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Abstract

Understanding sensory processing involves relating the stimulus space, its neural represen-
tation, and perceptual quality. In olfaction, the difficulty in establishing these links lies partly
in the complexity of the underlying odor input space and perceptual responses. Based on
the recently proposed primacy model for concentration invariant odor identity representation
and a few assumptions, we have developed a theoretical framework for mapping the odor
input space to the response properties of olfactory receptors. We analyze a geometrical
structure containing odor representations in a multidimensional space of receptor affinities
and describe its low-dimensional implementation, the primacy hull. We propose the implica-
tions of the primacy hull for the structure of feedforward connectivity in early olfactory net-
works. We test the predictions of our theory by comparing the existing receptor-ligand
affinity and connectivity data obtained in the fruit fly olfactory system. We find that the Ken-
yon cells of the insect mushroom body integrate inputs from the high-affinity (primacy) sets
of olfactory receptors in agreement with the primacy theory.

Author summary

Sensory systems face the problem of computing stimulus identity that is invariant with
respect to multiple stimulus features. In the olfactory system, odorant percepts often
retain their identity despite substantial variations in the odorant concentration. How can
olfactory networks robustly represent odorant identity despite variable stimulus intensity?
In the nose, odorants are sensed by the odorant receptors (ORs), the specialized proteins
that can be activated by the odorant molecules. In this study, we develop a theory for
encoding concentration-invariant odor objects. We propose that the identities of a small
group of the most sensitive ORs represent odorant identity in a concentration-invariant
manner. We argue that, although absolute values of olfactory receptor responses may
depend on concentration, their ranking remains invariant, leading to invariance in the
membership of the most sensitive (primary) group. We call this form of representation of
concentration invariant odorant identity the primacy coding model. We investigate the
mathematical principles underlying the primacy coding model and test its predictions
using connectivity and neuronal activations data from the fruit fly olfactory system. We

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012379  September 10, 2024

1/23


https://orcid.org/0009-0002-1570-9293
https://doi.org/10.1371/journal.pcbi.1012379
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1012379&domain=pdf&date_stamp=2024-09-25
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1012379&domain=pdf&date_stamp=2024-09-25
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1012379&domain=pdf&date_stamp=2024-09-25
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1012379&domain=pdf&date_stamp=2024-09-25
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1012379&domain=pdf&date_stamp=2024-09-25
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1012379&domain=pdf&date_stamp=2024-09-25
https://doi.org/10.1371/journal.pcbi.1012379
https://doi.org/10.1371/journal.pcbi.1012379
http://creativecommons.org/licenses/by/4.0/
https://github.com/KoulakovLab/PrimacyModel
https://github.com/KoulakovLab/PrimacyModel

PLOS COMPUTATIONAL BIOLOGY The primacy model and the structure of olfactory space

decision to publish, or preparation of the
manuscript.

Competing interests: The authors have declared
that no competing interests exist.

find that neurons in the fly olfactory system integrate inputs from the high-affinity (pri-
macy) sets of ORs in agreement with the primacy theory.

Introduction

Our ability to predict the perceptual quality of color from a spectrum of incident light relies on
a small number of receptor types at the neural periphery and our understanding of the proper-
ties of these receptors. The dimensionality of the color space is defined by the three types of
receptors, i.e., three degrees of freedom, two of which define the planar coordinates of the
color and one that computes the total intensity of the light. The olfactory system operates with
a much larger number of receptor types at the sensory periphery (~350 in humans, ~1200 in
rodents, and ~60 in flies [1-5]). The mapping of the chemical stimulus space to the receptor
and perceptual spaces remains an unresolved problem. The discovery of such a large family of
olfactory receptors (ORs) [6] has prompted the idea that the dimensionality, D, of this olfac-
tory space is high and comparable to the number of OR types, N.

There is emerging evidence, however, that olfactory perceptual space is not so high dimen-
sional [7,8]. The embedding of human perceptual data into a curved manifold of dimension
D<10 accounts for >80% of the variance in the data, suggesting that the number of odorant
parameters relevant to the human olfactory system is <10 [8-10]. A recent success in predict-
ing olfactory metamers for humans using a mixture model, which describes each odorant with
~20 parameters, also suggests low dimensionality of the odor perceptual space [11]. Insights
into the structure and dimensionality of olfactory perceptual space should guide our under-
standing of information processing in this sensory system.

Several features of early olfactory neural circuits are strongly conserved across diverse spe-
cies, from insects to mammals [12]. Olfactory sensory neurons (OSNs) expressing ORs of the
same genetic type converge on their respective glomeruli in the vertebrate olfactory bulb (OB)
or antennal lobe (AL) in insects. To a first approximation, each glomerulus represents the level
of activation of a single OR type. This information is projected to several higher-level process-
ing centers, such as the Piriform Cortex (PC) in mammals or the Mushroom Body (MB) in
insects, by axons of the second order projection neurons. The logic underlying the connectiv-
ity between the OB/AL and these downstream target areas has been under intense scrutiny as
it seems to convey the nature of the features important for olfactory processing. The conver-
gent evolution of this ‘canonical’ olfactory circuit may suggest a conserved logic of odor infor-
mation processing across phyla [13]. If this is true, it should be possible to construct a general
theory of olfactory information processing relevant to a wide range of species.

As in the case of vision, where a color percept is formed from light with a broad spectrum
of monochromatic waves, a majority of ethologically relevant odors are mixtures of many tens
or hundreds of components [14,15]. Humans often perceive complex mixtures synthetically,
identifying a single ‘odor object’ rather than recognizing the individual components [16]. In
addition, the perceptual identity of an odor is generally stable over a range of both stimulus
and neural parameters, including concentration, background and noise in neural circuits [17-
21]. This feature of the neural code may contribute to the ability of animals to identify sources
of smells in variable environments and at varying distances.

How does an odorant retain its perceptual identity despite changes in concentration? As an
odorant concentration increases from low to high, more OR types generally become activated
[22-24]. The representations of odor identity in high and low concentration regimes can
therefore be linked by a set of ORs that activated at low concentration and are active in both
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regimes. This template comprised of high affinity OR types to a given odorant is called the pri-
macy set and the model for concentration-invariant odor coding relying on primacy sets is
called the primacy model [25]. Despite its apparent simplicity, the primacy model can explain
many psychophysical phenomena of odor perception and is compatible with known olfactory
neural network organization [25-28].

Here, we propose a new theoretical framework for mapping olfactory chemical space to the
neural spaces of OR/glomerular and higher order representations. Our theory is based on the
following main assumptions: (i) The stimulus or, in other words, odor space is of relatively low
intrinsic dimensionality. (ii) Odor identity is encoded by a small number of OR types of high-
est affinity for a given odor (primacy coding hypothesis). We will study the implications of
these assumptions for the evolution of OR ensembles and develop statistical methods to test
these assumptions in recently published connectivity data from the fly olfactory system.

Results
Primacy coding model

We will consider a model in which the activation of a receptor f,, as a function of odorant con-
centration, ¢,, depends only on one parameter K,,, the affinity of receptor r to odorant o, and
can be described by the mass action law:

fo_
= Kk, (1)

In logarithmic concentration coordinates, f, = f,(c,) is a logistic function (Fig 1A) [23].
When the activation of the receptor reaches a certain threshold, 0, the changes in the response
can be detected by the downstream system, at which point, the OR becomes activated and can
participate in the odorant coding. For simplicity, we will define an OR as active if its response
to an odorant is higher than a half of the maximum activity level, i.e., f,>6 = 1/2, which corre-
sponds to the odorant concentration c,>1/K,,. Our conclusions are not affected by the choice
of activation threshold, as long as it is similar across all receptors. Importantly, in this model,

receptors that are activated at the lowest concentration remain active at higher concentrations.

According to the primacy coding hypothesis, the identities of a few of the most sensitive
OR types determine the perceptual odor identity associated with a stimulus. We define the pri-
macy set for a given odorant as the set of p OR types activated by the odorant at the lowest con-
centration (Fig 1A). Different odorants evoke activity in different sets of most sensitive
receptors. The primacy number, p, could vary across odorants; however, here we will assume it
to be fixed for simplicity.

A two-dimensional odor space

To explore the implications of primacy coding for the organization of an OR ensemble, we
consider an odor space comprised of two odorants (X, Y) and their mixtures. In this case, each
OR type can be represented as a point in the 2D space of affinities for the two odorants with
coordinates K, = (K,x, K,y). An example arrangement of a receptor ensemble in a 2D odor
space is shown in Fig 1B. Introducing a pure odorant X at a concentration cy partitions the
space into two half spaces; one in which receptors are active, K,xcx>1, and the other in which
they are inactive, K,xcx<1 (Fig 1C). Increasing cy moves the boundary between the active and
inactive receptors and expands the zone of active receptors from high to low K. If we consider
a primacy model in which two glomeruli are required to identify an odor (a p = 2 primacy
model), there is a concentration of odor X at which the first two glomeruli are activated. These
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Fig 1. Primacy model in 2D. A. Receptor response curves as a function of odorant concentration. Solid circles
correspond to effective threshold concentrations or inverse affinities: ¢ = (K,,)™". For a certain concentration
(dashed line), the ORs with a threshold below this concentration (solid red circles) are in an active state. These ORs
form a primacy set with the primacy number p = 2 for this odorant. B. Representation of receptors in 2D space of
affinities for odorants X and Y: Kx and Ky. C. An odorant X at concentration cy activates all receptors for which
K,xcx>1 (red). For the given primacy number p = 2, the identity of odor X is defined by the two most sensitive
receptors (red segment). D. The same for odor Y. E. A mixture of two odorants X and Y activates receptors, which are
above the line perpendicular to the unit vector q = [cy, cyl/c, where ¢ = \/c2 + ¢2. F. Primacy sets for all possible
mixture vectors q define a primacy hull (red), a 1D line in the 2D space. Receptors in the primacy hull (red) are
retained in the genome. All other ORs (empty circles) are expected to be eliminated from the genome (pseudogenized).

https://doi.org/10.1371/journal.pcbi.1012379.9001

glomeruli represent OR types of highest affinity for odorant X and represent the identity of X
in the primacy coding mechanism (Fig 1C).

Similarly, the primacy set corresponding to an odor Y can be identified by introducing the
pure odor Y at a low concentration and expanding the zone of the active ORs by increasing the
concentration until the first p = 2 OR types are activated (Fig 1D).

Eq (1) can be extended to the case of two or more odorants. Assuming the independence of
individual odorant-receptor interactions, we have (Methods C in S1 Text):

f
1-1,

Here (K,-¢) is the scalar product between the vector of affinities of a receptor r for the set of
molecules X and Y, K, = (K,x, K,y), and the vector of concentrations ¢ = (cx, cy). Receptor acti-
vations can be described by an equation that explicitly accounts for the overall concentration
of the odor mixture:

= Kyex + Kyey = (Kr : C)' (2)

f
1—,

= (K, - q)c (3)

Here ¢ = \/c% + ¢ is the Euclidian length of the concentration vector representing the
overall mixture concentration and q = [cx, c¢y]/c is a unit vector in the direction defined by the
ratio of the mixture components’ concentrations. For a given mixture concentration c, the acti-
vation level of an OR is determined by the projection of its affinity vector K, and the unit vec-
tor describing the concentrations of the mixture components g, i.e. K;-q. The most active ORs
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are those with the largest value of K,-q (Fig 1E). For a p = 2 primacy model, the primary recep-
tors are the two points with the largest projection onto the vector g, i.e. the two ORs activated
at the lowest concentration of the mixture (Fig 1E). By considering the primacy sets of all pos-
sible mixtures, i.e. all possible vectors q in this 2D odor space, we trace out a hull containing all
OR types that belong to at least one primary set (Fig 1F). We call this structure a primacy hull.
The primacy hull contains all OR types that belong to at least one primacy set. According to
the primacy model defined here, odor identity is encoded by the OR types of highest affinity
for a given odorant, i.e., primary ORs. The primacy hull includes all odorant identities that can
be encoded by a particular set of ORs within the primacy coding model (four in Fig 1F). ORs
that have low affinities for every odorant are not included in any primacy set and do not partic-
ipate in odor identity coding. Unless such ORs participate in the encoding of odorant features
other than identity or have some other non-olfactory coding function[13], they are likely to be
pseudogenized and eliminated from the genome (Fig 1F). Thus, one of the predictions of the
primacy model is that the functional ORs should belong to a primacy set of at least one odor-
ant and therefore belong to the primacy hull, unless they are involved in some other processes.
Eqs (1-3) follow from the receptor-ligand binding model which does not include some
important mechanisms involved in odorant-OR interactions, such as antagonism [29, 30] or
potential multiple odorant binding sites per OR [31]. Nevertheless, following Refs. [31-37], we
will adopt this model for mathematical convenience. Importantly, in the linear model Eqs
(1-3), primacy sets do not depend on the choice of activation threshold, as long as it is the
same for all receptor-odorant pairs. Indeed, according to Eq (3), primary receptors can be
determined as p ORs with the highest projection of the affinity vector K, on the mixture con-
centration vector ¢, i.e. the receptors activated at the lowest mixture concentration. This state-
ment is not affected by the particular response level f, = 0 at which this response becomes
detectable. We therefore adopted 6 = 1/2 here for simplicity. We analyze the implications of
nonlinear interactions between odorant molecules for the primacy model in Methods D in
S1 Text.

Higher-dimensional odor spaces

As in the preceding 2D model, in the case of more odorants present, ORs can be represented
by vectors of affinities to individual odorants in a D-dimensional odor space: K, = [K,1, K;2,. - .
K,p]. The receptor response to a mixture is then described by Eq (3) with the odor mixture

represented by the unit vector: q = [c1, Cyy. . cpl/c wherec = (& + & + ... + )"

. Atagiven
concentration, a D—1-dimensional plane orthogonal to the vector q separates the active and
inactive receptors. Increasing the odor concentration moves this plane toward the origin of the
coordinate system and recruits additional receptors. The first p activated ORs form a primacy
set for the mixture defined by the vector q. The primacy number, p, and the dimensionality of
the odor space, D, are independent parameters. In the previous example we explored the case
in which p = 2; each odor identity is represented by two nodes (OR types), which may be
thought of as a segment. In general, a primacy set can be represented by a composition of p
interconnected points forming a (p—1) -simplex: p = 2 corresponds to a line segment, p = 3
forms a triangle, and p = 4 forms a tetrahedron (Fig 2A).

The primacy hull is a simplicial complex (a collection of simplexes) obtained by sweeping
planes through a collection of points; for each plane, the first p encountered points (those of
the highest affinity) are associated into a simplex and added to the complex (Fig 1). The pri-
macy hull therefore includes the convex hull as a subset; it may also include points internal to
the convex hull (Fig 2B). Examples of primacy hulls for D=3, p =3 and for D=6, p =7 are
shown in Fig 2C and 2D. The latter hull is projected onto 3D space for display purposes.
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Fig 2. Primacy hull in higher dimensions. A. Geometrical representation of primacy sets for different primacy
numbers: p = 2: 1-simplex, a segment; p = 3: 2-simplex, a triangle; p = 4: 3-simplex, tetrahedron. B. An example of
primacy hull for a random set of points in 2D (p = 2). A primacy hull is a set of simplexes that reside on the extremes of
the given set of points. C. A primacy hull for D = 3, p = 3. A ~2D surface is tessellated by triangles, each of them
representing an independent odor identity. D. The same for D = 6, p = 7. 6D manifold is projected onto 3D space for
visualization. E. Decomposition of affinity matrix K into two low-dimensional matrices: Q is a low-dimensional matrix
of basic odor features and R is a matrix of receptor affinities for these basic features.

https://doi.org/10.1371/journal.pcbi.1012379.9002

The primacy hull includes all odorant identities that can be encoded by a particular set of
ORs within the primacy coding model. Its vertices include the ORs that belong to at least one
primacy set. Its edges connect ORs that belong to the same primacy set. Odorant mixtures of
similar composition are expected to yield the same primacy set if the corresponding q-vectors
are close to each other in the odor space. The number of odorant identities in the primacy hull
is finite but grows both with the number of ORs and the primacy number. We assume that the
number of odorant identities encoded using this mechanism is sufficient to represents and dis-
tinguish the set of relevant mixtures.

The full set of volatile molecules likely includes millions of compounds, yet the description
of a primacy hull in D~10° is not very useful. As discussed in the introduction, some experi-
mental evidence suggests that the dimensionality of the odor space is low. We will next formu-
late the low-dimensionality assumption within our model. Eq (2) relates receptor activity to
both receptor affinities and concentrations of mixture components. The affinities can be deter-

mined as the inverse concentration thresholds K,, = ()" estimated from the concentration
dependencies of neural responses (Fig 1A). Here ¢ is the concentration of a monomolecular
odorant o, at which a receptor r is activated at half of its maximum magnitude.

The affinities K,,, used in Eq (2) describe the affinity of N ORs for M monomolecular odor-
ants. These quantities can be combined into an affinity matrix K which has dimensions NxM
(N~10%, M~10”). If K can be accurately represented by a product of two matrices of much

smaller size, Ryxp and Qpxas, where DN, M, we can say that the dimensionality of the odor
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space is low (Fig 2E):

K=R-Q (4)

Here Q is a DxM matrix placing every molecule into a D-dimensional space of “properties
of interest” to the olfactory system. It describes to what degree these properties are present in
each of the M molecules. These properties may include molecular weight, measures of polarity,
size, and other potentially more complex molecular features [8, 10, 38]. R is a NxD matrix rep-
resenting every receptor as a point in the D-dimensional space of molecular properties. The
affinity of the receptor r for a (monomolecular) odorant o is determined by the scalar product
of the corresponding row in the matrix R and a column in the matrix Q, both of which are D-
dimensional. If the number of odorant parameters sampled by the olfactory system is on the
order of the dimensionality of human perceptual space, i.e. D~10, then the simplification
resulting from Eq (4) can be substantial [8, 10].

Eq (4) describes the affinities of receptors to pure odorants. The responses to mixtures can
be obtained by combining Eqs (2) and (4), which results in

f
11—,

~(R-3) (5)

Here, we introduced a D-dimensional vector ¢ = Qc describing the concentration of odor-
ant properties in the mixture described by the vector ¢. For example, if the ORs were sensitive
to the molecular weights of monomolecular compounds, as suggested in Ref. [10], one compo-
nent of the vector g would represent the concentration of molecular weight, i.e. the molecular
weight per liter of gas. The role of the DxM property matrix Q is therefore to project the con-
centration vectors of mixture components which may have millions of dimensions to a much
smaller D -dimensional space of properties relevant to the olfactory system. The vector R, is a
D -dimensional row of the matrix R which describes the OR sensitivity to these properties. In
the case of mixtures, the activation level of a receptor is determined by the dot product
between the low-dimensional vectors of affinities and property concentrations, similarly to Eq
(2). In this case, instead of a description in the space of affinity vectors K, the primacy sets and
the primacy hull are built in the space of relevant odorant properties R,. This implies that dia-
grams like the one presented in Figs 1 and 2B-2D are constructed from the components of
vectors R, rather than vectors K. Thus, the approach described above, including the geometric
constructs, such as primacy sets and the primacy hull, is valid in the case of low-dimensional
olfactory space [Eq (4)] despite the odorant mixtures including, potentially, millions of mono-
molecular components. Overall, we suggest that, in the case of low-dimensional odor space,
the mechanism of coding of odor identity in the primacy sets described above applies in the
space of odorant properties.

Connectivity to higher brain regions. The coactivation of primary ORs could be detected
by feedforward connectivity from ORs/glomeruli to higher processing centers, if the connec-
tivity contains information about the primacy hull. In this mechanism, the projections from
individual primacy sets of ORs/glomeruli would converge on distinct cells in the piriform cor-
tex (PC) or the mushroom body (MB) in insects (Fig 3). PC/MB neurons are expected to
respond when the corresponding primacy ORs are co-activated (Fig 3A and 3B). This predic-
tion suggests that, the feedforward connectivity contains high-order correlations induced by
the presence of the primacy hull in OR affinities. It also suggests that the connectivity is related
to the OR responses: PC/MB cells may integrate inputs from the OB/AL neurons with the
strongest affinity for an odorant. Below, we will test this prediction using recent AL-to-MB
connectivity and OR-odorant affinity data from D. Melanogaster.
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Fig 3. Suggested feedforward circuit which can process the primacy information. A. Left: Primacy hull for D = 2
and p = 2; a, b, ¢, d are discriminable odor identities. Right: connectivity between ORs 1,2, .. .5 and cortical cells
(insect mushroom body cells) corresponding to different odor identities. The glomeruli from the same primacy sets
converge to the same cortical cells. B. The same for D = 3 and p = 3. Only two example simplexes are shown. C.
Subprime connectivity model. Individual cortical cells represent the faces of primacy simplexes (sides of the triangles).
Individual odor identities are encoded by populations of neurons marked ‘a’ and ‘b’.

https://doi.org/10.1371/journal.pchi.1012379.9003

In the connectivity model proposed above (Fig 3A and 3B), only a single PC neuron, corre-
sponding to a primacy simplex, responds to the presentation of an odorant. Experimental data
in mice shows that the PC contains about Npc2-10° pyramidal neurons out of which about
5%, i.e. n,~10% respond to an odorant [39, 40]. One way in which a primacy model can gener-
ate 10* responses is if individual neurons in the PC represent faces of the primacy simplex
rather than the full p—1-simplex itself (Fig 3C). These faces are also simplexes themselves. For
example, a triangle or a 2-simplex contains three sides as faces, which can be viewed as 1-sim-
plexes. A tetrahedron, a 3-simplex, contains four triangles (2-simplexes) as faces (Fig 2A), etc.
Overall, the number of # -point faces of a primacy (p-1) -simplex is given by the binomial
equation

Fup = n!(ppi n)! ©)
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For example, a 4-vertex simplex (tetrahedron) contains 4!/3!/(4-3)! = 4 3-vertex faces (tri-
angles) and 4!/1!/(4-1)! = 6 2-vertex faces (segments, Fig 2A).

We propose that the responses of cells in higher brain regions such as PC or MB reflect the
activations of simplexes that are subsets or faces of the primary simplex corresponding to the
presented odorant identity. This proposal may explain the large population of cells activated in
the PC and MB in response to an odor. For example, in the mouse PC, an odor activates
n,~10" cells [39, 40], which roughly corresponds to the primacy number of p = 16 and the
number of converging connections onto a PC cell n = 8: Fg 15/1.3- 10*. Below, we will refer to
the faces of the primary simplex as the subprime simplexes. The complete set of subprime sim-
plexes of a given degree uniquely represents the primacy simplex. For example, in Fig 2A, the
set of four triangles uniquely represents the primacy tetrahedron. Such a coding scheme may
provide robustness to noise. A distributed representation of an odor is much less sensitive to
the failures of individual neurons to be activated. If a single neuron in the PC or MB represents
an odorant identity (Fig 3A and 3B), silencing this neuron will eliminate the perception of this
smell. In the case where individual neurons represent the subprime simplexes corresponding
to the same odor (Fig 3C), a failure of activation of individual neurons due to the presence of
noise can be compensated by a pattern completion mechanism implemented by associative
circuits in the PC [41]. This can be accomplished if the subprime simplexes corresponding to
the same primacy simplex are connected by synapses with positive strength, similarly to a
Hopfield network. Overall, we suggest that cells activated in the PC represent the faces of the
primacy simplex corresponding to the stimulus identity. These representations can be gener-
ated by the feedforward OB-PC (or AL-MB in insects) connectivity that contains the primacy
hull structure in the weight matrix and may be facilitated by the recurrent connectivity in the
PC.

Experimental predictions

According to our model, the AL-MB or OB-PC connectivity is expected to contain a distrib-
uted representation of the primacy hull. Specifically, we expect i) connectivity data to have a
low-dimensional component that is consistent across members of the same species and ii)
individual MB/PC neurons to integrate inputs from high affinity ORs to an odorant (primacy
sets).

Below we test these two predictions in the fruit fly (D. Melanogaster) using two independent
connectivity datasets from two individual flies and an OR-odorant affinity dataset. We will use
the terms OR and glomerulus interchangeably to refer to a genetically defined olfactory infor-
mation channel consisting of a single glomerulus and its homotypic OR.

Using existing data on connectivity and OR affinities to test the primacy
model

In the fly, OR activity is relayed to the MB via projection neurons (PNs); a majority of PNs
receive their inputs from only a single glomerular channel. Each OR/glomerular channel is
associated with several PNs. The principal cells of the MB, the Kenyon cells (KCs), are the
major targets of PN axons, with a single KC integrating ~5-6 glomerular/OR type inputs. Two
recent studies describe PN-KC connectivity in two adult flies. The FIlyEM dataset contains the
PN originating from all 51 olfactory glomeruli and terminating at a large number of KCs
(Nkc = 1784 out of a total estimated ~2000-2500 KCs per MB hemisphere) [42]. The FAFB
dataset includes connectivity for 51 glomeruli and 1344 KCs [43]. Using this binarized
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connectivity data (Fig 4A and 4B), we can interrogate the logic governing KC integration of
OR channels.

To test the prediction that the PN-KC data contains a low-dimensional component that is
consistent across individual flies (experimental prediction i), we first compare the FIyEM and
FAFB connectivity matrices. We aligned the two data matrices along the PN dimension by
grouping the PNs based on the identity of the glomeruli/ORs that they receive the primary
input from. As there is no simple way to align KC identities across different animals, we started
with analyzing the similarity of connectivity between individual glomeruli. These similarities
were defined as the Pearson correlation coefficients between pairs of glomeruli in terms of
their projections to KCs computed for both FlyEM and FAFB datasets (Fig 4C and 4D). We
observed a substantial correlation between the similarity matrices for the two datasets
(R=0.47, Fig 4E). The correlation was eliminated by shuffling either of the connectivity matri-
ces (Fig 4F). Following Ref. [44], we used a shuffling procedure that preserves the number of
connections from each glomerulus to all KCs and from each KC to all glomeruli (KC in- and
glomerulus out-degrees). The presence of a significant correlation in connectivity between the
two animals suggests that the glomerulus-KC connectivity matrices share a common structure
between the two individual animals.

Above we hypothesized that if ORs sample a low-dimensional subspace of the affinity
space, this subspace should be reflected in the connectivity structure consistent across mem-
bers of the same species (experimental prediction i). To further characterize this common
structure in the two connectivity datasets, we applied linear and nonlinear dimensionality
reduction techniques to the glomerulus-glomerulus similarity matrices. Linear dimensionality
reduction methods, such as the principal component analysis (PCA), place the objects (here-
glomeruli/ORs) on a flat surface, while nonlinear methods, such as Isomap, arrange them on a
curved manifold of a given dimension. The quality of these embeddings can be assessed by the
variance in the data explained by the embeddings. We applied both methods to the glomeru-
lus-glomerulus connectivity similarity matrices (Fig 4C and 4D). First, we applied the PCA
(flat) method (Fig 4G and 4H). We found that the first two dimensions of the PCA space of the
data explain more variance than those of the shuffled datasets (again, shuffling was performed
in a way that preserves the in- and out-degrees for each KCs and PNs respectively, as in
Ref. [44]) (Fig 4G). We also found that the same glomeruli/ORs in the two flies resided near
each other when placed in the first two dimensions of the PCA space (Fig 4H, root mean
squared deviation (RMSD) of the 2D positions between the two datasets is 5.9, versus
RMSD = 13.5 for the randomly shuffled data, p< 107°, t-test). Our further analysis indicates
that the first dimension in the embedding space is correlated with the sensitivity of olfactory
receptors for food, while the second dimension has no clear functional significance (S1 Fig).
Both the first and the second dimensions are not obviously related to the degree of connectiv-
ity of the KCs and instead are produced by the glomeruli projecting to specific subsets of KCs
(S2 Fig).

The first two flat dimensions of the data explained only about 9% of the variance in the con-
nectivity data. As suggested by earlier work on the embedding of olfactory spaces [8, 9], the
OR affinities may be better approximated by a curved low-dimensional manifold. To account
for this possibility, we used the Isomap algorithm [45] (see Methods H in S1 Text). The first
two dimensions of the curved Isomap space account for about 39% (FlyEM) or 35% (FAFB) of
the variance in the connectivity data (Fig 4, as quantified by the variance explained within the
Isomap manifold). The datasets contain more variance along the first two dimensions (Fig 4I)
as compared to the shuffled data with preserved in- and out- degrees [44]. In addition, the
individual glomerular connectivities, when embedded into a curved 2D manifold are situated
in closely matching locations in the two flies (Fig 4], RMSD = 47.2 versus RMSD = 83.5 for
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Fig 4. Non-random low-dimensional structure in PN-KC connectivity that is conserved across animals. A, B.
Glomerulus-KC connectivity matrices from FlyEM and FAFB datasets. C, D: Glomerulus-glomerulus connectivity
similarities (Pearson correlations of connectivities). E. Glomerulus-glomerulus connectivity similarities in two datasets
against each other. The correlation in glomerulus-glomerulus connectivity similarities is r = 0.47 (p<0.01). F.
Similarity between datasets disappears if one of the datasets is shuffled while preserving the connectivity matrix in- and
out- degrees (right)[44]. We observed that the average correlations for bootstrapped connectivity data in which KCs
were selected with repetitions is somewhat lower than for the intact data in panel E. G. Variance explained per
dimension as a function of the PCA dimension (inset-total cumulative variance explained). PCA analysis shows that
the first two linear dimensions are significantly different from random. H. Connectivity matrices in two datasets
projected onto the first two dimensions. Points represent individual glomeruli. The same glomeruli in two datasets
(different animals) are connected by black segments and reside near each other in the 2D embedding suggesting that
the first two dimensions of the connectivity matrix are conserved across datasets. I, J. The same analysis using a non-
linear low-dimensional embedding technique (Isomap) shows that the first two dimensions in the connectivity data
are both different from random (I), explain more variance in the data than the linear algorithm (PCA), and are
conserved across datasets (J). The number of nearest neighbors for the Isomap algorithm (inset) was chosen as
described in Methods H in S1 Text.

https://doi.org/10.1371/journal.pcbi.1012379.9004

shuffled data, p<107>, t-test), suggesting that the structure of PN-KC connectivity is preserved
between different individual animals within the same species. Overall, our findings demon-
strate that the glomerulus-KC connectivity contains low-dimensional structure, as hypothe-
sized in our primacy theory. Such connectivity structure can be identified in two different
animals, suggesting that it is specified genetically. The structure is eliminated by the random
shuffling of data which argues against the hypothesis of fully random OR-KC connectivity.

Is this conserved structure related to OR affinities for odorants? Above, we suggested that
individual KCs integrate inputs from ORs displaying high affinities for certain odorants (Fig
3). This hypothesis, listed above as prediction ii), can be tested by comparing the connectivity
data (FIyEM, Fig 5A) with the DoOR dataset[46] (Fig 5B). DoOR contains the most substantial
description of Drosophila OR-ligand affinities available. Although not all OR-ligand pairs are
present in the data (Fig 5B), we can compute approximations of the primacy sets for 156 odor-
ants. To compare the odor response data to the connectivity data, we first performed an analy-
sis of the OR-OR similarity matrices in terms of their connections to KCs and in terms of their
participation in the primacy sets. If KCs integrate inputs from high-affinity (primacy) ORs, the
matrix of OR-OR similarities in connectivity (Fig 5C) is expected to be correlated with the
OR-OR primacy similarities (Fig 5D). First, from the OR affinity matrix (Fig 5B, left panel), we
computed the primacy matrix for primacy number p = 5 (Fig 5B right panel). In this matrix,
each element is equal to one if the given OR belongs to the set of p = 5 strongest responders to
the given odorant and zero otherwise. Using this primacy matrix we calculated the OR-OR
correlation matrix and compared it to the OR-OR connectivity correlation matrix for the sub-
set of glomeruli with a single OR input. We found that the two matrices are significantly corre-
lated (R = 0.185, p<10™*), which suggests a relationship between the high-affinity sets of ORs
and the OR-KC connectivity. The low value of the Pearson correlation is expected here since
we do not have access to the entire set of odorants ethologically relevant to the species and not
all OR-ligand pairs are present in the data (Fig 5B). The results of this analysis carried out for
other values of the primacy number p = 1-8 are shown in S5 Fig.

Can we directly compare the OR-KC connectivity matrices to the primacy sets of the odor-
ants present in the DoOR dataset? To perform this analysis, for each KC, we computed the
overlaps (matrix product along the shared dimension) between the connectivity data and the
primacy sets of ORs for each of the 156 odors present in the DoOR data. We can then find, for
every odorant, a ‘grandmother’ KC (gKC, Fig 3A and 3B), i.e. the KC for which the overlap
between its connectivity with the primacy OR set for this odorant is the highest. Using this
procedure, we can find 156 gKCs for each of the odorants present in the DoOR dataset and the
156 corresponding overlaps. According to primacy theory, the KCs should integrate inputs
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from primacy sets, so the overlaps between the gKC connections and the primacy sets are
expected to be higher than for random connectivity. We find, however, no enrichment in the
overlaps between connections and primacy sets for 156 gKCs identified in data compared to a
randomly shuffled connectivity [44] (Fig 5F, FDR adjusted p-value (q-value) > 0.05). This
finding suggests that the processing of the primacy information in the AL-MB network may
not be based on the ‘grandmother’ KC mechanism (Fig 3A and 3B).

Individual odorants activate >50 KCs in the MB [47, 48], suggesting that the population of
KCs may represent different subsets of the primacy set for the odorants (Fig 3C). We suggested
that these subsets can be viewed as individual faces of the primacy simplex [Eq (6), Fig 3C].
This mechanism is more robust than the one based on gKCs, in which only one cell is activated
in the MB representing the primacy simplex. To test this population-based mechanism, for
each odorant, we identified not one but 50 KCs with the highest overlaps between connections
and primacy sets of ORs. We thus evaluated 156 x 50 values of overlaps between connectivity
and primacy sets for the odorants in the DoOR dataset. We have found a substantial enrich-
ment in the number of higher overlap scores for the FIyEM connectivity compared to random-
ized connectivity matrices [44] (Fig 5H, FDR q<0.05). The enrichment can be seen in the
presence of the red (positive) band to the right of the blue band in Fig 5H indicating a larger
number of higher overlaps compared to the random case. The enrichment in the overlaps
between OR-KC connectivity and primacy sets is observed for responsive KC population sizes
as low as 10 (Fig 5G) and primacy numbers in the range between 2 and 5. These findings indi-
cate that, for individual odorants, a population of KCs has connectivity that is correlated with
the primacy sets of ORs for this odor (Fig 3C), rather than individual gKC (Fig 3A and 3B).
This correlation is significantly higher than that observed for randomized connectivity with
preserved in- and out-degrees. We analyzed the sensitivity of our analysis to the missing
entries in the DoOR dataset in S6 Fig. Collectively, our analyses support our hypotheses
regarding the processing of primacy information in the fly olfactory system by confirming i)
the presence of a low-dimensional structure in the feedforward connectivity that is shared
across individual members of a species, and ii) that individual KCs integrate inputs from ORs
with high affinity for an odorant (elements of primacy sets).

Discussion

How can the nervous system link the representation of the same odorant at low and high con-
centrations? According to the primacy model, the odor identity is encoded by the OR types
with the highest affinity for a given odorant, i.e., the primacy set of ORs. In air-breathing ani-
mals, odor exposure is defined by a sniff cycle, and the primacy set is activated at the beginning
of a sniff cycle. As such, the primacy set is expected to be invariant to the ambient odor con-
centration and can link odor identity percepts across concentrations.

Hopfield proposed a model that attributes an odor identity to the sequence of receptor neu-
ron activation [49]. In his model, an increase in odorant concentration leads to a temporal shift
in the entire OR activity pattern [30, 50-52]. However, it is not clear how such a model can pro-
cess the additional signals from the receptors that were not activated at low concentrations but
are recruited at higher concentrations. Alternative models of concentration invariant identity
assignment based on the normalization of bulbar responses may only partially solve this prob-
lem [53-56]. Indeed, such a normalization requires integration of the inputs across all channels,
or glomeruli [57] including those that are activated later in the sniff cycle [58]. Such mecha-
nisms seem to preclude odor-guided decisions based on early olfactory inputs [25, 59].

Several lines of experimental evidence support the primacy coding mechanism. To discrim-
inate two odorants, animals use the information accumulated during a short temporal window
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Fig 5. Comparing connectivity and affinity data. A. OR-KC connectivity matrix (FlyEM dataset). B. Left: OR-
odorant affinities (from DoORv2 dataset). Gray represents missing values of affinities. Right: OR-odorant primacy
matrix for p = 5. C. OR-OR similarities (Pearson correlations) computed from connectivity data for 37 ORs
represented in affinity data. D. OR-OR similarities (Pearson) computed from affinity data. The off-diagonal elements
of matrices in C and D are correlated (R = 0.185, p < 10~*). E. Schematic showing the overlap matrix computed by
matrix multiplication of connectivity and primacy matrices (p = 5). F. The difference in the number of actual overlaps
of a given degree and the number of overlaps for a randomly shuffled connectivity matrix [44]. The difference is
computed for different primacy numbers. Only the KCs with the highest overlap per odor (gKC) are considered. No
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statistically significant difference is observed. G. As in (F), but for the 10 topmost KCs per odor. Statistically significant
differences are enclosed by a dashed red line (FDR<0.05). H. As in (G), but for the 50 topmost KCs per odor.

https://doi.org/10.1371/journal.pcbi.1012379.9005

(~100 ms) at the beginning of the sniff cycle [25] and make these decisions before the entire
ensemble of olfactory glomeruli is activated [58]. These odorants were presented at random
concentrations. Similarly, the concentration-invariant cortical representations are found to be
formed early in the sniff cycle [27]. A recent study, in which the timing of receptor activation
was controlled optogenetically, demonstrated higher relevance of early activated glomeruli for
sensory object identification [28]. Earlier studies in insects showed that the neural activity tra-
jectories, in response to odor stimuli, diverge quickly for different odorants, but, initially, go
together for the same odorant at different concentrations [60]. These results are consistent
with the primacy coding mechanism.

The primacy model defines the primacy set as either the set of the most sensitive receptor
types (affinity primacy) or as a set of the earliest activated receptor types/glomeruli (temporal
primacy). In this study, we assumed that affinity and latency are highly correlated. While this
is a reasonable assumption, OR activation latency may be affected by factors other than affin-
ity, such as the solubility of an odorant in the mucosal layer [61] or the receptor distribution in
the epithelium. Although the conclusions of the primacy theory are valid for both affinity and
latency-based coding mechanisms, different forms of primacy may exist in different species.
For example, in animals with a slow sniffing cycle, such as fish, affinity-based primacy may be
a viable mechanism.

In addition to the primacy coding hypothesis, we proposed the hypothesis that the olfactory
system samples a low-dimensional subspace in the space of odorant properties. We concluded
that if olfactory space is low-dimensional and odorant identities are encoded according to a pri-
macy code, evolutionary dynamics will drive ORs to reside along a thin high-affinity boundary
that we call the primacy hull. In this model, the ORs that do not have a high affinity for any of
the features of interest to the olfactory system will ultimately be pseudogenized. Thus, both the
primacy and low-dimensionality assumptions are necessary for the primacy hull to exist. If, for
example, the olfactory space is instead high-dimensional, the primacy mechanism may still be
valid [25]. In this case, every OR can be a member of the primacy set, and, thus, evolution will
favor the retention of all of the ORs in the genome. The hypothesis of the low-dimensional stim-
ulus space may also be compatible with alternatives to the primacy coding mechanisms. Pri-
macy and low dimensionality are therefore two independent assumptions of our model.

Besides these two main assumptions, we have made many other simplifications that are fre-
quently made in the olfactory literature. For example, we assumed that receptor activation by odor-
ant mixtures follows a simple linear-nonlinear (LN) relationship [Eq (2)]. Although this
approximation is conventional [36, 62, 63], in light of the significant recent work exploring the
effects of non-linear interactions between mixture components [29, 30, 64-66], we present an anal-
ysis of a more complex mixture model in Methods D in S1 Text. In the low concentration regime,
in which the primacy sets are determined, we recover OR activations similar to Eq (2), which justi-
fies our use of this equation to describe primacy. The formation of the primacy hull is based on the
assumption that most of the ORs that do not carry an olfactory function are eliminated in the
course of evolution (pseudogenized). This assumption seems to be supported by the almost com-
plete loss of ORs by aquatic mammals, such as dolphins and toothed whales [67]. If a substantial
fraction of ORs were involved in non-olfactory functions, such a loss would not be possible.

The early identification of a predator or food source is a factor of evolutionary importance;
by relying only on the highest affinity or shortest latency OR channels, the primacy code opti-
mizes for the speed of percept formation. On the timescales of a single sniff, the primacy
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coding provides a quick and robust mechanism for identifying an odorant irrespective of the
concentration at which it is encountered. An air-breathing animal may also increase the accu-
racy of its odor identification by sampling over several sniff cycles and integrating the informa-
tion to support a slower but potentially more accurate olfactory decisions. This speed-accuracy
tradeoff in olfaction has been previously explored [68] and does not contradict the primacy
mechanism, which operates on the time scales of a single sniff.

The primacy code involves the selective integration of early (primary) OR responses using
structured feedforward circuit mechanism (Fig 3). After the first primacy set of ORs is acti-
vated, the effects of subsequent primacy sets need to be eliminated, for example, through the
use of recurrent inhibition either in the OB [26] or in the cortex [25, 27]. In the OB, the early
activated glomeruli send signals to the cortex via mitral/tufted (MT) cells. Early MT cells acti-
vate an inhibitory bulbar network and may scramble or suppress the information from later
activated MT cells [26]. Further in the cortex, early responses drive activity in a population of
excitatory cells, which activate inhibitory interneurons via recurrent connections [27]. This
results in ‘global’ inhibition in the PC, which suppresses the contributions from later respond-
ing (non-primary) ORs. This mechanism may implement a p-winner-takes-all (pWTA) circuit
[25]. The primacy number could therefore reflect the average number of OR inputs necessary
to drive global inhibition and produce a stable representation in the PC or MB. The primacy
number may not be fixed across different odorants. The number of OSNs and MT cells per
OR type can vary widely [69, 70] leading to differences in the excitatory drive provided by dif-
ferent OR channels. Assuming a fixed threshold for activating the global inhibitory shutdown
of later responses, this would imply that the p-number for an odorant depends on the OR
channels that it activates early in the sniff cycle. For example, if an odorant primarily activates
ORs that are overrepresented at the OSN, glomerular, and MT levels at the start of the sniff
cycle, one expects the primacy number to be lower than the average. The effective primacy
number may also change if the cortical network structure results in different effective thresh-
olds for different odorants or via adaptation of the number of OSNs per OR channel at the epi-
thelium to sensory scene statistics [69]. In such cases, a stable odorant representation in the
PC/MB may still be achieved by pattern completion networks [32, 71], which can compensate
for degraded or incomplete inputs.

Our model makes two specific predictions regarding the structure of the connectivity in the
early olfactory system (AL to MB in insects or OB to PC cells in vertebrates). We proposed
that primacy information is processed by neurons in the target region (MB or PC) integrating
inputs from ORs belonging to primacy sets. In this model, target neurons respond to activa-
tions of subsets of the primacy set (Fig 3C), which makes the representations of odor identity
in the target region robust to noise. Indeed, if a PC neuron corresponding to a particular sub-
set of the primacy OR set is not activated due to fluctuations in the inputs, this PC neuron may
still be pushed over the activation threshold by the associative excitatory circuit in the PC. This
prediction yields at least two corollaries. First, the low-dimensional structure of the odor space
tessellated by the primacy sets should be present in the connectivity structure. As such, it can
be revealed by a conventional dimensionality reduction method, such as PCA or Isomap. Sec-
ond, the feedforward connectivity should be correlated with OR responses: PC/MB neurons
should tend to receive inputs from subsets of the primacy sets for specific odorants. We have
tested these predictions using two recently obtained datasets on connectivity in the D. Melano-
gaster olfactory system [42, 43] and the data on OR-odor affinities [46]. First, we found that
connectivity data from two individual flies contains a similar low-dimensional structure. Sec-
ond, we found that MB Kenyon cells are more likely to receive connections from high-affinity
(primacy) sets of receptors for individual odorants. These observations are consistent with the
primacy coding hypothesis.
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Several theories have been proposed to describe the connectivity in the D. Melanogaster
olfactory system. Many models assume that the early olfactory system performs a form of com-
pressed sensing (CS) [33, 72-77]. These models assume that odorant mixtures can be viewed
as sparse signals in terms of their molecular composition. These signals are compressed into a
denser vector of OR responses which is accomplished by multiplying them with the ligand-OR
affinity sensing matrix [Eq (2)]. Due to the requirement of the CS algorithm, the affinity matrix
is expected to be random, or, at least, lack low-dimensional structure [78]. This approach
allowed us to estimate the number of OR needed for lossless sparse encoding using the
Donoho-Tanner theorem [33, 78]. In many of these models, the function of the early olfactory
system is to perform the decoding of the compressed signal. To accomplish this step, in these
models, the feedforward OB-PC (or AL-MB) connectivity represents the sensing matrix, i.e.
the odorant-OR affinity matrix. Since the CS approach requires the sensing matrix to be ran-
dom, these theories involve unstructured connectivity between OB/AL and PC/MB. Zavatone-
Veth et al. [72] have used neural recordings to constrain the variance of the elements of the
sensing matrix. The low-dimensional structure of the affinity between ligands and receptors
was not incorporated into that model. Zhang and Sharpee [76] proposed a feedforward-only
model for decoding the sparse vector of molecular concentrations. As in other CS-based theo-
ries, the feedforward connectivity in this model mimics the random affinity matrix. A straight-
forward prediction of the CS-based models would include a correlation between connectivity
and affinity matrices (Fig 5C and 5D), with a lack of low-dimensional structure in connectivity
(Fig 4I). Grabska-Barwinska et al. [37] proposed a theory in which PC cell activity represents
marginal probabilities of single molecules to be present in the mixture. The OB-PC connectiv-
ity in their model is given by the OR-ligand affinity matrix. Pehlevan et al. [79] developed a
theory in which the AL-MB network implements an unsupervised clustering algorithm which
is derived from the k-means cost function. The vector of PN-KC synaptic weights converging
onto a given KC represents the corresponding cluster centroid. The implications of their learn-
ing rule for the feedforward connectivity are yet to be explored. Several groups have proposed
that the fruit fly olfactory circuit solves the similarity search problem using a variant of the
locality-sensitive hashing algorithm [47, 80]. This algorithm relies on a random and sparse
AL-MB matrix. Thus, a significant class of theories explores the implications of unstructured
(random) connectivity for olfactory processing [25, 81-83]. The interpretation of the fruit fly
connectivity data in the context of the theories based on random sensing deserves further thor-
ough investigation. Kepple et al. [33] have used duality to derive the circuit implementing CS
using primacy conditions. They found that the feedforward connectivity matrix should con-
tain primacy sets. In their case, the affinity matrix was unstructured and of a high rank as in
the other theoretical studies. Here, we generalized this idea to the feedforward connectivity in
the case of low rank affinity matrix (Fig 3). This prediction was supported by the fly connectiv-
ity data (Figs 4 and 5). The optimal algorithm for deducing the relevant features of the olfac-
tory stimuli in the case of low rank affinities is beyond the scope of the present study.

Recently, Zheng et al. [43] characterized the structured component in the PN-to-MB
connectivity matrix. They found a structure derived from a set of food-related glomeruli
converging on KCs more frequently than would be expected under null models. This result
is in agreement with the analysis presented here. First, this over-convergence is reflected in
the principal component analysis of the AL-MB connectivity matrix, in which food-related
glomeruli are colocalized along the first dimension (S1 Fig). The second principal compo-
nent of connectivity, however, is not related to food (S1 Fig). As both the first and the sec-
ond principal components are statistically significantly different from random, the over-
convergence of food-related glomeruli does not fully account for the observed structure in
the connectivity matrix. Second, food-related glomeruli may have a wider role in the
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combinatorial coding of other not necessarily food-related odors. We may interpret these
over-converging glomeruli as the important vertices/simplexes of the primacy hull encoded
in the connectivity.

Overall, we have explored the implications of the primacy model [25] which yields concen-
tration-invariant odor identity representations based on the ORs most sensitive to a given
odorant. We assumed that the receptors sample a low-dimensional space of odorant properties
relevant to the organism’s fitness. We argue that the evolutionary pressure to represent odor-
ants according to a primacy code leads to the arrangement of OR types along a high-affinity
surface called a primacy hull. Our multimodal analysis of fly olfactory datasets supports our
predictions about the implications of primacy coding for olfactory circuit organization.

Methods

Our methods are described in S1 Text.

Supporting information

S§1 Text. Supplementary methods.
(DOCX)

S1 Fig. Functional significance of non-random features of connectivity in FlyEM and
FAFB datasets. (A) Glomeruli placed in the connectivity’s 2D PCA space. The same glomeruli
in two datasets are connected by lines. Glomeruli are colored according to their function as
indicated. The first PC of connectivity appears to be related to food-sensitive glomeruli, while
the second PC is unrelated to food. (B-D) Three first PCs for the two datasets plotted against
each other. The first two PCs (B and C) are conserved between FlyEM and FAFB datasets

(R =0.92 and 0.78), while the third PC appears to be random. This indicates that only the first
two PCs of connectivity are conserved across individual animals. (E-H) For randomly shuffled
connectivity matrices, none of the principal components are conserved across individuals.
(PDF)

S2 Fig. The first two PCs of connectivity cannot be explained by the in-degree of the KCs.
Instead, they are related to the connectivity structure. (A) Binarized connectivity matrix in
FlyEM dataset with both ORs and KCs sorted according to their contribution to the first PC
(PC1). ORs with similar PC1 appear to have stronger connectivity, suggesting that the struc-
ture of OR-KC connections determines the contribution of ORs to a PC. (B) The number of
connections made by KC in the binarized matrix does not have a clear monotonic dependence
on PCL1. Thus, the first PC is not produced by differences in the KC in-degree. (C, D) Same for
PC2. A diagonal band along the diagonal in the sorted connectivity matrices in (A) and (C)
indicates that ORs are connected to specific groups of KC, which determines both PC1s. Thus
PC1 and PC2 emerge from a specific connectivity structure. (E-H) The same analysis in the
randomized matrices shows that the first PC is correlated with the KC in-degree (F).

(PDF)

S3 Fig. Results of brute force alignment of connectivity datasets. (A) Two connectivity data-
sets aligned using the simulated annealing algorithm. (B) Same for two randomly shuffled con-
nectivity matrices. (C) Even randomly shuffled connectivity matrices share ~77% of synapses,
when aligned. Unshuffled connectivity matrices share ~78% synapses. (D) Hamming distances
between aligned KCs. Only 16 KCs are an exact match (H = 0) versus 6 KCs in the randomly
shuffled case.

(PDF)
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$4 Fig. Glomeruli and their cognate odorant receptors. Each glomerulus in the Drosophila
antennal lobe receives input from specific OR types. The majority receive input from only a
single odorant-responsive receptor type, however some glomeruli, e.g. DL1, receive converg-
ing input from >1 OR type. Left: OR types present in the DoOR dataset are represented by a
filled green circle, while a blue circle represents those ORs missing from the DoOR. Right: Glo-
meruli that are included in Figs 4 and S1 are labeled in bold and those that are included in our
analysis of DoOR data (Fig 5) are labeled in bold red. Based on data from [13] (S1 Text).
(PDF)

S5 Fig. Sensitivity of correlations (Fi 5C and D) to the choice of the primacy number. Left:
OR-OR Pearson correlation matrices for FlyEM and FAFB connectivity data (37 glomeruli).
Right: OR-OR Pearson correlation matrices for primacy sets in DoOR affinity data shown for a
range of primacy numbers. Correlations between connectivity and primacy sets are reported
for FIyEM (in purple) and FAFB (in green). Statistically significant correlation coefficients are
recorded for a range of primacy numbers.

(PDF)

S6 Fig. Sensitivity of our findings in Fig 5 to missing data. We first generate i) a surrogate
affinity matrix with similar statistical properties to the DoOR dataset and ii) a related surrogate
connectivity dataset. Both datasets are related via the same primacy hull (see Section S10
above). We impose the same missing structure on the surrogate affinity data as observed in the
empirical DoOR data and observe that the proposed overlap test can indeed detect the shared
primacy hull.

(PDF)

Acknowledgments
We thank Davy D. Bock for making fly connectivity data available to us prior to publication.

Author Contributions

Conceptualization: Hamza Giaffar, Sergey Shuvaev, Dmitry Rinberg, Alexei A. Koulakov.
Formal analysis: Hamza Giaffar, Sergey Shuvaev, Dmitry Rinberg, Alexei A. Koulakov.
Investigation: Hamza Giaffar, Sergey Shuvaev, Dmitry Rinberg, Alexei A. Koulakov.
Methodology: Hamza Giaffar, Sergey Shuvaev, Dmitry Rinberg, Alexei A. Koulakov.
Supervision: Alexei A. Koulakov.

Validation: Hamza Giaffar, Sergey Shuvaev, Dmitry Rinberg, Alexei A. Koulakov.
Visualization: Hamza Giaffar, Sergey Shuvaev, Dmitry Rinberg, Alexei A. Koulakov.

Writing - original draft: Hamza Giaffar, Sergey Shuvaev, Dmitry Rinberg, Alexei A.
Koulakov.

Writing - review & editing: Hamza Giaffar, Sergey Shuvaev, Dmitry Rinberg, Alexei A.
Koulakov.

References

1. NiimuraY, Matsui A, Touhara K. Extreme expansion of the olfactory receptor gene repertoire in African
elephants and evolutionary dynamics of orthologous gene groups in 13 placental mammals. Genome
Res. 2014; 24(9):1485-96. Epub 20140722. https://doi.org/10.1101/gr.169532.113 PMID: 25053675;
PubMed Central PMCID: PMC4158756.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012379  September 10, 2024 19/23


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012379.s005
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012379.s006
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012379.s007
https://doi.org/10.1101/gr.169532.113
http://www.ncbi.nlm.nih.gov/pubmed/25053675
https://doi.org/10.1371/journal.pcbi.1012379

PLOS COMPUTATIONAL BIOLOGY The primacy model and the structure of olfactory space

2. Clyne PJ, Warr CG, Freeman MR, Lessing D, Kim J, Carlson JR. A novel family of divergent seven-
transmembrane proteins: candidate odorant receptors in Drosophila. Neuron. 1999; 22(2):327-38.
https://doi.org/10.1016/s0896-6273(00)81093-4 PMID: 10069338.

3. Vosshall LB, Amrein H, Morozov PS, Rzhetsky A, Axel R. A spatial map of olfactory receptor expression
in the Drosophila antenna. Cell. 1999; 96(5):725-36. https://doi.org/10.1016/s0092-8674(00)80582-6
PMID: 10089887.

4. Depetris-Chauvin A, Galagovsky D, Grosjean Y. Chemicals and chemoreceptors: ecologically relevant
signals driving behavior in Drosophila. Frontiers in Ecology and Evolution. 2015;3. https://doi.org/10.
3389/fev0.2015.00041

5. Zhang X, Firestein S. The olfactory receptor gene superfamily of the mouse. Nat Neurosci. 2002; 5
(2):124-33. https://doi.org/10.1038/nn800 PMID: 11802173.

6. BuckL, Axel R. A novel multigene family may encode odorant receptors: a molecular basis for odor rec-
ognition. Cell. 1991; 65(1):175-87. https://doi.org/10.1016/0092-8674(91)90418-x PMID: 1840504.

7. Haddad R, Weiss T, Khan R, Nadler B, Mandairon N, Bensafi M, et al. Global features of neural activity
in the olfactory system form a parallel code that predicts olfactory behavior and perception. J Neurosci.
2010; 30(27):9017-26. https://doi.org/10.1523/JNEUROSCI.0398-10.2010 PMID: 20610736; PubMed
Central PMCID: PMC6632474.

8. Koulakov AA, Kolterman BE, Enikolopov AG, Rinberg D. In search of the structure of human olfactory
space. Front Syst Neurosci. 2011; 5:65. https://doi.org/10.3389/fnsys.2011.00065 PMID: 21954378;
PubMed Central PMCID: PMC3173711.

9. ZhouY, Smith BH, Sharpee TO. Hyperbolic geometry of the olfactory space. Sci Adv. 2018; 4(8):
eaaq1458. Epub 20180829. https://doi.org/10.1126/sciadv.aaq1458 PMID: 30167457; PubMed Central
PMCID: PMC6114987.

10. Khan RM, Luk CH, Flinker A, Aggarwal A, Lapid H, Haddad R, et al. Predicting odor pleasantness from
odorant structure: pleasantness as a reflection of the physical world. J Neurosci. 2007; 27(37):10015—
23. https://doi.org/10.1523/JNEUROSCI.1158-07.2007 PMID: 17855616; PubMed Central PMCID:
PMC6672642.

11. Ravia A, Snitz K, Honigstein D, Finkel M, Zirler R, Perl O, et al. A measure of smell enables the creation
of olfactory metamers. Nature. 2020; 588(7836):118-23. Epub 20201111. https://doi.org/10.1038/
s41586-020-2891-7 PMID: 33177711.

12. Ache BW, Young J.M. Olfaction: Diverse Species, Conserved Principles. Neuron. 2005; 48(3):417-30.

13. Secundo LS, K. Sobel N. The perceptual logic of smell. Current Opinion in Neurobiology. 2014; 25:107—
15. https://doi.org/10.1016/j.conb.2013.12.010 PMID: 24440370

14. Dunkel A, Steinhaus M, Kotthoff M, Nowak B, Krautwurst D, Schieberle P, et al. Nature’s chemical sig-
natures in human olfaction: a foodborne perspective for future biotechnology. Angew Chem Int Ed Engl.
2014; 53(28):7124-43. Epub 2014/06/19. https://doi.org/10.1002/anie.201309508 PMID: 24939725.

15. Grosch W. Evaluation of the Key Odorants of Foods by Dilution Experiments, Aroma Models and Omis-
sion. Chemical Senses. 26:533—45. https://doi.org/10.1093/chemse/26.5.533 PMID: 11418500

16. Thomas-Danguin T, Sinding C, Romagny S, El Mountassir F, Atanasova B, Le Berre E, et al. The per-
ception of odor objects in everyday life: a review on the processing of odor mixtures. Front Psychol.
2014; 5:504. Epub 2014/06/12. https://doi.org/10.3389/fpsyg.2014.00504 PMID: 24917831; PubMed
Central PMCID: PMC4040494.

17. Cleland TA. Construction of odor representations by olfactory bulb microcircuits. Prog Brain Res. 2014;
208:177-2083. https://doi.org/10.1016/B978-0-444-63350-7.00007-3 PMID: 24767483.

18. Uchida NM Z. F. Odor concentration invariance by chemical ratio coding. Front Syst Neurosci. 2007; 1
(3).

19. Krone D, Mannel M., Pauli E. & Hummel T. Qualitative and quantitative olfactometric evaluation of dif-
ferent concentrations of ethanol peppermint oil solutions. Phytother Res. 2001; 15:135-8. https://doi.
org/10.1002/ptr.716 PMID: 11268113

20. Bhagavan SS B. H. Olfactory conditioning in the honey bee, Apis mellifera:effects of odor intensity. Phy-
siol Behav. 1997; 61:107—17. https://doi.org/10.1016/s0031-9384(96)00357-5 PMID: 8976540

21. Gross-Isseroff RL D. Concentration-dependent changes of perceived odor quality. Chem Senses.
1988; 13:191-204.

22. BozzaT, McGann JP, Mombaerts P, Wachowiak M. In vivo imaging of neuronal activity by targeted
expression of a genetically encoded probe in the mouse. Neuron. 2004; 42(1):9-21. https://doi.org/10.
1016/s0896-6273(04)00144-8 PMID: 15066261.

23. Koulakov A, Gelperin A, Rinberg D. Olfactory coding with all-or-nothing glomeruli. J Neurophysiol.
2007; 98(6):3134—42. https://doi.org/10.1152/jn.00560.2007 PMID: 17855585.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012379  September 10, 2024 20/23


https://doi.org/10.1016/s0896-6273%2800%2981093-4
http://www.ncbi.nlm.nih.gov/pubmed/10069338
https://doi.org/10.1016/s0092-8674%2800%2980582-6
http://www.ncbi.nlm.nih.gov/pubmed/10089887
https://doi.org/10.3389/fevo.2015.00041
https://doi.org/10.3389/fevo.2015.00041
https://doi.org/10.1038/nn800
http://www.ncbi.nlm.nih.gov/pubmed/11802173
https://doi.org/10.1016/0092-8674%2891%2990418-x
http://www.ncbi.nlm.nih.gov/pubmed/1840504
https://doi.org/10.1523/JNEUROSCI.0398-10.2010
http://www.ncbi.nlm.nih.gov/pubmed/20610736
https://doi.org/10.3389/fnsys.2011.00065
http://www.ncbi.nlm.nih.gov/pubmed/21954378
https://doi.org/10.1126/sciadv.aaq1458
http://www.ncbi.nlm.nih.gov/pubmed/30167457
https://doi.org/10.1523/JNEUROSCI.1158-07.2007
http://www.ncbi.nlm.nih.gov/pubmed/17855616
https://doi.org/10.1038/s41586-020-2891-7
https://doi.org/10.1038/s41586-020-2891-7
http://www.ncbi.nlm.nih.gov/pubmed/33177711
https://doi.org/10.1016/j.conb.2013.12.010
http://www.ncbi.nlm.nih.gov/pubmed/24440370
https://doi.org/10.1002/anie.201309508
http://www.ncbi.nlm.nih.gov/pubmed/24939725
https://doi.org/10.1093/chemse/26.5.533
http://www.ncbi.nlm.nih.gov/pubmed/11418500
https://doi.org/10.3389/fpsyg.2014.00504
http://www.ncbi.nlm.nih.gov/pubmed/24917831
https://doi.org/10.1016/B978-0-444-63350-7.00007-3
http://www.ncbi.nlm.nih.gov/pubmed/24767483
https://doi.org/10.1002/ptr.716
https://doi.org/10.1002/ptr.716
http://www.ncbi.nlm.nih.gov/pubmed/11268113
https://doi.org/10.1016/s0031-9384%2896%2900357-5
http://www.ncbi.nlm.nih.gov/pubmed/8976540
https://doi.org/10.1016/s0896-6273%2804%2900144-8
https://doi.org/10.1016/s0896-6273%2804%2900144-8
http://www.ncbi.nlm.nih.gov/pubmed/15066261
https://doi.org/10.1152/jn.00560.2007
http://www.ncbi.nlm.nih.gov/pubmed/17855585
https://doi.org/10.1371/journal.pcbi.1012379

PLOS COMPUTATIONAL BIOLOGY The primacy model and the structure of olfactory space

24. Duchamp-Viret P, Duchamp A, Chaput MA. Peripheral odor coding in the rat and frog: quality and inten-
sity specification. J Neurosci. 2000; 20(6):2383-90. https://doi.org/10.1523/JNEUROSCI.20-06-02383.
2000 PMID: 10704512; PubMed Central PMCID: PMC6772510.

25. Wilson CD, Serrano GO, Koulakov AA, Rinberg D. A primacy code for odor identity. Nat Commun.
2017; 8(1):1477. Epub 2017/11/15. https://doi.org/10.1038/s41467-017-01432-4 PMID: 29133907;
PubMed Central PMCID: PMC5684307.

26. Arneodo EM, Penikis KB, Rabinowitz N, Licata A, Cichy A, Zhang J, et al. Stimulus dependent diversity
and stereotypy in the output of an olfactory functional unit. Nat Commun. 2018; 9(1):1347. Epub
20180409. https://doi.org/10.1038/s41467-018-03837-1 PMID: 29632302; PubMed Central PMCID:
PMC5890244.

27. Bolding KA, Franks KM. Recurrent cortical circuits implement concentration-invariant odor coding. Sci-
ence. 2018; 361(6407). https://doi.org/10.1126/science.aat6904 PMID: 30213885; PubMed Central
PMCID: PMC6492549.

28. Chong E, Moroni M, Wilson C, Shoham S, Panzeri S, Rinberg D. Manipulating synthetic optogenetic
odors reveals the coding logic of olfactory perception. Science. 2020; 368(6497). https://doi.org/10.
1126/science.aba2357 PMID: 32554567; PubMed Central PMCID: PMC8237706.

29. Gautam Reddy JDZ, Massimo Vergassola, Venkatesh N Murthy Antagonism in olfactory receptor neu-
rons and its implications for the perception of odor mixtures. eLife. 2018; 7:€34958.

30. Singh V, Murphy NR, Balasubramanian V, Mainland JD. Competitive binding predicts nonlinear
responses of olfactory receptors to complex mixtures. Proc Natl Acad Sci U S A. 2019; 116(19):9598—
603. Epub 20190418. https://doi.org/10.1073/pnas.1813230116 PMID: 31000595; PubMed Central
PMCID: PMC6511041.

31. Kim SK, Goddard WA 3rd., Predicted 3D structures of olfactory receptors with details of odorant binding
to OR1G1. J Comput Aided Mol Des. 2014; 28(12):1175-90. https://doi.org/10.1007/s10822-014-9793-
4 PMID: 25224127.

32. Hopfield JJ. Odor space and olfactory processing: collective algorithms and neural implementation.
Proc Natl Acad Sci U S A. 1999; 96(22):12506—11. https://doi.org/10.1073/pnas.96.22.12506 PMID:
10535952; PubMed Central PMCID: PMC22963.

33. Kepple DR, Giaffar H, Rinberg D, Koulakov AA. Deconstructing Odorant Identity via Primacy in Dual
Networks. Neural Comput. 2019; 31(4):710-37. Epub 20190214. https://doi.org/10.1162/neco_a_
01175 PMID: 30764743; PubMed Central PMCID: PMC7449618.

34. Mathis A, Rokni D, Kapoor V, Bethge M, Murthy VN. Reading Out Olfactory Receptors: Feedforward
Circuits Detect Odors in Mixtures without Demixing. Neuron. 2016; 91(5):1110-23. https://doi.org/10.
1016/j.neuron.2016.08.007 PMID: 27593177; PubMed Central PMCID: PMC5035545.

35. Zhang, Sharpee TO. A Robust Feedforward Model of the Olfactory System. PLoS Comput Biol. 2016;
12(4):e1004850. https://doi.org/10.1371/journal.pcbi.1004850 PMID: 2706544 1; PubMed Central
PMCID: PMC4827830.

36. Zwicker D, Murugan A, Brenner MP. Receptor arrays optimized for natural odor statistics. Proc Natl
Acad Sci U S A. 2016; 113(20):5570-5. https://doi.org/10.1073/pnas.1600357113 PMID: 27102871;
PubMed Central PMCID: PMC4878513.

37. Grabska-Barwinska A, Barthelme S, Beck J, Mainen ZF, Pouget A, Latham PE. A probabilistic
approach to demixing odors. Nat Neurosci. 2017; 20(1):98—106. https://doi.org/10.1038/nn.4444 PMID:
27918530.

38. Keller A, Gerkin RC, Guan Y, Dhurandhar A, Turu G, Szalai B, et al. Predicting human olfactory percep-
tion from chemical features of odor molecules. Science. 2017; 355(6327):820—-6. Epub 20170220.
https://doi.org/10.1126/science.aal2014 PMID: 28219971; PubMed Central PMCID: PMC5455768.

39. Poo Cl, S J. Odor representations in olfactory cortex: “sparse” coding, global inhibition and oscillations.
Neuron. 2009; 62(6):850—61. https://doi.org/10.1016/j.neuron.2009.05.022 PMID: 19555653

40. Stettler DDA R. Representations of Odor in the Piriform Cortex. Neuron. 2009; 63(6):854—64. https://
doi.org/10.1016/j.neuron.2009.09.005 PMID: 19778513

41. Pashkovski SL, lurilli G, Brann D, Chicharro D, Drummey K, Franks KM, et al. Structure and flexibility in
cortical representations of odour space. Nature. 2020; 583(7815):253—8. Epub 20200701. https://doi.
org/10.1038/s41586-020-2451-1 PMID: 32612230; PubMed Central PMCID: PMC7450987.

42. Scheffer LK, Xu, Shan Cet al. A connectome and analysis of the adult Drosophila central brain. eLife.
2020; 9. https://doi.org/10.7554/eLife.57443 PMID: 32880371

43. ZhengZ, LiF, Fisher C, Ali IJ, Sharifi N, Calle-Schuler S, et al. Structured sampling of olfactory input by
the fly mushroom body. Curr Biol. 2022; 32(15):3334—49 e6. Epub 20220706. https://doi.org/10.1016/j.
cub.2022.06.031 PMID: 35797998; PubMed Central PMCID: PMC9413950.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012379  September 10, 2024 21/23


https://doi.org/10.1523/JNEUROSCI.20-06-02383.2000
https://doi.org/10.1523/JNEUROSCI.20-06-02383.2000
http://www.ncbi.nlm.nih.gov/pubmed/10704512
https://doi.org/10.1038/s41467-017-01432-4
http://www.ncbi.nlm.nih.gov/pubmed/29133907
https://doi.org/10.1038/s41467-018-03837-1
http://www.ncbi.nlm.nih.gov/pubmed/29632302
https://doi.org/10.1126/science.aat6904
http://www.ncbi.nlm.nih.gov/pubmed/30213885
https://doi.org/10.1126/science.aba2357
https://doi.org/10.1126/science.aba2357
http://www.ncbi.nlm.nih.gov/pubmed/32554567
https://doi.org/10.1073/pnas.1813230116
http://www.ncbi.nlm.nih.gov/pubmed/31000595
https://doi.org/10.1007/s10822-014-9793-4
https://doi.org/10.1007/s10822-014-9793-4
http://www.ncbi.nlm.nih.gov/pubmed/25224127
https://doi.org/10.1073/pnas.96.22.12506
http://www.ncbi.nlm.nih.gov/pubmed/10535952
https://doi.org/10.1162/neco%5Fa%5F01175
https://doi.org/10.1162/neco%5Fa%5F01175
http://www.ncbi.nlm.nih.gov/pubmed/30764743
https://doi.org/10.1016/j.neuron.2016.08.007
https://doi.org/10.1016/j.neuron.2016.08.007
http://www.ncbi.nlm.nih.gov/pubmed/27593177
https://doi.org/10.1371/journal.pcbi.1004850
http://www.ncbi.nlm.nih.gov/pubmed/27065441
https://doi.org/10.1073/pnas.1600357113
http://www.ncbi.nlm.nih.gov/pubmed/27102871
https://doi.org/10.1038/nn.4444
http://www.ncbi.nlm.nih.gov/pubmed/27918530
https://doi.org/10.1126/science.aal2014
http://www.ncbi.nlm.nih.gov/pubmed/28219971
https://doi.org/10.1016/j.neuron.2009.05.022
http://www.ncbi.nlm.nih.gov/pubmed/19555653
https://doi.org/10.1016/j.neuron.2009.09.005
https://doi.org/10.1016/j.neuron.2009.09.005
http://www.ncbi.nlm.nih.gov/pubmed/19778513
https://doi.org/10.1038/s41586-020-2451-1
https://doi.org/10.1038/s41586-020-2451-1
http://www.ncbi.nlm.nih.gov/pubmed/32612230
https://doi.org/10.7554/eLife.57443
http://www.ncbi.nlm.nih.gov/pubmed/32880371
https://doi.org/10.1016/j.cub.2022.06.031
https://doi.org/10.1016/j.cub.2022.06.031
http://www.ncbi.nlm.nih.gov/pubmed/35797998
https://doi.org/10.1371/journal.pcbi.1012379

PLOS COMPUTATIONAL BIOLOGY

The primacy model and the structure of olfactory space

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

Caron SJ, Ruta V, Abbott LF, Axel R. Random convergence of olfactory inputs in the Drosophila mush-
room body. Nature. 2013; 497(7447):113-7. Epub 2013/04/26. https://doi.org/10.1038/nature 12063
PMID: 23615618; PubMed Central PMCID: PMC4148081.

Tenenbaum JB, de Silva V, Langford JC. A global geometric framework for nonlinear dimensionality
reduction. Science. 2000; 290(5500):2319-23. https://doi.org/10.1126/science.290.5500.2319 PMID:
11125149.

Minch DaG, Giovanni C. DoOR 2.0—Comprehensive Mapping of Drosophila melanogaster Odorant
Responses. Scientific Reports. 2016; 6. https://doi.org/10.1038/srep21841 PMID: 26912260

Dasgupta S, Stevens CF, Navlakha S. A neural algorithm for a fundamental computing problem. Sci-
ence. 2017; 358(6364):793-6. https://doi.org/10.1126/science.aam9868 PMID: 29123069.

Campbell RA, Honegger KS, Qin H, Li W, Demir E, Turner GC. Imaging a population code for odor iden-
tity in the Drosophila mushroom body. J Neurosci. 2013; 33(25):10568—-81. https://doi.org/10.1523/
JNEUROSCI.0682-12.2013 PMID: 23785169; PubMed Central PMCID: PMC3685844.

Hopfield JJ. Pattern recognition computation using action potential timing for stimulus representation.
Nature. 1995; 376(6535):33-6. https://doi.org/10.1038/376033a0 PMID: 7596429

Schaefer AT, Margrie TW. Spatiotemporal representations in the olfactory system. Trends in neurosci-
ences. 2007; 30(3):92—100. https://doi.org/10.1016/j.tins.2007.01.001 PMID: 17224191.

Margrie TW, Schaefer AT. Theta oscillation coupled spike latencies yield computational vigour in a
mammalian sensory system. The Journal of Physiology. 2003; 546(Pt 2):363—74. https://doi.org/10.
1113/jphysiol.2002.031245 PMID: 12527724.

Sirotin YB, Shusterman R, Rinberg D. Neural Coding of Perceived Odor Intensity. eNeuro. 2015; 2(6).
Epub 201512083. https://doi.org/10.1523/ENEURO.0083-15.2015 PMID: 26665162; PubMed Central
PMCID: PMC4672005.

Banerjee A, Marbach F, Anselmi F, Koh MS, Davis MB, Garcia da Silva P, et al. An Interglomerular Cir-
cuit Gates Glomerular Output and Implements Gain Control in the Mouse Olfactory Bulb. Neuron. 2015;
87(1):193-207. https://doi.org/10.1016/j.neuron.2015.06.019 PMID: 26139373; PubMed Central
PMCID: PMC4633092.

Miyamichi K, Shlomai-Fuchs Y, Shu M, Weissbourd BC, Luo L, Mizrahi A. Dissecting local circuits: par-
valbumin interneurons underlie broad feedback control of olfactory bulb output. Neuron. 2013; 80
(5):1232—45. https://doi.org/10.1016/j.neuron.2013.08.027 PMID: 24239125.

Kato HK, Gillet SN, Peters AJ, Isaacson JS, Komiyama T. Parvalbumin-expressing interneurons line-
arly control olfactory bulb output. Neuron. 2013; 80(5):1218-31. https://doi.org/10.1016/j.neuron.2013.
08.036 PMID: 24239124; PubMed Central PMCID: PMC3884945.

Cleland TA, Chen SY, Hozer KW, Ukatu HN, Wong KJ, Zheng F. Sequential mechanisms underlying
concentration invariance in biological olfaction. Front Neuroeng. 2011; 4:21. https://doi.org/10.3389/
fneng.2011.00021 PMID: 22287949; PubMed Central PMCID: PMC3251820.

Zhu P, Frank T, Friedrich RW. Equalization of odor representations by a network of electrically coupled
inhibitory interneurons. Nature neuroscience. 2013; 16(11):1678-86. https://doi.org/10.1038/nn.3528
PMID: 24077563.

Carey RM, Verhagen JV, Wesson DW, Pirez N, Wachowiak M. Temporal structure of receptor neuron
input to the olfactory bulb imaged in behaving rats. Journal of neurophysiology. 2009; 101(2):1073-88.
https://doi.org/10.1152/jn.90902.2008 PMID: 19091924; PubMed Central PMCID: PMC2657066.

Verhagen JV, Wesson DW, Netoff TI, White JA, Wachowiak M. Sniffing controls an adaptive filter of
sensory input to the olfactory bulb. Nat Neurosci. 2007; 10(5):631-9. Epub 20070422. https://doi.org/
10.1038/nn1892 PMID: 17450136.

Stopfer M, Jayaraman V, Laurent G. Intensity versus identity coding in an olfactory system. Neuron.
20083; 39(6):991-1004. https://doi.org/10.1016/j.neuron.2003.08.011 PMID: 12971898.

Martelli C, Carlson JR, Emonet T. Intensity invariant dynamics and odor-specific latencies in olfactory
receptor neuron response. J Neurosci. 2013; 33(15):6285-97. https://doi.org/10.1523/JNEUROSCI.
0426-12.2013 PMID: 23575828; PubMed Central PMCID: PMC3678969.

Tabor R, Yaksi E, Weislogel JM, Friedrich RW. Processing of odor mixtures in the zebrafish olfactory
bulb. J Neurosci. 2004; 24(29):6611-20. https://doi.org/10.1523/JNEUROSCI.1834-04.2004 PMID:
15269273.

Krishnamurthy K, Hermundstad AM, Mora T, Walczak AM, Balasubramanian V. Disorder and the Neu-
ral Representation of Complex Odors. Front Comput Neurosci. 2022; 16:917786. Epub 20220808.
https://doi.org/10.3389/fncom.2022.917786 PMID: 36003684; PubMed Central PMCID: PMC9393645.

Rospars JP, Lansky P, Chaput M, Duchamp-Viret P. Competitive and noncompetitive odorant interac-
tions in the early neural coding of odorant mixtures. J Neurosci. 2008; 28(10):2659—-66. Epub 2008/03/

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012379  September 10, 2024 22/23


https://doi.org/10.1038/nature12063
http://www.ncbi.nlm.nih.gov/pubmed/23615618
https://doi.org/10.1126/science.290.5500.2319
http://www.ncbi.nlm.nih.gov/pubmed/11125149
https://doi.org/10.1038/srep21841
http://www.ncbi.nlm.nih.gov/pubmed/26912260
https://doi.org/10.1126/science.aam9868
http://www.ncbi.nlm.nih.gov/pubmed/29123069
https://doi.org/10.1523/JNEUROSCI.0682-12.2013
https://doi.org/10.1523/JNEUROSCI.0682-12.2013
http://www.ncbi.nlm.nih.gov/pubmed/23785169
https://doi.org/10.1038/376033a0
http://www.ncbi.nlm.nih.gov/pubmed/7596429
https://doi.org/10.1016/j.tins.2007.01.001
http://www.ncbi.nlm.nih.gov/pubmed/17224191
https://doi.org/10.1113/jphysiol.2002.031245
https://doi.org/10.1113/jphysiol.2002.031245
http://www.ncbi.nlm.nih.gov/pubmed/12527724
https://doi.org/10.1523/ENEURO.0083-15.2015
http://www.ncbi.nlm.nih.gov/pubmed/26665162
https://doi.org/10.1016/j.neuron.2015.06.019
http://www.ncbi.nlm.nih.gov/pubmed/26139373
https://doi.org/10.1016/j.neuron.2013.08.027
http://www.ncbi.nlm.nih.gov/pubmed/24239125
https://doi.org/10.1016/j.neuron.2013.08.036
https://doi.org/10.1016/j.neuron.2013.08.036
http://www.ncbi.nlm.nih.gov/pubmed/24239124
https://doi.org/10.3389/fneng.2011.00021
https://doi.org/10.3389/fneng.2011.00021
http://www.ncbi.nlm.nih.gov/pubmed/22287949
https://doi.org/10.1038/nn.3528
http://www.ncbi.nlm.nih.gov/pubmed/24077563
https://doi.org/10.1152/jn.90902.2008
http://www.ncbi.nlm.nih.gov/pubmed/19091924
https://doi.org/10.1038/nn1892
https://doi.org/10.1038/nn1892
http://www.ncbi.nlm.nih.gov/pubmed/17450136
https://doi.org/10.1016/j.neuron.2003.08.011
http://www.ncbi.nlm.nih.gov/pubmed/12971898
https://doi.org/10.1523/JNEUROSCI.0426-12.2013
https://doi.org/10.1523/JNEUROSCI.0426-12.2013
http://www.ncbi.nlm.nih.gov/pubmed/23575828
https://doi.org/10.1523/JNEUROSCI.1834-04.2004
http://www.ncbi.nlm.nih.gov/pubmed/15269273
https://doi.org/10.3389/fncom.2022.917786
http://www.ncbi.nlm.nih.gov/pubmed/36003684
https://doi.org/10.1371/journal.pcbi.1012379

PLOS COMPUTATIONAL BIOLOGY The primacy model and the structure of olfactory space

07. https://doi.org/10.1523/JNEUROSCI.4670-07.2008 PMID: 18322109; PubMed Central PMCID:
PMC6671173.

65. Cruz G, Lowe G. Neural coding of binary mixtures in a structurally related odorant pair. Sci Rep. 2013;
3:1220. Epub 2013/02/07. https://doi.org/10.1038/srep01220 PMID: 23386975; PubMed Central
PMCID: PMC3564033.

66. Marasco A, De Paris A, Migliore M. Predicting the response of olfactory sensory neurons to odor mix-
tures from single odor response. Sci Rep. 2016; 6:24091. Epub 2016/04/08. https://doi.org/10.1038/
srep24091 PMID: 27053070; PubMed Central PMCID: PMC4823664.

67. Hughes GM, Boston ESM, Finarelli JA, Murphy WJ, Higgins DG, Teeling EC. The Birth and Death of
Olfactory Receptor Gene Families in Mammalian Niche Adaptation. Mol Biol Evol. 2018; 35(6):1390-
406. https://doi.org/10.1093/molbev/msy028 PMID: 29562344; PubMed Central PMCID:
PMC5967467.

68. Rinberg D, Koulakov A, Gelperin A. Speed-accuracy tradeoff in olfaction. Neuron. 2006; 51(3):351-8.
Epub 2006/08/02. https://doi.org/10.1016/j.neuron.2006.07.013 PMID: 16880129.

69. Tesileanu T, Cocco S, Monasson R, Balasubramanian V. Adaptation of olfactory receptor abundances
for efficient coding. Elife. 2019;8. Epub 2019/02/27. https://doi.org/10.7554/eLife.39279 PMID:
30806351; PubMed Central PMCID: PMC6398974.

70. Ibarra-Soria X, Nakahara TS, Lilue J, Jiang Y, Trimmer C, Souza MA, et al. Variation in olfactory neuron
repertoires is genetically controlled and environmentally modulated. Elife. 2017; 6. Epub 2017/04/26.
https://doi.org/10.7554/eLife.21476 PMID: 28438259; PubMed Central PMCID: PMC5404925.

71. Bolding KA, Nagappan S, Han B-X, Wang F, Franks KM. 2019. https://doi.org/10.1101/694331

72. Zavatone-Veth JA, Paul M, William Lingxiao T, Joseph Z, Venkatesh NM, Cengiz P. Neural Circuits for
Fast Poisson Compressed Sensing in the Olfactory Bulb. Thirty-seventh Conference on Neural Infor-
mation Processing Systems2023. https://doi.org/10.1101/2023.06.21.545947 PMID: 37961548

73. Kepple D, Cazakoff BN, Demmer HS, Eckmeier D, Shea SD, Koulakov AA. Computational algorithms
and neural circuitry for compressed sensing in the mammalian main olfactory bulb. bioRxiv.
2018:339689. https://doi.org/10.1101/339689

74. Krishnamurthy K, Hermundstad AM, Mora T, Walczak AM, Balasubramanian V. Disorder and the Neu-
ral Representation of Complex Odors. Frontiers in Computational Neuroscience. 2022; 16. https://doi.
org/10.3389/fncom.2022.917786 PMID: 36003684

75. Tootoonian S, Lengyel M. A Dual Algorithm for Olfactory Computation in the Locust Brain. In: Ghahra-
mani Z, Welling M, Cortes C, Lawrence N, Weinberger KQ, editors.2014.

76. Zhang, Sharpee TO. A Robust Feedforward Model of the Olfactory System. PLOS Computational
Biology. 2016; 12(4):€1004850. https://doi.org/10.1371/journal.pcbi.1004850 PMID: 27065441

77. Kepple DR, Giaffar H, Rinberg D, Koulakov AA, editors. Primacy coding in dual olfactory networks.
2017 51st Asilomar Conference on Signals, Systems, and Computers; 2017 29 Oct.-1 Nov. 2017.

78. Baraniuk RG. Compressive Sensing [Lecture Notes]. IEEE Signal Processing Magazine. 2007; 24
(4):118-21. https://doi.org/10.1109/MSP.2007.4286571

79. Pehlevan C, Genkin A, Chklovskii DB, editors. A clustering neural network model of insect olfaction.
2017 51st Asilomar Conference on Signals, Systems, and Computers; 2017 29 Oct.-1 Nov. 2017.

80. Ryali C, Hopfield J, Grinberg L, Krotov D. Bio-Inspired Hashing for Unsupervised Similarity Search. In:
Hal D, Ill, Aarti S, editors. Proceedings of the 37th International Conference on Machine Learning; Pro-
ceedings of Machine Learning Research: PMLR; 2020. p. 8295-306.

81. Litwin-Kumar A, Harris KD, Axel R, Sompolinsky H, Abbott LF. Optimal Degrees of Synaptic Connectiv-
ity. Neuron. 2017; 93(5):1153—-64 e7. Epub 20170216. https://doi.org/10.1016/j.neuron.2017.01.030
PMID: 28215558; PubMed Central PMCID: PMC5379477.

82. Sanders H, Kolterman BE, Shusterman R, Rinberg D, Koulakov A, Lisman J. A network that performs
brute-force conversion of a temporal sequence to a spatial pattern: relevance to odor recognition. Front
Comput Neurosci. 2014; 8:108. Epub 20140917. https://doi.org/10.3389/fncom.2014.00108 PMID:
25278870; PubMed Central PMCID: PMC4166365.

83. Schaffer ES, Stettler DD, Kato D, Choi GB, Axel R, Abbott LF. Odor Perception on the Two Sides of the
Brain: Consistency Despite Randomness. Neuron. 2018; 98(4):736—42 e3. Epub 20180426. https://doi.
org/10.1016/j.neuron.2018.04.004 PMID: 29706585; PubMed Central PMCID: PMC6026547.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012379  September 10, 2024 23/23


https://doi.org/10.1523/JNEUROSCI.4670-07.2008
http://www.ncbi.nlm.nih.gov/pubmed/18322109
https://doi.org/10.1038/srep01220
http://www.ncbi.nlm.nih.gov/pubmed/23386975
https://doi.org/10.1038/srep24091
https://doi.org/10.1038/srep24091
http://www.ncbi.nlm.nih.gov/pubmed/27053070
https://doi.org/10.1093/molbev/msy028
http://www.ncbi.nlm.nih.gov/pubmed/29562344
https://doi.org/10.1016/j.neuron.2006.07.013
http://www.ncbi.nlm.nih.gov/pubmed/16880129
https://doi.org/10.7554/eLife.39279
http://www.ncbi.nlm.nih.gov/pubmed/30806351
https://doi.org/10.7554/eLife.21476
http://www.ncbi.nlm.nih.gov/pubmed/28438259
https://doi.org/10.1101/694331
https://doi.org/10.1101/2023.06.21.545947
http://www.ncbi.nlm.nih.gov/pubmed/37961548
https://doi.org/10.1101/339689
https://doi.org/10.3389/fncom.2022.917786
https://doi.org/10.3389/fncom.2022.917786
http://www.ncbi.nlm.nih.gov/pubmed/36003684
https://doi.org/10.1371/journal.pcbi.1004850
http://www.ncbi.nlm.nih.gov/pubmed/27065441
https://doi.org/10.1109/MSP.2007.4286571
https://doi.org/10.1016/j.neuron.2017.01.030
http://www.ncbi.nlm.nih.gov/pubmed/28215558
https://doi.org/10.3389/fncom.2014.00108
http://www.ncbi.nlm.nih.gov/pubmed/25278870
https://doi.org/10.1016/j.neuron.2018.04.004
https://doi.org/10.1016/j.neuron.2018.04.004
http://www.ncbi.nlm.nih.gov/pubmed/29706585
https://doi.org/10.1371/journal.pcbi.1012379

