Decoding Smell: Neuronal Responses to Odor Mixtures in Drosophila Larva Using Calcium

Imaging

Abstract:

The underlying structure of the olfactory system, a primitive and essential sensory system, is
conserved across all organisms and shares similarities with the structure of other brain regions.
At the very beginning of olfactory circuit lie the olfactory receptor neurons (ORNSs), which have
odorant receptors that detect and respond to different odors in the environment. Although their
dose-response behavior to concentrations of single-odors has been studied, there is no definitive
understanding of how ORNSs respond to odor mixtures. This question is relevant because all
natural “smells” are composed of multiple odors. Using calcium imaging techniques in
Drosophila larva, we systematically measured the responses of isolated ORNSs to different
concentration combinations of two-odor mixtures. We found that the ORN’s dose-response to
two-odor mixtures could be predicted by a simple model that uses parameters obtained from the
dose-responses to the individual odors. Our results suggest that the ORN’s odorant receptors
independently bind with odors and that the binding process doesn’t involve strong interactions
between different odors. Furthermore, our study indicates that the complexity of the olfactory

system can be broken down into a combination of simpler mechanisms.



Introduction

The nervous system is complex. The human brain contains billions of neurons, which form
trillions of synapses with other neurons and communicate at millisecond-scale speeds. As
complicated as the structure and function of the nervous system may seem, each of its neurons
behave in a computational manner that researchers can analyze and model (Dayan and Abbott,
2001). Research in neuroscience has been taking an increasingly quantitative approach,
incorporating mathematics, physics, computer science, and other disciplines to study how
different brain circuits transfer information.

Among the most widely studied brain circuit is the olfactory circuit. The sense of
olfaction, or smell, has always been important for the survival of all species; the ability to detect
and respond to both beneficial and harmful substances can mean the difference between life and
death. In fact, it was discovered that a large percentage of genes across many species are devoted
to encoding different olfactory receptors (Axel and Buck, 1991). This study affirmed not only the
importance, but also the intricacy of olfaction compared to other senses. Though complex, recent
research also suggests that the structures of olfactory circuits are conserved throughout all
organisms (Ache and Young, 2005). Additionally, the structure of the olfactory system has been
found to resemble that of other brain regions such as the cerebellum and hippocampus (Stevens,
2015). Studying in one organism’s olfactory system may shed light on how other organisms’
olfactory systems function, and even how other brains regions function.

To solve a complicated system like olfaction, we must break down the question into
smaller, solvable pieces. Our study focuses on the first piece of the puzzle, the olfactory receptor
neurons (ORNSs), which respond to different smells using odorant receptor proteins. When the
ORN is subject to a single pure odor, the relationship between the concentration of the odor and
the ORN’s response, known as its “dose-response,” can be modeled via a Hill equation, which
follows a logistic growth pattern (Gadagkar et al., 2015). However, when an ORN is subject to
an odor mixture containing more than one pure odor, the exact relationship between the
concentrations of each odor in the mixture and the ORN’s response is still unknown. Since all
naturally occurring smells, like baked bread or pheromones (Bjostad et al. 1984), are made up of
more than one type of odor molecule, solving this question could tell us about how organisms

identify different smells based on their chemical composition (Malnic et al., 1999).



Prior research aimed at understanding ORN dose-responses to odor mixtures has been
inconclusive and inconsistent. A recent theoretical study (Marasco et al., 2016) compiles the
results of various other studies and suggests that the differences between the dose-response
curves could be due to the variety of ways the odors interact with each other at the odorant
receptor. For instance, they could either “block’ each other from the binding sites (competitive
inhibition), or “help” each other bind more (synergy).

Although there might be odor-odor interactions that affect mixture dose-response, we
have identified other factors that could explain the inconsistencies. Since previous studies used
wild-type olfactory organs, meaning that all the animal’s ORNs were intact, delivering an odor
mixture meant for activating and observing one ORN could have activated another ORN in the
process. A recent study showed that ORN activity could be influenced by the activity of
neighboring ORNS, even though they weren’t connected via synapses (Su et al., 2015). This
phenomenon, known as non-synaptic inhibition, could explain why the results from multiple
studies were different. Thus, in our study, we are not only using Drosophila larva, an organism
with a simple and well-mapped olfactory system (Vosshall et al., 2000; Berck et al., 2016), but in
particular a special Drosophila line that only has one functional ORN (see Methods), isolating it
from any outside influence. We hope this will allow us to observe how the ORN truly responds
to an odor mixture.

Another important factor we found was the method of delivering odors to the animals
(Andersson et al., 2012). Experiments using airborne odor delivery shared similar results
indicating the complexity of ORN responses to odors (Raman et al., 2010), while those using
liquid odors yielded more results that demonstrated the simplicity of ORN responses to odors.
(Friedrich and Laurent, 2001). In our study, we will be using a precise microfluidic system to
deliver odors in liquid form to limit experimental error.

The question of how ORNSs respond to odor mixtures has been studied before, but our
study applies a novel and refined approach by isolating the ORN and delivering a reliable stream
of odor to the animal. Our goals are to accurately measure the dose-response of the isolated
ORNSs to odor mixtures, and determine whether an isolated ORN’s dose-response to an odor
mixture can be mathematically modeled based on how the ORN responds to the two odors

individually.



Materials and Methods

Fly Handling

All experimentation was done on Drosophila larvae. Adult flies were kept in small
transparent vials with food on the bottom, labeled with their genotype. The transgenic flies used
in this study were produced by fly crossing via the UAS/GAL4 system. To make crosses, male
flies from one genotype and virgin female flies from the other genotype were anesthetized using
carbon dioxide placed into a larger cross cage. Larvae were collected on a grape plate at the
bottom of the cage, where the flies laid their eggs on. A 1:2 male to female ratio was kept in the
cross cages to maximize offspring. More flies had to be added periodically to replace dead flies
and females losing their fertility (Stocker and Gallant, 2008).
Genetic Cross

Fly stocks were purchased from the Bloomington Drosophila Stock Center by the
research facility. Adult virgin female flies with the genotype of w; AOrco, UAS-
GCaMP6m/UAS-Orco were crossed with adult male flies with the genotype of w,; AOrco;
Orl13a-GAL4, and w, AOrco,; Ord2a-GALA4. This cross expressed GCaMP, a calcium indicator,
in the target ORN so that the neuron activity can be observed through imaging (Nakai et al.,
2001). The genetic background of the flies, AOrco, effectively disabled all other ORNSs by
knocking out expression of their receptor proteins, leaving only the ORN that was studied
functional (single functional ORN line).
Odor Preparation and Delivery

Fully concentrated odor chemicals, ordered from Sigma-Aldrich by the research facility,
were diluted to create odors with varying volume concentrations. Each odor was stored in a
100mL glass bottle labeled with its chemical name and concentration. When running
experimentation, the odors were poured into glass syringes secured to a custom microfluidics
enclosure. Thin tubing connected to the syringe was inserted into inlet channels of a microfluidic
chip (Figure 1A). The flow of the liquid odors was driven by compressed air, which was kept
between 3-6 PSI. A pinch valve on the tubing was used to quickly turn on/off the flow of select
odors. An odor delivery software, written by members of the research facility using MATLAB,
was run to control which odors were delivered and at what time intervals.

To efficiently deliver odor mixtures, we developed a novel on-chip mixing microfluidic

system. Initially, we prepared odor mixtures by manually mixing the odors into various ratios



before running the experiment (pre-mixing). We quickly realized that the pre-mixing method
was very inefficient, since to avoid contamination, a new bottle and syringe had to be used for
each concentration combination of a mixture. Thus, a new microfluidics chip was designed to
allow pure odors to be mixed inside the chip (on-chip mixing, Figure 1A). The strategy was to
open two single odor channels and have them go through a mixing chamber to create a well-
mixed solution. The challenge of this method was to control the flow rates independently and
accurately. This was accomplished by using a Fluigent Microfluidics Control System, which
allowed precise control of air pressure. The PID controller software, written in MATLAB, was
used to calibrate the flow rates. The microfluidics enclosure, microfluidic chip, and PID software
were all designed by members of the research facility.

Optical Recording of ORN Responses

A first instar (L1) larva was loaded into a special inlet channel on the microfluidic chip
using a ImL syringe. The syringe was filled with a 0.1% triton-water solution to lubricate the
channel and move the larvae up into the end. The tapered shape trapped the larva and left its nose
exposed to the odor delivery channel, which enabled the larva’s ORNSs to be in contact with the
odor flow while keeping it still for imaging (Figure 1B). The larva was imaged using a Nikon
Ti-E confocal microscope with a 60x water immersion objective on a piezo stage, allowing for
multiple slice recordings in the z dimension. An Andor iXon electron multiplying charged-
couple device (EMCCD) camera recorded movies at 40 FPS. The start and end times of the
imaging were synced with the odor delivery sequence. During each imaging run, water was first
delivered to the animal to indicate the baseline GCaMP fluorescence. Afterwards, each odor was
delivered for a period of five seconds, with a few seconds of water in between each odor to allow
for the ORNSs to recover to baseline. The higher the concentration, the longer the ORN needed to
recover. The custom imaging software, as well as the overall procedure, was developed by
members of the research facility.

The investigation focused on two ORNs: Orl13a and Or42a. An odor mixture of 6-methyl-
5-hepten-2-ol plus 3-octanol was used on Or13a, while a mixture of 4-hexen-3-one plus 3-
pentanol was used on Or42a. In addition, odor mixtures of anisole plus 3-pentanol and anisole
plus 4-hexen-3-one were used on Or42a. 21 Orl3a imaging runs were completed, yielding 98
single-odor and 54 mixture dose-response data points, while 56 Or42a imaging runs were

completed, yielding 259 single-odor and 254 mixture dose-response data points.



Odor Delivery Sequence

For each larva, we completed at least 4 “runs” (trials). We first delivered each odor
separately, from low concentration to high concentration, to measure the dose-response curves of
pure odors (2 runs). Afterwards, we delivered both odors simultaneously in different
concentration combinations (2 runs). Since there was no straightforward “low to high
concentration” odor sequence when dealing with 2 odors, for one run, we would first keep one
odor, Odor A, at its lowest concentration and go through the “gradient” (low to high
concentration) of the second odor, Odor B. Then, the concentration of Odor A was increased and
the gradient of Odor B was run through again, and so on. For the second run, we would keep
Odor B at its lowest concentration first and go through the gradients of Odor A.
Calcium Image Analysis

The neuron’s response data was extracted from the raw images using custom MATLAB
code, written by members of the research facility. The code tracked the neuron frame-by-frame
automatically but also allowed for manual correction (Figure 1C). After tracking, the change in
fluorescence of the neuron was calculated by comparing fluorescence values to a baseline value
determined in the beginning. The change in fluorescence was represented by AF = (Fpeax -
Fo)/Fo, where Fo is the baseline fluorescence while idle and Fpeax is the is the peak fluorescence
after the odor delivery.

Statistical Analysis
1

(i)

We used a Hill Equation to fit ORN dose response data to pure odors: R=

(Equation 1), where [L] is the odor’s volume concentration, Kp is the dissociation constant
(indicating the concentration that neuronal response reaches half-maximum), and n is the Hill
coefficient, representing steepness of the response curve. The activity, R, was normalized to
range between 0 (no response) and 1 (maximum response) since absolute fluorescence levels
could vary among trials due to differences in GCaMP expression and imaging presets.

We applied the parameters measured from the single odor experiments to a Hill equation

. 1 :
model for multiple odors: R = ) T (Equation 2), where [L1] and [L2] are
W I,
Kp1 Kp2

concentrations of odor A and odor B, Kpl and Kp2 are the dissociation constants for odor A and

odor B, and n is the shared Hill coefficient for the two odors. We also tested an alternative model



suggested by a recent study (Marasco et al., 2016) that assumes ORNs have different Hill

- . 1 : .
coefficients for different odors: R = ) T (Equation 3), where n and m are Hill

T L1] |L2]
Gep 0 +p2™

coefficients for odor A and odor B from the single-odor experiments. The performance of the
model was evaluated using R-squared regression analysis by comparing the model’s predicted

values to the actual experimental data.

Results
ORN’s Dose-Response to Pure Odors

First, we studied larvae with the single functional ORN Or13a. Previous studies suggest
that Or13a responds to alcohol odorants (Mentor), so two alcohols, 3-octanol and 6-methyl-5-
hepten-2-ol were used. During imaging, a sequence of odor “pulses” were delivered to the larva
(Figure 2). Or13a’s response increased monotonically and nonlinearly as the concentration of
each odor increased, consistent with other studies (Mentor). The neuron started responding at
specific concentration thresholds for each odor: 0.25E-6 for 3-octanol and 0.75E-6 for 6-methyl-
5-hepten-2-ol. The neuronal activity started once the odor pulse was delivered, peaked shortly
after the “pulse” ended, and gradually recovered to baseline response level.
Both Odors in a Mixture Affected ORN Response

After single-odor dose-responses, we studied ORN responses to odor mixtures (Figure
3). To deliver all combinations of odor mixture, we set one odor as the “background” odor and
went through all the concentrations of the other odor. Then, the background odor’s concentration
was increased one notch and the concentrations of the other odor were gone through again, and
so on (see Methods). We found that Or13a’s response depended on both components in the odor
mixture. When the concentration of the background odor, 6-methyl-5-hepten-2-ol was low, the
response was mainly determined by the concentration of 3-octanol. However, when the
concentration was high enough (last four pulses), the effect of the background odor was also
seen, as the neuron’s activity started at a much higher level.

Combining all of Or13a’s response data from various trials, we observed that the absolute
fluorescence change of the neuron to the same stimulus could vary, but the relative fluorescence
change (see Methods) to the same stimulus is consistent. The “heat map” in Figure 4

summarizes Orl3a’s normalized responses to all combinations of odors, single and mixture.



Modeling ORN Responses to Mixture Odors Using Parameters from Pure Odors

To predict the mixture response data, we fitted the single-odor dose-response data using
the Hill Equation (Equation 1 in Methods), then applied the parameters to the Hill equation for
odor mixtures (Equation 2 and 3 in Methods). We first used the simpler mixture Hill Equation
(Equation 2), which assumed that for each ORN, the Hill coefficients are the same for different
odors. First, we fitted Or13a’s dose-response to the odor of 3-octanol, which gave us the binding
affinity Kp1 and Hill coefficient n (Figure 5A). Then, we fitted Or13a’s dose-response to the
odor of 6-methyl-5-hepten-2-ol, with n fixed to 3-octanol’s value, and got its binding affinity,
Kp2 (Figure 5B). The fittings for 3-octanol and 6-methyl-5-hepten-2-ol matched the
experimental data well (R?>= .99 and R? = .96). Once the parameters were applied to the simpler
mixture equation (Equation 2), the predicted values were calculated and compared with the
actual data (Figure 5C). We obtained a high R? value of 0.95 that suggests the simple model
worked well (Table 1).

We compared the performance of the simple model to the alternative model (Equation
3), which assumes that each odor in a mixture has a different Hill coefficient n, suggested by a
recent study (Marasco et al., 2016). This model in general should’ve allowed a better fit because
of its one extra free parameter. However, performance of the model remained about the same as
the simpler model (R? = .95, Table 1). Thus, we infer that steepness of each individual odor’s
dose response curve is naturally the same when acting on the same ORN.
The Results Could be a General Rule Encompassing Other ORNs and Odors

To test if the simple quantitative relationship we found in Orl13a was true for other ORNs
and odors, we studied larvae with single functional ORN Or42a, and its dose-response to the
mixture of 3-pentanol and 4-hexen-3-one, which both activate the neuron at low concentrations
(Figure 6). Like Or13a, when each odor was delivered separately, the ORN’s response increased
monotonically and nonlinearly as the concentration increased, and could be fitted using the
single odor Hill equation (Equation 1, Figure 7A, 7B). Additionally, the ORN’s response to the
mixture was accurately predicted using the mixture Hill equation with the shared Hill coefficient
(R? = .67, Figure 7C, Table 2). Again, the alternative model’s predictive strength wasn’t
significantly better than the simple model (R? = .69, Table 2).

Lastly, we studied Or42a’s response to mixtures of either 3-pentanol or 4-hexen-3-

one and anisole, an odor that does not activate Or42a. As expected, the ORN’s response to



the concentration gradient of both 4-hexen-3-one and 3-pentanol did not change
significantly as the concentration of anisole changed (Figure 8). These results from Or42a

and anisole support the simple model; since anisole doesn’t activate Or42a, its Kp value is
infinitely large. Thus, the model’s (%)" term becomes zero, leaving behind the single-odor
D

Hill equation and normal dose-response curves of 3-pentanol and 4-hexen-3-one.

Figures and Tables

A

Figure 1. Experimental setup and data analysis. A: The schematic diagram of the microfluidic chip, where the
odors are mixed on-chip and delivered to the animal. The pure odors were delivered through the inlets on the left
side and mixed through the Tesla valve mixing chamber (green box). A larva was loaded into the chip and secured
using a vacuum channel on the side (red box). B: An L1 larva trapped in the microfluidic chip with its nose (blue
box) exposed to the odor delivery channel. C: The image of a single pair of ORNs (Or42a) expressing GCaMP
responding to odor stimuli. Neuron activities are analyzed using software that automatically tracks the neuron
(circles indicate where neurons are).
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Figure 2. Or13a’s responses to pure odor pulses. The increasing volume concentration of 3-octanol (A) and 6-
methyl-5-hepten-2-ol (B) are shown. Or13a’s peak response increased nonlinearly and monotonically.
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Figure 3. Orl3a’s responses to odor mixtures. The 1% to 4™ pulses were mixtures with 0.5E-7 6-methyl-5-hepten-
2-ol with an increasing volume concentration of 3-octanol, from 0.5E-8 to 0.5E-5. Every four pulses, the
concentration of 6-methyl-5-hepten-2-ol was increased tenfold, up to 0.5E-5. Both components of the odor mixture
contributed to Or13a’s response.
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Figure 5. Predicting Orl13a’s dose-response to an odor mixture using data from pure odors. A+B: Fitting of
Orl13a’s dose-response data to the pure odor gradient of 3-octanol (A) and 6-methyl-5-hepten-2-ol (B) using Hill
equations that share the same Hill coefficient n. C: Comparison between the experimental mixture dose-response
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Figure 7. Predicting Or42a’s mixture dose-response data. A+B: Fitting of Or42a’s dose-response data to the
pure odor gradients of 4-hexen-3-one (A) and 3-pentanol (B) using Hill equations that share the same Hill
coefficient n. C: Comparison between the experimental mixture dose-response data and the two-odor Hill equation
model with the parameters from the pure odor dose-response data. Each panel shows the ORN’s response to
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Model Simple (Equation 2) Extra Parameter (Equation 3, Marasco et al.,
2016)

Equation R= 1 - R= 1 .

)~ et R e o L

[L2] = [6-methyl-5-hepten-2-ol] 10 10 10 10

Parameters n=148; Kpl=10%%; Kp2 = 10606 n=148; m=112; Kpl=10%%; Kp2 = 10-5%

R? value .95 (.9472) .95 (.9482)

Table 1. Model parameters and strength of fitting of the data from Or13a.

Model Simple (Equation 2) Extra Parameter (Equation 3, Marasco et al.,
2016)

Equation R= 1 R= 1

N 1 N 1
L1] = [4-hexen-3-one 1+ 1+
L= ] 1 cor 1 2] oen B[SV ) I
[LZ] = [3-pentan0|] (10—6.07) + (10—6.14) (10—6.07) + (10—6.17)
Parameters n=.664; Kpl =108 Kp2 = 10614 n=.664; m=.521; Kpl = 10607, Kp2 = 10617
R? value .67 (.6740) .69 (.6880)

Table 2. Model parameters and strength of fitting of the data from Or42a.

Discussion

Our investigation used isolated ORNSs in Drosophila larva to study how the neuron itself
responded to odor mixtures. The results show that an ORN’s response to an odor mixture can be
predicted and modeled using information about how the neuron responds to each odor
individually. We used the properties of the single-odor dose-response curves to predict how the
dose-responses of the two-odor mixture would resemble, essentially dividing the complex
problem into simpler pieces that were easier to solve. The results are confirmed across multiple
ORN-mixture pairs, suggesting that it may be a broadly-used mechanism in the olfactory system.
Independent Odor-Receptor Binding

The single functional ORN lines we used only allowed one ORN to function by
eliminating the expression the odor receptors that other ORNs used. This genetic trick enabled us
to rule out neuron-neuron interactions, and focus specifically how the binding of the odors to the
ORN’s receptors produced a response. An olfactory receptor neuron’s activity is determined
mainly by the activity of its odorant receptors, which is why the Hill Equation, used to model
ligand-receptor binding, fit the dose-response data well. When we expanded the Hill Equation to
account for two odors, we assumed that the binding process of each odor in the mixture was
independent, i.e. the binding of one odor molecule with a receptor will not make the binding of

another other type of molecule with another receptor easier (synergy) or harder (inhibition). The
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good performance of the simple Hill Equation model for two-odor mixtures indicates that our
assumption of independent binding is plausible.
Comparison to Other Results

Previous studies have shown that the relationship between an ORN’s response to odor
mixtures and its response to the individual odors of the mixture was inconsistent. Their findings
suggest that the odors interact with one another in various ways at the receptor, from blocking
the other from binding to helping each other bind. (Duchamp-Viret et al., 2003; Marasco et al.,
2016). However, since these studies used wild-type olfactory organs, the neurons they studied
weren’t fully isolated, and their data could have been affected by neuron-neuron interactions,
such as non-synaptic inhibition found in adult fly antennae (Su et al., 2012). In our study, we
used single functional ORNSs to isolate the neuron from outside influence, and found that the
ORN?’s response to odor mixtures had a consistent relationship to its response to the individual
odors. Therefore, we hypothesize that odors in a mixture bind independently to a receptor, and
that neuron-neuron interactions, like non-synaptic inhibition, cause the responses to seem
unpredictable.
Breaking a Complex Problem into Simple Pieces

Olfactory information is more complicated than visual or auditory information, due to the
complexity of the odor space, diversity of olfactory receptors, and encoding of multiple odors.
Even understanding how one ORN responds to a pure odor can get complicated. It is impossible
to fully understand such a complex system unless small, building-block rules are found.
Therefore, to approach a challenging question like this, we isolated one part of the system, a
single ORN, and demonstrated that a simple model could explain how ORNSs respond to
mixtures of two odors. If we continue to study and model the way smaller parts of this system
behave, we can eventually integrate all models into one overarching model of the entire olfactory
system, and perhaps the whole brain as well. This study is significant because it makes one small
step towards this goal, and more importantly, proves that pursuing the goal is possible.
Limitations of the Project

During experimentation, we encountered several technical limitations that need to be
overcome in future studies. Unlike delivering light or sound, delivering odors in precise
quantities can be more challenging and prone to error. Despite our efforts to keep the

microfluidic chip clean by running cleaning cycles with distilled water, the chip could still be
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contaminated by the odors delivered through it. In our experiments with Or42a, when a high
concentration 3-pentanol pulse was delivered, it often left a residual odor that affected the
ORN’s response to following odor pulses. We think this contamination was why both mixture
models were less successful predicting Or42a’s data than Or13a’s data, since the concentration
of odors delivered to Or42a were higher than the concentrations delivered to Orl13a. Another
issue was bleaching during long-term imaging. Each animal’s neuron was recorded for around 1
hour to deliver all odor pulses. Due to the neuron’s constant exposure to the laser, the overall
fluorescence of the GCaMP protein gradually weakened. Fortunately, these limitations can be
overcome by careful experimental design or advanced data analysis. Preliminary experiments
can determine a concentration range where an odor can’t contaminate the channel. Additionally,
the bleaching effect can be either minimized by lowering the laser intensity or corrected by de-
trending the data.

Future Research

Since we know that the on-chip mixing system works efficiently, we plan to collect more
data on Orl13a and Or42a to further assess whether the model we used is accurate. We hope to
expand the study to more ORNs in Drosophila larva. We have several potential candidates,
including Or35a, Or22c, Or45a, and Or33b, which we initially planned to study in this
investigation, but didn’t have enough time. Since these ORNSs respond to a large variety of odors,
we could examine whether the chemical relationship of the two odors that make up an odor
mixture can affect dose-response results. For instance, how does the dose-response curve of a
mixture with two aliphatic odors compare to a mixture with two aromatic odors? On the other
hand, how does the dose-response of a mixture with structurally different odors (one aliphatic
and one aromatic) differ from the dose-response of a mixture with structurally similar odors (two
aliphatic or two aromatic odors)?

We also want to compare the dose-response data from Drosophila larva with a single
functional ORN to Drosophila larva with all ORNs intact and functional. Since the latter would
still be susceptible to neuron-neuron interactions like non-synaptic inhibition, any differences in
response between the two would be due to those interactions and could be quantified. In Marasco
et al.”s study, the cases of two odors inhibiting each other when combined could be due to non-

synaptic inhibition rather than receptor-level inhibition, since our results didn’t reveal any strong
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suppression or synergy between odors. It could explain why some of their data didn’t fit their
models as well.
Conclusion

Using a unique approach, combining calcium imaging, microfluidics, and novel genetic
techniques, we measured how an isolated ORN responded to mixtures of two pure odors in
different concentrations. We fitted the data into a model, which could reasonably predict what
our experimental values were, given the concentration of both odors and experimentally-
determined parameters. The simple nature of the model suggests that how an ORN reacts to odor
mixtures may not be as complicated as previous studies have thought. Such a predictive model
can be useful to study mixtures containing a variety of odors, such as real-world smells.
Nonetheless, our investigation of this odor mixture problem is not complete, and we plan to
continue experimentation and data collection on more neurons and odors.

Collecting accurate quantitative data on living organisms continues to be time-consuming
and challenging. However, their biological processes still follow the same laws of physics,
chemistry, and other sciences, just on a more complex scale. To solve a complex question, the
question must be broken into simpler parts that are easier to solve. Our findings suggest that the
complex ORN response to odor mixtures can be broken down into pieces, including how each
odor by itself affects the ORN. We just have to figure out the rest of the pieces, such as the effect
of odor structure and non-synaptic inhibition. Since the principles of olfaction are conserved
among species, the Drosophila olfactory system, including its ORNs, should behave and
compute like the human olfactory system. And like the olfactory system, other parts of the
nervous system can be better understood by studying the smaller pieces first, and building up

from there.
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