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Global Features of Neural Activity in the Olfactory System
Form a Parallel Code That Predicts Olfactory Behavior and

Perception
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Odor identity is coded in spatiotemporal patterns of neural activity in the olfactory bulb. Here we asked whether meaningful olfactory
information could also be read from the global olfactory neural population response. We applied standard statistical methods of
dimensionality-reduction to neural activity from 12 previously published studies using seven different species. Four studies reported
olfactory receptor activity, seven reported glomerulus activity, and one reported the activity of projection-neurons. We found two linear
axes of neural population activity that accounted for more than half of the variance in neural response across species. The first axis was
correlated with the total sum of odor-induced neural activity, and reflected the behavior of approach or withdrawal in animals, and
odorant pleasantness in humans. The second and orthogonal axis reflected odorant toxicity across species. We conclude that in parallel
with spatiotemporal pattern coding, the olfactory system can use simple global computations to read vital olfactory information from the

neural population response.

Introduction

In the olfactory system, several odors may be coded by specific
olfactory receptors or glomeruli that are alone sufficient to gen-
erate an innate response (Suh et al., 2004; Kobayakawa et al.,
2007; Kurtovic et al.,, 2007; Semmelhack and Wang, 2009).
Whereas this labeled-line coding scheme is clearly applicable to
some odors, it is unlikely to be the general rule, as it does not scale
to the millions of discernable odors. These are likely repre-
sented by temporally evolving patterns of activity across a large
population of olfactory neurons, either receptors or glomeruli
(Friedrich and Korsching, 1997; Hildebrand and Shepherd, 1997;
Malnic et al., 1999; Rubin and Katz, 1999; Ma and Shepherd,
2000; Uchida et al., 2000; Belluscio and Katz, 2001; Firestein,
2001; Laurent et al., 2001; Meister and Bonhoeffer, 2001; Spors
and Grinvald, 2002; Leon and Johnson, 2009). The clear advan-
tage of spatiotemporal pattern coding is that the large number of
olfactory receptor types (Buck and Axel, 1991) provides a vast
coding space where odorants can be discriminated despite differ-
ing by only minute molecular properties. How patterns in this
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extremely high dimensional space are translated into practical
olfactory decisions, however, is not well understood (Mainen,
2006).

Here we hypothesized that in parallel with labeled-line and
spatiotemporal combinatorial representations in olfaction, the
olfactory system may also rely on simple features of neural pop-
ulation activity to reduce the high dimensionality of olfactory
space and extract meaningful information. Several studies have
demonstrated that dimensionality-reduction, whether simple
(Scott and Mark, 1987; Laubach et al., 1999) or sophisticated
(Friston et al., 1993; Aflalo and Graziano, 2006), may provide
viable approximations of brain-calculations applied to neural en-
sembles (McClurkin et al., 1991). Perhaps the simplest approach
to dimensionality reduction is Principal Component Analysis,
where an n-dimensional space is linearly transformed into a set of
ordered orthogonal axes such that the first axis (PC1) captures
the maximal variability in the data, and each successive axis cap-
tures the maximal remaining variability (Methods and Support-
ing Section 1). Guided by studies of other sensory modalities
(Chapin and Nicolelis, 1999), here we applied PCA to each of 12
previously published datasets reporting the olfactory neural re-
sponse of seven species to multiple odorants (Table 1), and asked
whether the main PCA axes of the neural olfactory space were
correlated with olfactory behavior and perception.

We found that the first two principal components of the ol-
factory neural population response accounted for more than half
of the variance in neural activity. Furthermore, these two axes
predicted behavior and perception across species. The first axis
predicted the behavior of approach or withdrawal in animals, as
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Table 1. The list of datasets used in this analysis and their parameters
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ID  Reference Species No.of odors  No.of neurons Neurontype Measurement method Dilution
1 Hallem and Carlson (2006) Drosophila 110 24 OR Spike recording 1/100 in mineral oil
2 Kreheretal. (2008) Larva 27 21 OR Spike recording 1/100 in mineral oil
3 Bhandawat et al. (2007) Drosophila 18 7 OR Spike recording 1/100 in mineral oil
4 Bhandawat et al. (2007) Drosophila 18 7 PN Spike recording 1/100 in mineral oil
5 Manzini etal. (2007) Tadpole 13 67 GLO Imaging 200 pm
6 Friedrich and Korsching (1997)  Zebrafish 17 14 GLO Imaging 10
7 Takahashi et al. (2004a) Rat 35 53 GLO Imaging 1/50in mineral oil
8 Takahashi et al. (2004b) Rat 61 84 GLO Imaging Acids, diketones, ketones, 1/10; aldehydes 1/50 in mineral oil
9 Uchida et al. (2000) Rat 35 30 GLO Imaging As above

10 Saitoetal. (2009) Human and mouse 62 63 OR ECso N/A

11 Soucy etal. (2009) Mouse 100 137 GLO Imaging 1/100 in mineral oil

12 Wangetal. (2003) Drosophila 16 23 GLO Imaging 10% SV

SV, Saturated vapor concentration; OR, olfactory receptor; PN, projection neuron; GLO, glomeruli; N/A, not applicable.

well as the perception of odorant pleasantness in humans. The
second axis predicted odorant toxicity across species. These find-
ings suggest that vital olfactory information may be extracted
reliably and fast by simple linear computations on the neural
population response.

Materials and Methods

General

Neural response datasets (Table 1), vapor pressure values (supplemental
Table 5, available at www.jneurosci.org as supplemental material), be-
havioral odor response data (supplemental Table 1, available at www.
jneurosci.org as supplemental material) and LD, scores (supplemental
Table 3, available at www.jneurosci.org as supplemental material) were
obtained from published sources or from the original authors. Our in-
clusion criteria for PCA derivation was datasets with >12 neuronsand 12
odorants, to allow correlation analysis. We augmented this with two
datasets that were smaller (datasets 3 and 4), but the authors provided us
the raw data, allowing in depth analysis. Similarly, our inclusion criteria
for correlation with behavior was at least 12 odors with behavioral data.
One dataset was excluded (Sachse et al., 1999) because its PC1 alone
accounted for 68% of the variance, suggesting that from the point of view
of our analysis the information in this dataset was limited (note that
including this dataset would have strengthened our later results). This
manuscript revolves around the use of PCA analysis, here conducted
using Matlab. For a detailed example of applying PCA to this type of data,
see supplemental materials section 1. Unless stated otherwise, we used
the Spearman correlation formula to calculate correlations.

Neural responses

All neural responses were taken from the published papers. In cases
where the data were not fully detailed, we contacted the authors to obtain
the data directly. In dataset 10, the total neural response was estimated by
the number of activated receptors. This was done following the author’s
advice (J. Mainland, personal communication). If using the published
EC;, values instead, the later result was in fact slightly stronger in the
same direction.

Normalization

To normalize the total neural response we counted the number of olfac-
tory neurons that were excited or inhibited. For datasets 1 and 2 we used
the threshold defined by the authors (50 spikes/s for excitation). We did
not normalize the total response of datasets that reported the neural
response as a color-coded table (datasets 7-10).

Simulation

To simulate the response of a population of olfactory neurons to different
levels of odor concentration (see Fig. 8) we generated 30 olfactory neu-
rons with different tuning curves as in Figure 8 B. We assumed two very
responsive neurons (225 * 10 spike/s), three high response neuron
(175 = 10 spike/s), five with moderate response (125 = 10 spike/s) and
the rest with weak response (i.e., 75 + 10) that are recruited gradually as
the concentration increases.

Human estimates

Subjects. Eighteen healthy normosmic subjects (12 females) ranging in
age from 23 to 40 years participated in the study after providing informed
consent to procedure approved by the Helsinki committee.

Odorant ratings. All experiments were conducted in a room specially
designed for olfaction experiments. The walls of this room are coated in
stainless steel to prevent odor adhesion, and the room is supplied by
dedicated Carbon and HEPA filters. All interaction with subjects was by
computer-generated digital voice. Each subject ranked the pleasantness
and intensity of each odorant on a visual analog scale (VAS). Each odor-
ant was presented twice to each subject. In total, we had an average of 25
ratings per odorant, as a few subjects did not want to rate for the second
time. Odorants were diluted 1/100 in mineral oil. The pleasantness of an
odorant was calculated by taking the median of all subjects’ average
ratings.

Deriving PC2 of human perception

We applied PCA to the data from Dravnieks’ (1985) Atlas of Odor
Character Profiles, wherein ~150 experts (perfumers and olfactory scientists)
ranked (from 0 to 5, reflecting “absent” to “extremely” representative—
supplemental Fig. 2, available at www.jneurosci.org as supplemental ma-
terial) 160 odorants (144 monomolecular species, and 16 mixtures)
against each of the 146 verbal descriptors. The methods we used here to
calculate PC2 of perception have been used by us before to calculate PC1
of perception (Khan et al., 2007), and a perceptual space derived of these
PCs can be navigated at the odor spacelink at http://www.weizmann.ac.il/
neurobiology/worg/.

Results

To identify simple informative features of the olfactory neural
code, we applied PCA to the neural response data from 12
experiments that studied seven species (Table 1). Four of these
studies contained data from olfactory receptor neurons, and
seven studies contained data from glomeruli. Notably, olfac-
tory system architecture implies that the receptive range of a
glomerulus typically reflects the receptive range of a single
receptor type (Mombaerts et al., 1996). Dataset 4 contained
data from projection neurons.

The principal axis of olfactory neural responses was strongly
related to the total neural response

In nine of the 12 datasets we analyzed, we found a strong corre-
lation between PC1 of neural response space and the summed
activity of the sampled population, whether spike rates or optical
signal (AF/F), with r values ranging between 0.73 and 0.98 (all
p < 0.001; Fig. 1A,C-G,],K). In the other three datasets (Fig.
1B,H,I), the relation between PC1 and total response bifurcated
into two branches, where each branch reflected the response to
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odors from a restricted chemical group (aromatics in dataset 2;
alkyl aldehyde, acids and aromatic in dataset 8; aldehydes, acids
and two esters in dataset 9). Considering each branch separately,
the generally observed high correlation between the first PC and
the total neural response was retained (r > 0.7, p < 0.01 in
all three datasets; see supplemental Fig. 1, available at www.
jneurosci.org as supplemental material). We note that these
strong correlations were evident despite the differences across
species and the variety of recording methods used (Table 1, last
three columns).

The strong relation between PC1 and total neural sum was
not a byproduct of PCA

The relation between PC1 and total neural sum was not imposed
by PCA: Randomly shuffling each odorant’s response pattern did
not influence the relation between PC1 and total neural response
sum. Conversely, randomly shuffling each neuron’s response
value did negate the relation between PC1 and total neural re-
sponse (average r = 0, average p = 0.5; Fig. 2A).

To better understand what type of response distribution may
have generated the observed relation between PC1 and the total
neural response, we further explored individual properties of the
different datasets. Because in several datasets the distribution of
the total neural response was exponential (Fig. 2 B), we simulated
an odor response matrix such that each odor activated a different
number of receptors according to an exponential distribution,
and found that PC1 was highly correlated to the total neural
response (average r > 0.98, p < 0.001 in 100 simulations). In
contrast, random matrices generated according to several other
distributions (Poisson, Normal, Beta, Rayleigh, Weibull, and

odorant vapor pressures may have re-
sulted in different vapor concentrations
at the receptor (Cometto-Muiiiz et al.,
2003). We therefore tested the relation be-
tween odorant vapor pressure (a good indicator of vapor concen-
tration) and PC1 values in nine datasets (datasets 5, 6, and 10
used odors in aqueous phase, and were therefore not used for this
analysis). Whereas in four datasets there was a significant corre-
lation between odorant vapor pressure and PC1 (datasets 2, 4, 7
and 11 p < 0.05), in the remaining five datasets we found no
correlations ([r] < 0.38, p > 0.07, Fig. 3A—C). The latter was in
agreement with previous results where the vapor concentration
of 20 odorants diluted by 1/100 in mineral oil was not correlated
with the receptor response (Pelz et al., 2006). Finally, the results
obtained later in this manuscript further suggested that PCI in-
deed captured more than odorant concentration alone, and this
is addressed in the discussion.

Redundancy in the olfactory neural response

Our analysis was based on the sampled subset of the animal’s total
receptor repertoire. While there was no obvious or reported bias
in these samples, one may suggest that it may be too small of a
sample to reflect the true structure of the olfactory code. We find,
however, that the covariance matrices of the neural activity (Fig.
4 A) show high interneuron correlations reflecting the common
overlap in neural receptive fields in the olfactory code. To quan-
tify this redundancy, or how well the PC1 of a subset of receptor
neurons reflects the PC1 of the total receptor population, we
compared PC1 derived for subsets of dataset 1, to PC1 of the
entire dataset (Dataset 1 contains 24 neurons which is more than
half of the total Drosophila receptor repertoire). As can be seen in
Figure 4 B, even when using <5% of the receptors, the projec-
tions on PC1 of the subset were still highly correlated with the
projections values on PC1 of the complete set. Thus, we suggest
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Figure2. Thestrongrelation between PC1 and total neural sum was not a byproduct of PCA.

A, Two examples of correlation distributions between PC1 and total neural sum when we ran-
domly shuffled the dataset’s values. Black, Dataset 1; gray: datasets 10. Solid line, Correlation
distribution when we permuted the neural response of each odor (i.e., the total neural response
elicited by each odor did not change). Dashed line, Correlation distribution when we permuted
each neuron’s response (i.e., the total neural response that each odor elicited did change). The
average correlation in this shuffling analysis was centered on zero. Correlations were calculated
using Pearson correlation. B, Total neural response reflected an exponential distribution.

that PCI in the datasets we analyzed is likely to be a good reflec-
tion of the PCI in the complete repertoire. We note that this
redundancy is consistent with the notion of olfactory evolution
through gene duplications (Lancet and Ben-Arie, 1993; Glusman
et al., 1996; Trask et al., 1998; Gilad et al., 2003, 2005; Niimura
and Nei, 2003).

Because PC1 alone accounted on average for 38% of the vari-
ance in neural activity, its relation to total neural response was
not an artifact (Fig. 2), it likely represented more than odor con-
centration alone (Fig. 3), and was likely a good reflection of PC1
from the entire receptor repertoire (Fig. 4), we next asked
whether this principle axis of olfactory neural activity carried
behavioral information.

The first principal axis of neural activity predicted

odorant attraction

A primary olfactory-driven behavior is approach or withdrawal.
Given that total neural response predicted approach/withdrawal
from odors in Drosophila larvae (Kreher et al., 2008), and was
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here correlated to PC1 (Fig. 1), we set out to test whether PC1
predicted this behavior, and whether such predictive value ex-
tended to other species.

Whereas the correlation between total neural response and
approach/withdrawal in the study by Kreher et al. (2008) was r =
0.54 (Spearman correlation), the correlation between PC1 and
approach/withdrawal in the same dataset was r = 0.76 (p <
0.001; Spearman correlation, Fig. 5A). Furthermore, after aug-
menting the behavioral data of the larvae with separately reported
Drosophila adult odor preferences for seven additional odors
(Stensmyr et al., 2003) (supplemental Table 1, available at www.
jneurosci.org as supplemental material), we tested whether PC1
of Drosophila adult’s neural response space was similarly related
to odor preferences. Despite obtaining behavioral data and neu-
ral activity from independent studies, and different labs, we
found significant correlation in two cases, and nearly so in the
third (dataset 1, 7 = 0.36, p = 0.07; dataset 3, r = 0.72, p = 0.005;
dataset 4, r = 0.66, p = 0.01). Together, the results show that PC1
was significantly correlated with behavior in three of four datasets
from larvae and adult Drosophila, and nearly so in the fourth
(p = 0.07). The probability of obtaining three significant corre-
lations ( p < 0.01) when testing four datasets is less than one in
10 7%, To conclude, PC1 of neural activity predicted olfactory
behavior in Drosophila larvae and adults, and was a better predic-
tor of behavior than was total neural response alone.

Whereas olfactory behavioral data were available for Drosoph-
ila, we could not find relevant (i.e., same odorants) behavioral
data for the other species for which we had neural data, namely
tadpole, zebrafish, human, mouse and rat. We therefore con-
ducted experiments to study the perceptual estimates of humans.
Dataset 10 reported the neural response of 10 human neurons
and 53 mouse neurons to a set of 62 odorants. We asked 18
human subjects to rate the odorant pleasantness of 26 odorants
randomly selected from those tested by Saito et al. (2009) (see
Materials and Methods). The correlation between human recep-
tor PC1 and odorant pleasantness was 0.49 ( p = 0.009, supple-
mental Table 2, available at www.jneurosci.org as supplemental
material). To conclude, we found that PC1 of the neural response
of larvae, Drosophila and humans reflected odor preferences. We
next tested our model in rodents (datasets 7—11).

Several lines of evidence suggest similarity in rodent and hu-
man odor preferences. Rodents, like humans, avoid smells asso-
ciated with spoilage such as aliphatic acids (Hebb et al., 2002,
2004), aliphatic aldehydes (Wood and Coleman, 1995) and alkyl
amines (Dielenberg and McGregor, 2001). Correspondingly,
mouse investigation time and the time mice choose to spend near
an odor was longer for food odors such as peanut butter and
shorter for odors considered repellent by humans such as Hex-
anal (Kobayakawa et al., 2007). Furthermore, directly measuring
mouse odor preferences by odor investigation time, revealed a
moderate but significant correlation between human and
mouse odor preferences that extended beyond food odors
alone (Mandairon et al., 2009). We therefore compared the
human pleasantness estimates to PC1 of mouse neuronal re-
sponse (dataset 10, 52 neurons, 63 odorants), and obtained a
correlation of r = 0.7 ( p < 5 X 10 ~*). Using both human and
mouse neurons together, gave r = 0.75, p < 1.7 X 10~ (Fig.
5B). To reiterate, independent measurements of neural activ-
ity from receptors in a dish predicted odorant pleasantness for
human subjects tested here (Fig. 5B).

We also tested for a relationship between human odor prefer-
ences and rat PC1 of neural activity (datasets 7-9). We found a
correlation that was significant in two cases, and nearly so in the
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The second principal axis of neural
activity predicted an olfactory
° signature of toxicity
Having characterized PC1 of neural activ-
ity and linking it to behavior in different
species, we set out to investigate what be-
havioral information may be conveyed in
the second principal component of ol-
o factory neural space (PC2). PC2 is by
definition orthogonal to PC1, and can be
. approximated as the difference in the ac-
tivity of two subpopulations of neurons
(see supplemental Section 2 for investiga-
tion of neural correlates of PC2). The pri-
mary neuronal dimension (PC1) reflected
the behavior of approach or withdrawal.
Once approached, another important
olfactory-based decision an animal may
. take is whether the odor-source is edible
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Figure 3.

third (r = 0.44 to 0.49, average r = 0.47 and p = 0.06, 0.03, and
0.01 respectively). The probability of obtaining significant corre-
lations in three datasets of the five we tested was less than one
in 10 7>, Thus, we conclude that PC1 predicted odor prefer-
ences not only in Drosophila but also in humans. Furthermore,
assuming correlation between rodent and human odor pref-
erences (Mandairon et al., 2009), PC1 predicted odor prefer-
ences in mice and rats as well.

A significant difference between PC1 and total

neural response

Because Kreher, Carlson, and colleagues had clearly demon-
strated that total neural response predicted odor attraction in
Drosophila larvae (Kreher et al., 2008), one may raise the possi-
bility that PC1 predicted odor preferences merely because it was a
good representation of total neural response. However, we
found that PC1 was in fact a significantly better predictor of
odor preference than was total neural response sum, generat-
ing a stronger correlation in seven of the nine datasets we used
for behavioral testing (#(8) = 2.34, p < 0.05) (Fig. 6). Further-
more, as noted earlier, for the dataset of Kreher et al. (2008),
PC1 was far more correlated with the behavior than was total
activity, and the total neural response and PCI in that case
were poorly correlated (a bifurcated dataset, Fig. 1B). To-
gether, these results suggest, instead, that the relation between
total neural response and approach/withdrawal results from
total neural response being a good representation of PC1 and
not the other way around.

0.4 0.6 0.8
PC1 Vs. vapor pressure

PC1 was unlikely to be a reflection of odor intensity alone. 4, B, The correlation between PCT of neural response and
vapor pressure in two different datasets. Each dot shows the odor PC1 value and its vapor pressure in mmHg (supplemental Table
1, available at www.jneurosci.org as supplemental material). C, A third dataset is a case where there was a correlation.
D, Correlation between the correlation of PC1 with behavior and PC1 with vapor pressure across datasets.

as supplemental material). Strikingly, we
found a significant correlation between
neural response PC2 and rat oral toxicity
(supplemental Table 3, available at www.
jneurosci.org as supplemental material
column 3) in 2 of 3 rat datasets (datasets
7-8, r = 0.47 and 0.58; p = 0.01 and
0.0009 respectively, Fig. 7A), and between
neural response PC2 and mouse oral tox-
icity (supplemental Table 3, available at
www.jneurosci.org as supplemental material column 2) in one of
two mouse datasets (r = 0.56, p = 0.001, dataset 10; r = 0.4, p =
0.03 when restricting to only the mouse receptors). Again, the
probability of obtaining all these correlations combined by
chance was less than one in 10 ~>. We conclude that PC2 of neural
activity was a good predictor of toxicity in two species across the
majority of the datasets we tested. Finally, to ask whether the
correlations we identified were unique, we recomputed the cor-
relations after switching contingencies. We found that the aver-
age correlation between PC2 and odor preferences was r = 0.22,
p =0.26 (allr < 0.36 and p > 0.14), and the average correlation
between PC1 and odor toxicity was 7 = 0.15, p = 0.43 (allr < 0.3
and p > 0.09). In other words, PC1 was correlated to odor pref-
erences but not to toxicity, and PC2 was correlated to odor tox-
icity but not to odor preferences.

The first two PCs of olfactory neural activity reflected the first
two PCs of human olfactory perception

To complement our analysis of the main axes of olfactory neural
space, we conducted a similar analysis of human olfactory per-
ceptual space. Human odor perception space can be described by
representing each odor with the average ranking assigned to it
using a large set of verbal odor descriptors (see supplemental Fig.
2, available at www.jneurosci.org as supplemental material for an
example). Several groups have performed similar analyses in the
past, and using this and other methods have universally found
that the principal axis of human olfactory perception is odorant
pleasantness (Berglund et al., 1973; Schiffman, 1974; Schiffman
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Figure 4.  Olfactory coding redundancy. A, The covariance matrix of dataset 1. As can be
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available to calculate the PC1.

et al., 1977; Steiner, 1979; Engen, 1982; Richardson and Zucco,
1989; Khan et al., 2007; Zarzo, 2008; Yeshurun and Sobel, 2010).
Together, these results imply that PC1 of olfactory neural space is
strongly related to PC1 of olfactory perceptual space.

Here we also found that PC2 of rodents’ neural space reflected
toxicity (Fig. 7A). This raises the possibility that similar to the
relation between the first principal components of neural re-
sponse and perceptual space, PC2 of the neural response is related
to PC2 of perceptual space. To test this, we used the Dravnieks
atlas of human odor character profiles (Dravnieks, 1982, 1985) to
calculate PC2 of human odor perception space (see Materials and
Methods).

Consistent with our prediction, we found a significant corre-
lation between PC2 of human olfactory perceptual space and rat
LDs, (r = 0.36, p < 0.0008, n = 90; corrected for two compari-
sons) (Fig. 7B, supplemental Table 4, available at www.jneurosci.
org as supplemental material) (there are obviously no human
LDs, values, and rat LDs, is typically used to infer toxicity to
humans). Notably, an independent analysis of human verbal
olfactory descriptors suggested that PC2 of human olfactory per-
ceptual space was edibility (Zarzo, 2008). Edibility can be consid-
ered the flip-side of toxicity, i.e., an axis ranging from toxic and
nonedible at one end to edible and nontoxic at the other. Notably,
the second axis of smell identified here corresponds with what
may be the primary axis of taste, as identified using multidimen-
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sional scaling (Scott and Mark, 1987). To conclude, the first two
PCs of olfactory neural space were related to odor attraction/
repulsion and toxicity across species. Moreover, in humans, the
two first PCs of olfactory perceptual space (found by two differ-
ent groups using two different verbal descriptor databases (Khan
etal., 2007; Zarzo, 2008) were similarly related to odor pleasant-
ness and toxicity/edibility. This suggests that these two axes are
conserved across both neural and perceptual olfactory spaces.

Discussion

We found that the two major axes of the neural response in
different species and across several datasets predicted olfactory
behavior and perception. The first axis, which was highly corre-
lated with the total sum of odor-induced neural activity, reflected
the animal behavior of approach or withdrawal, as well as the
human perception of odorant pleasantness. The second axis,
which is orthogonal to the first, reflected odorant toxicity (thus
overlapping with the primary axis of taste (Scott and Mark,
1987)). In humans, these two major axes of neural activity re-
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flected the two major axes of odor perception. These findings
suggest a parallel odor coding strategy that is based on linear
decomposition of the high dimensional olfactory coding space.

We think that the power of our findings lies more in their
cross-species and cross-study repeatability, than in the extent of
the correlations observed. Indeed, we note that the predictive
relation between the Principal Components of neural activity and
behavior was found albeit inherent limitations that may have
obscured such correlations. For example, most of the raw data
consisted of average spike rates or fluorescent change, thus mask-
ing temporal information (Laurent et al., 2001; Bathellier et al.,
2008). Moreover, in some cases the data were collected from only
a small portion of the olfactory system, and under high odor
concentration that might distort the neural response. Finally,
PCA performs a linear decomposition and will obscure more
complicated nonlinear relations between neural response and be-
havior (Durbin and Mitchison, 1990; Roweis and Saul, 2000;
Tenenbaum et al., 2000). The significant correlations we ob-
served repeatedly, despite all these potential limitations, suggest
that PCA uncovered a fundamental link between population
neural activity and olfactory behavior and perception.

We emphasize, however, that our finding of simple and be-
haviorally meaningful components of the global olfactory code
does not preclude pattern-based coding. In fact, the combination
of the PC1, and PC2 itself, can both be thought of as a form of
pattern, albeit not in the manner that the term pattern coding is
typically applied in olfaction. Together these two principal com-
ponents explained on average ~58% of the overall neural vari-
ance (ranging between 34% and 76% across datasets), and the
correlations we uncovered with behavior and perception were in
the range 0f 0.36—0.76. This leaves a large proportion of olfactory
information that is not coded in the global population response
alone.

PC1 and odor concentration

Intuitively, one expects PC1 of neural activity in a sensory system
to capture the amplitude of sensory stimulation. This is often the
case in vision and audition, but may not be so simple in olfaction,
where magnitude plays a unique role in perception. Whereas in
other sensory systems magnitude conveys primarily quantity, in
olfaction magnitude significantly impacts quality. In many cases,
increasing odorant concentration does not just smell like “more
of the same,” but instead smells like something entirely different.
For example, molecules such as indole and skatole may smell
flowery and pleasant at low concentrations yet fecal and decid-
edly unpleasant at high concentrations (Gross-Isseroff and
Lancet, 1988). This unique interplay between quantity and
quality, especially the quality of pleasantness, had led to the
suggestion that the combination of intensity and pleasantness
are a single dimension in olfaction (Henion, 1971). It was
since demonstrated that olfactory intensity and pleasantness
are dissociable in both perception (Doty, 1975; Moskowitz et
al., 1976) and neural activity (Anderson et al., 2003), yet they
nevertheless remain intertwined.

The tight link between olfactory intensity and pleasantness
implies that it is nearly impossible that PC1 of the neural activity
will reflect odor pleasantness yet remain unrelated to odor con-
centration. However, if concentration was the key source of the
relation between PC1 and behavior, one would expect that in
those cases where PC1 was highly correlated with behavior, PC1
would also be highly correlated with vapor pressure. This was not
the case (Fig. 3D). Furthermore, in the experiments that we con-
ducted on human perception, we used odorants that were differ-
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entially diluted to be of equal perceived intensity. Despite this
manipulation of the odorants, PC1 of neural activity still pre-
dicted odorant pleasantness.

The link between PC1 of neural activity and pleasantness may
provide a framework for explaining the relationship between
odor intensity and pleasantness. As noted, when the concentra-
tion of an attractive odor is increased, it often becomes less at-
tractive (Doty, 1975; Moskowitz et al., 1976; Stensmyr et al., 2003;
Kreher etal., 2008). We propose a model where the first principal
component of the neural response is normalized by the number
of olfactory neurons that were activated (or inhibited). This way
the normalized PC1 value will increase with concentration up to
a certain value, beyond which it will start to decrease. This model
is consistent with behavior and perception (Fig. 8). Notably, re-
testing the relation between the normalized PC1 of neural space
and odor preferences did not significantly influence the average
correlation between PC1 and odor preferences.

Olfactory robustness and speed

Our results help explain the puzzling olfactory behavior whereby
animals remain able to discriminate between odors following
ablation of the substrate for combinatorial coding (Slotnick et al.,
1997; Fishilevich et al., 2005; DasGupta and Waddell, 2008). This
retained functionality is somewhat inconsistent with a spatial
combinatorial code alone (the exact code is broken when part of
the bulb is lesioned), but remains possible when discriminating
using global population activity, as the principal component is
likely to remain robust to lesion (supplemental Section 3).

An additional phenomenon consistent with our model is the
apparent speed of olfactory discrimination: whereas combinato-
rial codes can develop over hundreds of milliseconds (Friedrich
and Laurent, 2001; Spors and Grinvald, 2002), olfactory discrim-
inations can be made within <200 milliseconds (Johnson et al.,
2003; Uchida and Mainen, 2003; Abraham et al., 2004; Rinberg et
al., 2006; Wesson et al., 2008). Such time frames are consistent
with the coding scheme described here (Bathellier et al., 2008).
Although the phenomena of robustness and speed can be ex-
plained under the spatiotemporal coding scheme alone, we sub-
mit that the coding scheme we described provides a solution that
is both feasible and simple.

Global coding versus local coding

Recent studies have identified odorants such as CO, and a male-
specific pheromone, that activate a single glomerulus to trigger
innate avoidance (Suh et al., 2004), or female courtship (Kurtovic
etal., 2007), respectively. By manipulating activity in the cognate
receptor neurons, the activation of these single ORN channels
was shown to be necessary and sufficient to produce the behavior,
suggesting that these receptors are hardwired to specific behav-
ioral outputs. A more recent study in Drosophila investigated the
neural code for the odor of vinegar and found that of the six
glomeruli activated under low odor concentration only two were
important for attraction. Under higher odor concentration, a
seventh, newly recruited, glomerulus was responsible for gener-
ating an aversion response (Semmelhack and Wang, 2009). To-
gether, these studies suggest a labeled-line like coding of specific
odors, or more local neural computations involved in olfactory
decisions. In turn, the PC analysis, by construction, relies on a
linear combination of all the olfactory neural responses, and is
thus “global” rather than local. We note that Kreher et al. (2008),
who identified the previously noted relation between total neural
response and approach/withdrawal (Kreher et al., 2008), also
found that a linear combination of the activity of only five recep-
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tors (of 21 measured) accounted for 55% of the test set variance.
Again, we suggest that these different coding schemes can work
together, and may even work synergistically.

Summary

We found that two important behavioral decisions regarding
an odor can be answered in part using simple and robust
features of neural activity in the olfactory system. Similar to
the population vector coding of directional information in
motor cortex (Georgopoulos et al., 1986), our results can be
viewed as reflecting preferred “olfactory directions” that can be
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read as major axes in the population code. Like the rest of the
brain, however, the olfactory system also solves even simpler
problems through labeled-line triggering of innate responses
(Suh et al., 2004; Kurtovic et al., 2007; Semmelhack and Wang,
2009), and far more complicated problems through spatiotem-
poral pattern coding (Friedrich and Korsching, 1997; Hildebrand
and Shepherd, 1997; Malnic et al., 1999; Rubin and Katz, 1999;
Ma and Shepherd, 2000; Uchida et al., 2000; Belluscio and Katz,
2001; Firestein, 2001; Laurent et al., 2001; Meister and Bonhoeffer,
2001; Spors and Grinvald, 2002; Leon and Johnson, 2009). We
therefore suggest that the neural code of large populations in the
olfactory system carries information on different levels of com-
plexity: Whereas detailed information may be carried by the fine
spatiotemporal patterns of activity, vital behavioral information
can be read out in parallel using simple fast and robust features of
the population response.

References

Abraham NM, Spors H, Carleton A, Margrie TW, Kuner T, Schaefer AT
(2004) Maintaining accuracy at the expense of speed: stimulus similarity
defines odor discrimination time in mice. Neuron 44:865—876.

Aflalo TN, Graziano MS (2006) Possible origins of the complex topographic
organization of motor cortex: reduction of a multidimensional space onto
a two-dimensional array. ] Neurosci 26:6288—6297.

Anderson AK, Christoff K, Stappen I, Panitz D, Ghahremani DG, Glover G,
Gabrieli JD, Sobel N (2003) Dissociated neural representations of inten-
sity and valence in human olfaction. Nat Neurosci 6:196—202.

Bathellier B, Buhl DL, Accolla R, Carleton A (2008) Dynamic ensemble
odor coding in the mammalian olfactory bulb: sensory information at
different timescales. Neuron 57:586—598.

Belluscio L, KatzLC (2001) Symmetry, stereotypy, and topography of odor-
ant representations in mouse olfactory bulbs. ] Neurosci 21:2113-2122.

Berglund B, Berglund U, Engen T, Ekman G (1973) Multidimensional anal-
ysis of 21 odors. Scand ] Psychol 14:131-137.

Bhandawat V, Olsen SR, Gouwens NW, Schlief ML, Wilson RI (2007) Sen-
sory processing in the Drosophila antennal lobe increases reliability and
separability of ensemble odor representations. Nat Neurosci
10:1474-1482.

Buck L, Axel R (1991) A novel multigene family may encode odorant recep-
tors: a molecular basis for odor recognition. Cell 65:175-187.

Carey AF, Wang G, Su CY, Zwiebel L], Carlson JR (2010) Odorant reception
in the malaria mosquito Anopheles gambiae. Nature 464:66—71.

Chapin JK, Nicolelis MA (1999) Principal component analysis of neuronal
ensemble activity reveals multidimensional somatosensory representa-
tions. ] Neurosci Methods 94:121-140.

Cometto-Muiiz JE, Cain WS, Abraham MH (2003) Quantification of
chemical vapors in chemosensory research. Chem Senses 28:467—477.
DasGupta S, Waddell S (2008) Learned odor discrimination in Drosophila
without combinatorial odor maps in the antennal lobe. Curr Biol

18:1668-1674.

Dielenberg RA, McGregor IS (2001) Defensive behavior in rats towards
predatory odors: a review. Neurosci Biobehav Rev 25:597—-609.

Doty RL (1975) An examination of relationships between the pleasantness, in-
tensity and concentration of 10 odorous stimuli. Percept Psychophysics
17:492—-496.

Dravnieks A (1982) Odor quality: semantically generated multi-dimen-
sional profiles are stable. Science 218:799—-801.

Dravnieks A (1985) Atlas of odor character profiles. Philadelphia: ASTM.

Durbin R, Mitchison G (1990) A dimension reduction framework for un-
derstanding cortical maps. Nature 343:644—647.

Engen T (1982) The perception of odors. New York: Academic.

Firestein S (2001) How the olfactory system makes sense of scents. Nature
413:211-218.

Fishilevich E, Domingos Al, Asahina K, Naef F, Vosshall LB, Louis M (2005)
Chemotaxis behavior mediated by single larval olfactory neurons in Dro-
sophila. Curr Biol 15:2086-2096.

Friedrich RW, Korsching SI (1997) Combinatorial and chemotopic odorant
coding in the zebrafish olfactory bulb visualized by optical imaging. Neu-
ron 18:737-752.

Friedrich RW, Laurent G (2001) Dynamic optimization of odor representa-

J. Neurosci., July 7, 2010 - 30(27):9017-9026 « 9025

tions by slow temporal patterning of mitral cell activity. Science
291:889-894.

Friston KJ, Frith CD, Frackowiak RS (1993) Principal component analysis
learning algorithms: a neurobiological analysis. Proc Biol Sci 254:47-54.

Georgopoulos AP, Schwartz AB, Kettner RE (1986) Neuronal population
coding of movement direction. Science 233:1416—1419.

Gilad Y, Man O, Pdibo S, Lancet D (2003) Human specific loss of olfactory
receptor genes. Proc Natl Acad Sci U S A 100:3324-3327.

Gilad Y, Man O, Glusman G (2005) A comparison of the human and chim-
panzee olfactory receptor gene repertoires. Genome Res 15:224-230.
Glusman G, Clifton S, Roe B, Lancet D (1996) Sequence analysis in the
olfactory receptor gene cluster on human chromosome 17: recombinato-

rial events affecting receptor diversity. Genomics 37:147-160.

Gross-Isseroff R, Lancet D (1988) Concentration-dependent changes of
perceived odor quality. Chem Sens 13:191-204.

Hallem EA, CarlsonJR (2006) Coding of odors by a receptor repertoire. Cell
125:143-160.

Hebb AL, Zacharko RM, Dominguez H, Trudel F, Laforest S, Drolet G
(2002) Odor-induced variation in anxiety-like behavior in mice is asso-
ciated with discrete and differential effects on mesocorticolimbic chole-
cystokinin mRNA expression. Neuropsychopharmacology 27:744-755.

Hebb AL, Zacharko RM, Gauthier M, Trudel F, Laforest S, Drolet G (2004)
Brief exposure to predator odor and resultant anxiety enhances mesocor-
ticolimbic activity and enkephalin expression in CD-1 mice. Eur ] Neu-
rosci 20:2415-2429.

Henion KE (1971) Odor pleasantness and intensity: a single dimension?
J Exp Psychol 90:275-279.

Hildebrand JG, Shepherd GM (1997) Mechanisms of olfactory discrimina-
tion: converging evidence for common principles across phyla. Annu Rev
Neurosci 20:595-631.

Johnson BN, Mainland JD, Sobel N (2003) Rapid olfactory processing im-
plicates subcortical control of an olfactomotor system. ] Neurophysiol
90:1084-1094.

Khan RM, Luk CH, Flinker A, Aggarwal A, Lapid H, Haddad R, Sobel N
(2007) Predicting odor pleasantness from odorant structure: pleasant-
ness as a reflection of the physical world. ] Neurosci 27:10015-10023.

Kobayakawa K, Kobayakawa R, Matsumoto H, Oka Y, Imai T, Ikawa M,
Okabe M, Ikeda T, Itohara S, Kikusui T, Mori K, Sakano H (2007) In-
nate versus learned odour processing in the mouse olfactory bulb. Nature
450:503-508.

Kreher SA, Mathew D, Kim J, Carlson JR (2008) Translation of sensory
input into behavioral output via an olfactory system. Neuron 59:110-124.

Kurtovic A, Widmer A, Dickson BJ (2007) A single class of olfactory neu-
rons mediates behavioural responses to a Drosophila sex pheromone. Na-
ture 446:542-546.

Lancet D, Ben-Arie N (1993) Olfactory receptors. Curr Biol 3:668—674.

Laubach M, Shuler M, Nicolelis MA (1999) Independent component anal-
yses for quantifying neuronal ensemble interactions. ] Neurosci Methods
94:141-154.

Laurent G, Stopfer M, Friedrich RW, Rabinovich MI, Volkovskii A, Abarbanel
HD (2001) Odor encoding as an active, dynamical process: experiments,
computation, and theory. Annu Rev Neurosci 24:263-297.

Leon M, Johnson BA (2009) Is there a space-time continuum in olfaction?
Cell Mol Life Sci 66:2135-2150.

Ma M, Shepherd GM (2000) Functional mosaic organization of mouse ol-
factory receptor neurons. Proc Natl Acad Sci U S A 97:12869-12874.
Mainen ZF (2006) Behavioral analysis of olfactory coding and computation

in rodents. Curr Opin Neurobiol 16:429—-434.

Malnic B, Hirono J, Sato T, Buck LB (1999) Combinatorial receptor codes
for odors. Cell 96:713-723.

Mandairon N, Poncelet J, Bensafi M, Didier A (2009) Humans and mice
express similar olfactory preferences. PLoS One 4:e4209.

Manzini I, Brase C, Chen TW, Schild D (2007) Response profiles to amino
acid odorants of olfactory glomeruli in larval Xenopus laevis. J Physiol
581:567-579.

McClurkin JW, Optican LM, Richmond BJ, Gawne TJ (1991) Concurrent
processing and complexity of temporally encoded neuronal messages in
visual perception. Science 253:675—677.

Meister M, Bonhoeffer T (2001) Tuning and topography in an odor map on
the rat olfactory bulb. ] Neurosci 21:1351-1360.

Mombaerts P, Wang F, Dulac C, Chao SK, Nemes A, Mendelsohn M,



9026 - J. Neurosci., July 7, 2010 - 30(27):9017-9026

Edmondson J, Axel R (1996) Visualizing an olfactory sensory map. Cell
87:675-686.

Moskowitz HR, Dravnieks A, Klarman LA (1976) Odor intensity and pleas-
antness for a diverse set of odorants. Percept Psychophysics 19:122-128.

Niimura Y, Nei M (2003) Evolution of olfactory receptor genes in the hu-
man genome. Proc Natl Acad Sci U S A 100:12235-12240.

Pelz D, Roeske T, Syed Z, de Bruyne M, Galizia CG (2006) The molecular
receptive range of an olfactory receptor in vivo (Drosophila melanogaster
Or22a). ] Neurobiol 66:1544-1563.

Richardson JT, Zucco GM (1989) Cognition and olfaction: a review. Psy-
chol Bull 105:352-360.

Rinberg D, Koulakov A, Gelperin A (2006) Speed-accuracy tradeoff in ol-
faction. Neuron 3:351-358.

Roweis ST, Saul LK (2000) Nonlinear dimensionality reduction by locally
linear embedding. Science 290:2323-2326.

Rubin BD, Katz LC (1999) Optical imaging of odorant representations in
the mammalian olfactory bulb. Neuron 23:499-511.

Sachse S, Rappert A, Galizia CG (1999) The spatial representation of chem-
ical structures in the antennal lobe of honeybees: steps towards the olfac-
tory code. Eur J Neurosci 11:3970-3982.

Saito H, Chi Q, Zhuang H, Matsunami H, Mainland JD (2009) Odor coding
by a Mammalian receptor repertoire. Sci Signal 2:ra9.

Schiffman S, Robinson DE, Erickson RP (1977) Multidimensional-scaling
of odorants-examination of psychological and physiochemical dimen-
sions. Chem Sens Flavour 2:375-390.

Schiffman SS (1974) Physicochemical correlates of olfactory quality. Sci-
ence 185:112-117.

Scott TR, Mark GP (1987) The taste system encodes stimulus toxicity. Brain
Res 414:197-203.

Semmelhack JL, Wang JW (2009) Select Drosophila glomeruli mediate in-
nate olfactory attraction and aversion. Nature 459:218-223.

Slotnick BM, Bell GA, Panhuber H, Laing DG (1997) Detection and discrimi-
nation of propionic acid after removal of its 2-DG identified major focus in
the olfactory bulb: a psychophysical analysis. Brain Res 762:89-96.

Soucy ER, Albeanu DF, Fantana AL, Murthy VN, Meister M (2009) Preci-
sion and diversity in an odor map on the olfactory bulb. Nat Neurosci
12:210-220.

Spors H, Grinvald A (2002) Spatio-temporal dynamics of odor representa-
tions in the mammalian olfactory bulb. Neuron 34:301-315.

Haddad et al. @ Parallel Olfactory Code

Steiner JE (1979) Human facial expressions in response to taste and smell
stimulation. Adv Child Dev Behav 13:257-295.

Stensmyr MC, Giordano E, Balloi A, Angioy AM, Hansson BS (2003) Novel
natural ligands for Drosophila olfactory receptor neurones. ] Exp Biol
206:715-724.

Suh GS, Wong AM, Hergarden AC, Wang JW, Simon AF, Benzer S, Axel R,
Anderson DJ (2004) A single population of olfactory sensory neurons
mediates an innate avoidance behaviour in Drosophila. Nature 431:854—
859.

Takahashi YK, Nagayama S, Mori K (2004a) Detection and masking of
spoiled food smells by odor maps in the olfactory bulb. J Neurosci
24:8690—-8694.

Takahashi YK, Kurosaki M, Hirono S, Mori K (2004b) Topographic repre-
sentation of odorant molecular features in the rat olfactory bulb. ] Neu-
rophysiol 92:2413-2427.

Tenenbaum JB, de Silva V, Langford JC (2000) A global geometric frame-
work for nonlinear dimensionality reduction. Science 290:2319-2323.

Trask BJ, Massa H, Brand-Arpon V, Chan K, Friedman C, Nguyen OT,
Eichler E, van den Engh G, Rouquier S, Shizuya H, Giorgi D (1998)
Large multi-chromosomal duplications encompass many members of the
olfactory receptor gene family in the human genome. Hum Mol Genet
7:2007-2020.

Uchida N, Mainen ZF (2003) Speed and accuracy of olfactory discrimina-
tion in the rat. Nat Neurosci 6:1224-1229.

Uchida N, Takahashi YK, Tanifuji M, Mori K (2000) Odor maps in the
mammalian olfactory bulb: domain organization and odorant structural
features. Nat Neurosci 3:1035-1043.

Wang JW, Wong AM, Flores J, Vosshall LB, Axel R (2003) Two-photon
calcium imaging reveals an odor-evoked map of activity in the fly brain.
Cell 112:271-282.

Wesson DW, Carey RM, Verhagen JV, Wachowiak M (2008) Rapid encod-
ing and perception of novel odors in the rat. PLoS Biol 6:e82.

Wood RW, Coleman JB (1995) Behavioral evaluation of the irritant prop-
erties of formaldehyde. Toxicol Appl Pharmacol 130:67-72.

Yeshurun Y, Sobel N (2010) An odor is not worth a thousand words: from
multidimensional odors to unidimensional odor objects. Annu Rev Psy-
chol 61:219-241, C1-C5.

Zarzo M (2008) Psychologic dimensions in the perception of everyday
odors: pleasantness and edibility. J Sens Stud 23:354-376.



