther from the odor source, the intensity fluctuations become
less intense and spaced farther apart (compare Figure 7A with Figure 5A). The pattern
of responses in Figure 5 is also seen in Figure 7. The 0.5 s model cell responses were
mainly short bursts (Figure 7B), while the 10-s model cell responses occurred in longer
spike trains. This pattern is not, however, always observed. For example, the stimulus
profile from 0 to 10 s (Figure 7A) was encoded as five discrete pulses by the rapid
model cell (Figure 7B: 0—10 s) and as one pulse by the slow model cell (Figure 7F:
0—10 s). Conversely, the stimulus profile from 41 to 43 s was encoded as one pulse
by the rapid model cell (Figure 7B: 41 —43 s), one very short pulse by the 5 s model
cell (Figure 7C: 41 —43 s) and two pulses by the 10-s model cell (Figure 7F: 41 —43 s).
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