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Animals modulate their courtship and territorial behaviors in response to olfactory cues produced by other animals. In rodents, detecting
these cues is the primary role of the accessory olfactory system (AOS). We sought to systematically investigate the natural stimulus coding
logic and robustness in neurons of the first two stages of accessory olfactory processing, the vomeronasal organ (VNO) and accessory
olfactory bulb (AOB). We show that firing rate responses of just a few well-chosen mouse VNO or AOB neurons can be used to reliably
encode both sex and strain of other mice from cues contained in urine. Additionally, we show that this population code can generalize to
new concentrations of stimuli and appears to represent stimulus identity in terms of diverging paths in coding space. Together, the results
indicate that firing rate code on the temporal order of seconds is sufficient for accurate classification of pheromonal patterns at different
concentrations and may be used by AOS neural circuitry to discriminate among naturally occurring urine stimuli.

Introduction
To make behavioral decisions, animals rely on their ability to
recognize sensory patterns. Most terrestrial mammals possess a
specialized olfactory system [accessory olfactory system (AOS)]
that detects liquid-based chemosignals, often termed phero-
mones (Meredith, 2001; Wyatt, 2003; Stowers and Marton,
2005), which regulate reproductive and social behavior (Halpern,
1987; Døving and Trotier, 1998). This remarkably compact sys-
tem has only three processing areas before reaching hypotha-
lamic output, making it an attractive candidate for studying
sensory pattern recognition. The ligands are detected by the neu-
rons in the epithelium of the vomeronasal organ (VNO), which
then project to the accessory olfactory bulb (AOB). In mice, urine
is the best-studied natural source of these social cues and provides
sensory information needed to guide behaviors such as mating,
fighting, and predator avoidance (Papes et al., 2010).

The behavioral responses triggered by mouse urine require
being able to reliably discriminate between males and females, as
well as between different individuals (strains) of the same sex.
One particular example of strain discrimination by female mice is
the pregnancy block effect (Bruce, 1959; Bruce and Parrott,
1960). After mating with a male from one strain, persistent expo-
sure to urinary cues of a male from another strain will cause the
female’s pregnancy to terminate, while reexposure to urinary

cues of her mate will have no adverse effect on pregnancy (Bren-
nan, 2009).

While sex and strain recognition are thus crucial for appropri-
ate behavior, little is known about its underlying neuronal mech-
anisms in the AOS. Several studies have found tuning specificity
to different sources of mouse urine in subsets of individual neu-
rons in VNO (Holy et al., 2000; He et al., 2008; Holekamp et al.,
2008; Nodari et al., 2008) and AOB (Luo et al., 2003; Hendrick-
son et al., 2008; Ben-Shaul et al., 2010). The sensory neurons in
the VNO were found to be generally more sensitive to urine of
females than males (Holy et al., 2000; Stowers et al., 2002; He et
al., 2008; Holekamp et al., 2008), while the population of neurons
in AOB was found to have a balanced range of sensitivities to male
and female urine (Hendrickson et al., 2008). While individual
neurons have therefore been shown to exhibit differential re-
sponses, we are not aware of any previous attempt to tackle the
pattern recognition problem from the perspective of the animal.

Here, we address this question by measuring the accuracy and
reliability of stimulus recognition using neuronal ensemble re-
cordings in the AOS. We used multielectrodes to record neuronal
responses in AOB and VNO to the same set of natural stimuli,
dilute urine from male and female mice of four different strains.
We found that single-trial firing rate responses of just a few select
VNO or AOB neurons can be combined in multineuronal code to
reliably encode both sex and strain information of a mouse urine
donor. In a test of robustness of the rate code, AOB and VNO
neurons were able to both determine the stimulus identity at
unknown concentration with high accuracy and generalize to
previously unseen stimulus concentrations. Together, these re-
sults suggest that the accessory olfactory system can encode the
natural stimulus identity by representing different stimuli as di-
verging paths in coding space.

Materials and Methods
Mouse urine collection. Urine from male and female mice of four strains
(BALB/c, CBA, B6D2F1, 129S1; The Jackson Laboratory) were collected
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by placing adult (2- to 3-month-old) mice in wire-mesh cages well above
a pool of liquid nitrogen (Airgas; Hendrickson et al., 2008; Nodari et al.,
2008). Voided urine dropped through the wire mesh and was flash-
frozen at �196°C. Contaminants such as fecal droppings were similarly
flash-frozen. Frozen urine balls were manually removed from the liquid
nitrogen collection tub, separating them from contaminants, and stored
at �80°C. Urine was collected over a period of 8 –10 d to average out the
impact of estrous cycle hormonal fluctuation in female mice. At the end
of the collection period, urine balls were rapidly thawed, spun down, and
the liquid supernatant was aliquoted and stored at �80°C. A single batch
of urine was used for all experiments. For both AOB and VNO record-
ings, the urine samples were thawed and diluted 100-fold in VNO Ring-
er’s solution [containing (in mM) 115 NaCl, 5 KCl, 2 CaCl2, 2 MgCl2, 25
NaHCO3, 10 HEPES, and 10 glucose].

Multielectrode recordings in the AOB. All experimental procedures
were performed in accordance with animal care and use requirements
approved by the Washington University Institutional Animal Care and
Use Committee. Recordings in AOB of anesthetized sexually naive fe-
male B6D2F1 mice (n � 14, 8 –12 weeks old) were done using methods
similar to those described previously (Hendrickson et al., 2008). Female
mice aged 8 –12 weeks were chosen as subjects for both AOB and VNO
electrophysiological experiments because of the behavioral relevance of
females choosing among male strains in the context of the pregnancy
block effect (Bruce effect; Brennan, 2004). Briefly, anesthesia in mice was
induced with 0.80 mg/g ketamine with 0.06 mg/g xylazine. The mice were
then tracheotomized and placed on a respirator, through which 1- 2%
isoflurane was delivered to maintain anesthesia. The VNO was cannu-
lated using 0.0056 inch internal diameter polyimide tubing (A-M Sys-
tems) and was then connected to pressurized liquid stimulus delivery
system that was controlled by computer software (Hendrickson et al.,
2008; Holekamp et al., 2008). A unilateral craniotomy was made over the
dorsal side of the main olfactory bulb, and the recording multielectrode
was inserted (at 0.8 –1.3 mm lateral and 0.5 mm rostral to the confluence
of the superior sagittal sinus and dorsal rhinal vein) in the ventrocaudal
direction at 55° to the horizontal to access the AOB. Extracellular activity
from the mitral cell layer of the AOB was recorded using multielectrode
probes (Neuronexus) with 16 recording sites (177 �m 2 recording area
each) arranged in a 4 � 4 manner with 100 �m spacing between sites.
Signals were amplified at 5000 gain and filtered with a 50 –5000 Hz band-
pass filter amplifier (FA-64I; Multichannel Systems), digitized at 10 kHz
(National Instruments), and saved to a computer hard drive for subse-
quent analysis.

During the recording, dilute urine (1:100 in oxygenated Ringer’s so-
lution) from male and female mice of four different strains was delivered
to the VNO at constant flow rates (0.1– 0.2 ml/min) in a randomly inter-
leaved fashion. With this flow rate, the time for stimulus delivery from
the dedicated stimulus line to the VNO was �0.2 s. For the dilution series
recordings in female B6D2F1 mice (n � 9, 8 –12 weeks old), we used male
and female urine from two mouse strains (BALB/c and CBA) at three
different dilutions in Ringer’s solution: 1:100, 1:300, and 1:1000. The
stimuli were delivered for 10 s, followed by 30 s of Ringer’s flush solution.
Each stimulus was presented at least five times to determine the repro-
ducibility of the response.

The recording site in the mitral cell layer of the AOB was confirmed
by the activity characteristics of cells responsiveness to stimuli delivered
to the VNO and lack of spontaneous bursting (Hendrickson et al., 2008).
The spikes from single putative mitral cells are identified based on their
waveform and refractory period using custom software written in Mat-
lab. The location of the recording site in AOB was confirmed in 10 of 23
mice by using fluorescent dye DiI (Invitrogen) to dip the tips of the
multielectrodes. After each recording session, the mouse brains were
removed from the cranium, fixed with 4% paraformaldehyde, and cut
into 100-�m-thick slices. The slices were examined under epifluores-
cence for the presence of fluorescent tracks within the AOB mitral cell
layer.

Multielectrode recordings in the VNO. VNO recording experiments
were performed as described previously (Holy et al., 2000; Arnson et al.,
2010). Briefly, female B6D2F1 mice aged 8 –12 weeks (n � 12) were killed
using carbon dioxide, and their vomeronasal organs removed. The

vomeronasal epithelium was dissected out of the bony vomeronasal cap-
sule, flattened, and put in a custom-made tissue recording chamber with
continuous oxygenated Ringer’s solution superfusion. The dilute urine
stimuli were randomly delivered by a robotic arm (Gilson Instruments)
for 10 s, followed by 50 s of Ringer’s solution. Stimuli were the same as in
AOB experiments. Planar 60-site multielectrode arrays (Multichannel
Systems) with 30 �m intersite grid spacing were used to record VNO
neuronal responses to stimuli. The extracellular voltage signal was am-
plified 1000-fold by an MEA1060inv amplifier (Multichannel Systems)
and digitized at a 10 kHz sampling rate (National Instruments).

Recording analysis. The firing rate change of individual AOB neurons
(�r) in response to urine stimuli was calculated by subtracting the aver-
age peristimulus firing rate (calculated over 10 s of stimulus presentation
and over five repeat stimulus presentations) and subtracting the average
firing rate during 5 s before stimulus presentation (Hendrickson et al.,
2008). Responses to urine in VNO were quantified using the �r metric as
described by Arnson and Holy (2011, 2013). A neuron’s response to a
urine stimulus was compared to its response to Ringer’s solution. Only
cells that had a statistically significant response to at least one urine
stimulus ( p � 0.05, Wilcoxon rank-sum test) were selected for analysis.

Pattern classification analysis. Linear discriminant analysis (LDA) of
the neuronal ensemble stimulus responses was used to identify the major
response features that contribute to the difference in urine signals. The
data were put into multidimensional vectors as follows. For each cell, the
firing rate response (�r) was normalized by dividing all responses by
the largest absolute firing rate response. Then, every cell’s normalized �r
responses were grouped according to the repeat number and stimulus
identity. Using AOB data set as example, this procedure yielded a re-
sponse matrix consisting of 45 column vectors (five repeats for each of
the nine stimuli, including Ringer’s control), with 41 dimensions in each
vector (41 cells). One point in this representation corresponds to re-
sponses of 41 cells to one repeat of one stimulus, where each dimension
corresponds to one cell. The dimensionality of this data set was then
reduced using LDA, with nine class labels. The eigenvectors resulting
from LDA were used as new basis vectors onto which normalized firing
rates were projected for subsequent analyses. To avoid overtraining, 20%
of data points were withheld before LDA and then projected onto the
LDA directions formed by the other 80% of data points (Quian Quiroga
and Panzeri, 2009). The k nearest neighbors algorithm (kNN) was used to
assign a class label for each point (obtained by projecting normalized
firing rates �r onto the eigenvectors (basis vectors) resulting from LDA,
based on the most commonly occurring class among the neighboring k
points. The closest k neighbor points were determined using Euclidean
distance metric. The fivefold cross-validation (Quian Quiroga and Pan-
zeri, 2009) and class label shuffling for each stimulus presentation were
used to control for the overtraining of the kNN classifier. For the fivefold
cross validation, a �r point from one stimulus trial of five was randomly
left out of each stimulus class, forming the testing data set. The remaining
points constituted the training data set, for which the LDA eigenvectors
were calculated. Test points were projected onto the LDA directions
calculated from the training data set. Test points were classified by kNN
using neighbors from only the training data set. Typically, 100 iterations
were done to ensure adequate sampling of the different 80% training and
20% testing configurations. In class label shuffling, before classification,
the class labels assigned to each stimulus trial point were reassigned ran-
domly. This was done to ensure that the classifier did not find arbitrary
differences between response patterns.

The classification outcome of each single-trial ensemble response was
recorded as true or false, and the average values for each stimulus were
calculated to obtain decoding accuracy. The classification outcome re-
sults were also converted into the confusion matrix (Quian Quiroga and
Panzeri, 2009), in which rows correspond to stimuli presented, and col-
umns correspond to stimuli classified. Each cell (i, j) of the confusion
matrix is the fraction of total presentations of stimulus i that was classi-
fied as stimulus j. Typically, k � 4 or k � 5 was used as the number of
neighboring points. Similar classification accuracy results were obtained
with other values of k, ranging from 1 to 10 and beyond (see Fig. 2E). The
classification accuracy did not depend on the number of LDA dimen-
sions (number of eigenvectors) used beyond four.
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When testing the impact of temporal dynamics on classification, we
subdivided the stimulus presentation time course into bins of width 2.5 s.
We calculated �r for each bin and assessed the stimulus classification
accuracy for each time point independently using LDA–kNN as above. In
addition, we used the �r values jointly at four specific time points corre-
sponding to the time at which the stimulus was presented. This was done
by concatenating four response matrices along the cell number dimen-
sion (see above). In a separate analysis, the �r values for 2.5 s bins for
every cell and for every time bin were averaged across stimulus repeats.
This was then put into row vectors, with each row thus consisting of
sequential and time-dependent responses of a particular cell to stimuli.
Dimensionality of this data set was then reduced using principal compo-
nent analysis (PCA).

Maximum likelihood inference. We per-
formed similar analyses using maximum likeli-
hood (ML) inference (Dayan and Abbott, 2001).
Given a set of observed firing rates in response to
different stimuli, ML classifies a firing rate re-
sponse to an unknown stimulus by choosing a
stimulus that is most probable under this re-
sponse. The stimulus response �rtest was pre-
sented to the classifier by randomly drawing from
one out of five �r responses to stimulus si, where
i � 1, . . ., 9, corresponding to urine from four
male and female strains and Ringer’s control. The
other four �r responses to this stimulus were
used to build the conditional Gaussian probabil-
ity density function (pdf):

p� x�si� � �
1

�2��i
2

e
�� x��ri� 	2

2�i
2 ,

where x is any response, �ri� is the average of
firing rate responses of one neuron to four re-
peated presentations of stimulus si, and �i is the
SD of those responses. The pdfs for all other
stimuli were constructed similarly, after ran-
domly withdrawing one out of five stimulus-
specific �r responses (this corresponds to
fivefold validation). For individual neurons,
the ML classifier then compared the probabil-
ity densities for all distributions at this partic-
ular x � �rtest and selected stimulus sj with the
highest conditional probability density p[x�sj].
For the ensemble of n neurons, the conditional
probability densities were combined across all
cells according to


i � �
j�1

n

log �p�x�si�	.

The maximum of 
i, i � 1, . . ., nstim, is then
selected and the pattern classified is pattern i.
The pattern i is selected such that 
i is maxi-
mized over i � 1, . . ., nstim, and the original
�rtest is then classified as response to pattern i.

Iterative neuronal ensemble construction. To
determine the decoding success rate as a function
of the number of cells used in the classifier, we
implemented the following iterative procedure.
Starting with the cell that provided the best over-
all classification on its own, we evaluated the suc-
cess rate by augmenting the classifier with one
additional cell, for each choice among the re-
maining cells. The cell that produced the largest
increment was chosen. Sometimes, no additional
cell could improve accuracy, in which case a cell
would be chosen that resulted in the least amount
of accuracy decrease. This procedure was used

iteratively until all of the cells were eventually added into the ensemble.
Pairwise distance analysis. The pairwise distances between the stimulus

representation for all pairs of stimuli were measured using d� (for indi-
vidual neurons for a pair of stimuli) and correlation between firing rate
vectors. The measure d� is a statistical classification measure commonly
used in signal detection theory (Macmillan and Creelman, 2005) that
represents discriminability of responses of a single neuron to two differ-
ent stimuli i and j:

d�ij �
��ri� � �rj� �

��i
2 � � j

2

2

.

Figure 1. Recording from AOB and using responses of individual neurons to distinguish between stimuli. A, Experimental
AOB recording setup: dilute urine from male and female mice of four different strains and Ringer’s saline are delivered
through a stimulus tube in random order to the VNO of the anesthetized female B6D2F1 mouse while AOB neuronal
responses are recorded using 16 channel Neuronexus electrodes. B, Application of a urine stimulus to VNO for 10 s
(horizontal black bar, top; female 129Sv urine) results in a neuronal firing rate increase in AOB. Calibration: 50 �V, 10 s. C,
Single-unit neuronal spikes from complete recording, partially represented in B. Calibration: 50 �V, 1 ms. D, Proportion of
neurons that responded to one or more stimuli. E, F, Raster plots (top) and peristimulus time histograms (bottom) of firing
rate of two example cells in response to 10 s presentation of stimulus. The mean � SD is shown. The stimulus naming
convention is shown in D: strains BALB/c, CBA, B6D2, and 129Sv are renamed 1, 2, 3, and 4, respectively. The same
convention applies in all subsequent figures. G, Firing rate responses, �r, of two example neurons from E and F (here called
Cell 1 and Cell 2, respectively) calculated over the 10 s stimulus presentation period. Each point is the �r resulting from one
stimulus repeat. Tight clustering of points for the same stimulus (e.g., red triangles, F1, female BALB/c urine) corresponds
to a reliable response. On the other hand, high degree of scatter (e.g., red-orange squares, F2, female CBA urine) generally
corresponds to high trial-to-trial variability. The circled point shows one of the five trials of female 129Sv urine (stimulus
that yielded large responses in both neurons.) H, Stimulus classification accuracy of individual and combined cells 1 and 2,
calculated using normalized �r and the k nearest neighbors algorithm (see Materials and Methods). RC, Ringer’s control.
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Here, �ri� is the average of responses of
one neuron to repeated presentations of
stimulus i, and �i

2 is the variance of those
responses. The mean d�ij� for each pair of stim-
uli i and j was calculated across all cells. In
addition, coefficients of linear correlation
between the population firing rate vectors
�ri� and �rj� for a pair of stimuli i and j were
computed.

Dilution series analysis. To assess the accu-
racy of classification by AOB and VNO neu-
rons at different stimulus dilution levels, we
grouped the normalized �r neuronal re-
sponses to each stimulus, regardless of the
concentration. This created four groups of
responses, to male and female BALB/c and
CBA urine. The kNN classifier was then
asked to distinguish among the four classes
of stimuli. To visualize spatial relatedness of
these stimulus classes, for each of the four
stimuli, we calculated and plotted the loca-
tions of three centroids, corresponding to
three urine concentrations. The centroids
corresponding to the highest concentration
of urine were furthest from the origin, while
those corresponding to the lowest concen-
tration of urine were closest to the origin.
The responses to Ringer’s solution, which
can be thought of as effectively an infinite
dilution of urine, were yet closer to the
origin.

These trajectories appeared to emanate
from the origin in different directions in
coding space. We quantified the degree to
which the trajectories were straight using the
maximum central angle �max. We first calcu-
lated all three planar central angles � formed
by two (of three) vertices that form the stim-
ulus “coding trajectory” and the origin. The
largest of the three angles was called �max, the
maximum central angle. This measure as-
sesses how far the points are from each other
when viewed from the origin. For example, if
dilution centroids for the first two dilution
levels were on a straight line that starts in the
origin, but the third centroid (third dilution
level) deviated sharply from this line, then
the maximum central angle �max could be
quite large, depending on the amount of de-
viation by the last point. We compared these
results to results obtained from linking the
points at dilutions 1:1000, 1:300, and 1:100
from randomized stimulus classes (“label-shuffled”) at each dilution
and tested whether the resulting trajectory could still be reasonably
described as “straight.” Wilcoxon’s rank-sum test was used to test
whether the label-shuffled and the original maximum central angle
results were different.

To test the capacity of the neural population code to generalize to
different stimulus concentrations, we applied LDA to the firing rate
responses to stimuli at one of the three concentrations. The resultant
LDA eigenvectors were stored, concluding the training phase. In the
testing phase, the firing rate responses at the two remaining dilution
levels were projected onto the stored LDA eigenvectors and classified
using kNN. This was done for both AOB and VNO data sets for all
combinations of one training dilution and two testing dilutions cho-
sen among dilutions 1:100, 1:300, and 1:1000. The control results
using the same stimulus dilution for training and testing were ob-
tained using fivefold validation before LDA and kNN, as described
above (Pattern classification analysis).

Results
Population responses of AOB neurons suffice for sex and
strain classification
We recorded the responses of AOB mitral layer neurons to a 10 s
presentation of natural stimuli, 100-fold diluted urine collected
from male and female mice of four different strains: BALB/c,
CBA, B6D2F1, and 129Sv. We focused on different strains be-
cause of behavioral evidence that the AOS discriminates among
them (Brennan, 2009), and because the genetic equivalence of
inbred mice makes different strains a closer proxy for individuals
among wild (non-inbred) mice. Using 16 channel Neuronexus
multielectrode probes, we recorded from AOB single units in
anesthetized 8- to 12-week-old B6D2F1 female mice (n � 14
mice; Fig. 1A,C). These stimuli caused diverse responses in AOB
neurons. Of 69 single units isolated from recordings, 41 cells were

Figure 2. Distinguishing both sex and strain using AOB neurons. A, Firing rate responses of all single units responsive to at least
one of the urine stimuli, recorded from female B6D2F1 mice (n � 14). Highlighted by two arrowheads are the two example cells
from Figure 1, E and F. B, C, First two and three LDA projections of the AOB data set. LD1, LD2, and LD3 are the LDA directions 1, 2,
and 3, respectively. D, Classification result matrix (confusion matrix) for the AOB, using k � 4, LDA dimensions 1–5 [vertical axis,
patterns presented; horizontal axis, patterns predicted (classified)]. E, Classification accuracy is not strongly dependent on the
number of LDA dimensions used beyond 3, nor is it dependent on the number of neighbors (k) used. F, Classification success rate as
a function of cell pool size. Using k � 4 and LDA dimensions 1–5 as determined in (E), we built up the ensemble of cells. Black line,
Success rate across all stimuli (4M4F); blue line, success rate when distinguishing only among male urine stimuli (4M); red line,
success rate when distinguishing only among female urine stimuli (4F). RC, Ringer’s control.
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found that responded reliably to at least one of eight urine stimuli
(p � 0.05, Wilcoxon’s rank-sum test). Thirty-five neurons re-
sponded to a stimulus by increasing their firing rate (Fig. 1E, top,
bottom), oftentimes to more than one of the stimuli. Seven cells
exhibited decreases in firing rate upon stimulation by one or
more stimuli, and one neuron showed increased firing rate in
response to certain stimuli and decreased firing in response to
other stimuli (Fig. 1F, top, bottom). Overall, 36% of neurons
responded to only one stimulus, 20% to two, 12% to three, 7%
to four, and the rest to five or more stimuli out of eight total
(Fig. 1D).

Responses of individual neurons could often be used to par-
tially distinguish among these stimuli. For example, for the neu-

ron in Figure 1F, a strong excitatory
response indicated that the urine stimulus
was either from a female BALB/c or fe-
male 129Sv mouse; conversely, an inhibi-
tory response indicated any one of the
male urine stimuli, or female CBA. While
these single-neuron responses were there-
fore somewhat informative, only a small
minority of neurons (3 of 41) were selec-
tive for a single one of these stimuli (high-
est firing rate to one stimulus, distinct
from all other stimuli; p � 0.05, Wilcox-
on’s rank-sum test), which are by them-
selves not different from Ringer’s control.
Thus, the large majority of responsive
neurons produced responses that, on
their own, were ambiguous.

Some of the ambiguities of single-
neuron responses could be resolved by
comparing responses across neurons. For
example, the strong responses of the
neuron in Figure 1F to female BALB/c and
female 129Sv mice could be readily dis-
ambiguated by examining the responses
of the cell in Figure 1E, which also re-
sponded strongly to female 129Sv, but not
at all to female BALB/c. To approach this
systematically, we computed the firing
rate change from baseline, �r, over the
10 s stimulus presentation period. Figure
1G shows the �r, calculated for each indi-
vidual trial of stimulus presentation, for
these two neurons. If we imagine present-
ing a stimulus that yields large responses
in both neurons (Fig. 1G, circled point),
we could then use the closest examples of
similar responses (a k nearest neighbors
algorithm; see Materials and Methods) to
deduce that this stimulus is likely from fe-
male 129Sv mice. Hence, by reference to
the existing “templates” (which might
correspond to previous sensory experi-
ence), one could rightly or wrongly clas-
sify any stimulus given the output of these
two neurons. Because of trial-to-trial vari-
ability, it is apparent that not all eight
stimuli can be perfectly disambiguated
from each other and from the negative
control. Nevertheless, two of the stimuli
(female 129Sv and female BALB/c) could

be recognized quite reliably, and for many of the remaining stim-
uli (for example, the samples from males), the combination of
these two cells further reduces the ambiguity (Fig. 1H). On aver-
age, Cell 1 performed at 19% correct and Cell 2 at 29% correct.
Combined, their performance grew to 48% correct. For three of
nine stimuli (Ringer’s control, male 129Sv, female BALB/c), the
percentage correct was larger for the pair than for the sum of the
two individual cells, providing clear evidence for multineuronal
synergy.

The ability of two neurons to classify stimuli can naturally be
extended to the entire population of recorded AOB neurons. The
responses (�r) of all cells in the population are shown in Figure
2A. Because we were not able to record from more than three

Figure 3. Classification of stimuli by the VNO. A, Firing rates of 64 VNO single units collected from female mice (n � 12)
responsive to at least one stimulus at p � 0.05. B, Classification success rate as a function of cell pool size (k � 5, LDA dimensions
1–7). Black line, Success rate across all stimuli (4M4F); blue line, success rate when distinguishing only among male urine stimuli
(4M); red line, success rate when distinguishing only among female urine stimuli (4F). C, D, First two and three LDA projections of
best 25 cells in the VNO data set. LD1, LD2, and LD3 are the LDA directions 1, 2, and 3, respectively. E, Classification result matrix
(confusion matrix) for best 25 cells in the VNO [k � 5, LDA dimensions 1–7; vertical axis, patterns presented; horizontal axis,
patterns predicted (classified)]. F, Classification matrix for all 64 cells. RC, Ringer’s control.
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responsive single-unit neurons simulta-
neously in one animal, we combined neu-
rons that were recorded from different
mice, assuming that the mice from the
same strain, sex, and narrow age range
were interchangeable (but see the follow-
ing section). To better visualize the multi-
neuronal representation of the different
stimuli, we reduced the dimensionality
of the data set by LDA to project popu-
lation responses along a few highly in-
formative axes.

By comparison with the two-cell case
in Figure 1G, the projection of the popu-
lation responses in two (Fig. 2B) and three
(C) LDA dimensions greatly reduces the
ambiguities among the sexes and strains.
Most samples produced a set of tightly
clustered responses for which the majority
of neighbors were from the same sex and
strain. A kNN algorithm (in five dimen-
sions, four neighbors) led to an average
accuracy of 82% across all eight urine
stimuli. We analyzed the accuracy of the
classifier for each stimulus, both in terms
of the frequency with which it identified
the correct stimulus and the frequency
with which each incorrect choice was
made. One sees that for all eight urine
stimuli and the negative control, the
mostly frequently chosen outcome was
the correct one (Fig. 2D). The accuracy of
the classification was not strongly depen-
dent upon the number of neighbors used
in the classifier, nor upon the number of
dimensions (for three or more) used to
project the data (Fig. 2E), indicating that
success was largely independent of any
particular choices for the classifier’s
parameters.

How many AOB neurons are required
to perform this task? We explored this
question using an iterative procedure, in
which a group of “chosen” cells was aug-
mented by incorporating the remaining
cell that most improved the success rate
(see Materials and Methods). This al-
lowed us to plot the success rate as a func-
tion of pool size (Fig. 2F). One sees that
the success rate rises to 80% within 11
cells, and reaches a near plateau of �90%
within 18 cells, with a small drop-off at the end. Consequently,
stimulus recognition can be performed accurately with only a
modest subset of the full population. Thus, we conclude that
neuronal population responses in the AOB suffice for accurate
recognition of sex and strain.

Classification of stimuli by the VNO
The AOB receives its sensory input from the VNO, so a natural
question is whether the raw vomeronasal sensory neuron (VSN)
responses are equally informative, or whether the AOB might
reshape VSN output to simplify this task. To address this ques-
tion, we also recorded responses of VNO sensory neurons to

these same dilute urine stimuli. Responses from female mouse
VNO neurons were acquired using a 60 channel multielectrode
array from Multichannel Systems. In total, we found 64 cells
from VNO epithelia of 12 female B6D2F1 mice (aged 8 –12
weeks) with reliable ( p � 0.05, Wilcoxon’s rank-sum test)
change in firing rate (Arnson and Holy, 2011, 2013) to at least
one stimulus (Fig. 3A).

Unlike the AOB, for the VNO we found that the success rate of
classification was crucially dependent upon which cells were used
by the classifier (Fig. 3B). In particular, the classification success
was maximal for an intermediate number of cells (with the peak
at 25 cells), and declined substantially when the entire population

Figure 4. VNO, 25 presentations of each stimulus. A, Firing rate responses (�r) of 87 single units recorded from n � 5 female
B6D2F1 mice. Similar segregation of responses to male (M) and female (F) cues among the population of neurons as seen in Figure
3A. B, Varying k and number of dimensions to find the best parameters. Classification accuracy is not strongly dependent on the
number of LDA dimensions used beyond 4, nor is it dependent on number of neighbors (k) used beyond 10. C, Classification success
rate as a function of neuronal pool size (k � 11, 6 LDA dimensions). Black line, Success rate across all stimuli (4M4F); blue line,
success rate when distinguishing only among male urine stimuli (4M); red line, success rate when distinguishing only among
female urine stimuli (4F). D, Three-dimensional LDA for best 44 cells. LD1, LD2, and LD3 are the LDA directions 1, 2, and 3,
respectively. E, Confusion matrix for the best 44 cells. The color scale is the same as in F. F, Confusion matrix for all cells. For 25
repeats, the decline in accuracy is much less dramatic than for 5 repeats (compare Fig. 3 E, F ). RC, Ringer’s control.
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was used. To determine the origin of this difference between
VNO and AOB, we first noted that the VSN population, when
responsivity is judged by similar criteria used for the AOB, nev-
ertheless contains a larger number of cells whose responses are
weak (compare Figs. 2A, 3A). We therefore hypothesized that this
declining success rate might be due to the difficulty in estimating
the reliability of individual neurons from “just” five trials of each
stimulus. To test this hypothesis, we performed recordings from
a second set of five preparations in which each neuron was stim-
ulated with 25 repeated trials of each stimulus (Fig. 4). We ob-
tained a total of 87 stimulus-responsive (p � 0.05, Wilcoxon’s
rank-sum test) neurons, of which a similar proportion displayed
responses that appeared quite weak. Like the five-trial experi-
ments, we found that after the 10 best VNO cells were included,
the resulting classification rate leveled off (here with �85–90%
accuracy); however, in this case the success rate did not substan-
tially diminish when the entire population was included. This
indicates that, with 25 repeated presentations of each stimulus,
the (un)reliability of cells could be accurately determined, and
thus cells could be appropriately weighted when computing the
best directions that separate the stimuli from our panel. This
result indicates that this difference between VNO and AOB is a

consequence of the lower signal-to-noise level of VSNs compared
with AOB neurons (Meeks et al., 2010; Arnson and Holy, 2011).

To examine the representation of these cues, we first focused
on the best results, obtained with the subset of cells that gave the
highest overall classification success (see Materials and Meth-
ods). Using these 25 best cells, we projected the population re-
sponses down to a few dimensions using LDA. In both two (Fig.
3C) and three dimensions, it is apparent that many of the re-
sponses to the different stimuli are readily distinguishable when
using the responses of the neuronal population. As with the AOB,
the kNN algorithm was able to identify an “unknown” stimulus
from the population response with high accuracy, obtaining the
correct answer the majority of the time for all nine types of stim-
uli. Overall, the classifier was correct 97% of the time (Fig. 3E).

To find out whether pooling of neurons from different mice
had a major impact on our results, we performed the same anal-
ysis separately on several populations of simultaneously recorded
neurons from single animals. In Figure 3A, Cells 20 –28, 47–54,
and 55– 64 were recorded from VNOs of three different mice.
Using these three sets of cells separately to classify the same set of
urine stimuli yields the accuracy of 57, 55, and 70%, respectively.
Choosing preparations that yielded a smaller number of respon-

Figure 5. Statistical measures of stimulus response similarity for neuronal ensembles. A, Left, Average across all cells of pairwise d� values between cell �r responses to stimuli in VNO; right, d�
is averaged across cells for all 6 possible pairs of male stimuli (-M), 6 pairs of female stimuli (-F), 16 pairs of male–female stimuli (M–F), 4 pairs of male–Ringer’s (M–RC), and 4 pairs of
female–Ringer’s (F–RC). The mean � SD is shown. B, Left, Pairwise correlations between neuronal ensemble responses to stimuli; right, correlation values averaged for the corresponding pairs of
stimuli. C, Same as A, but for AOB. D, Same as B, but for AOB.

Figure 6. Distinguishing both sex and strain using maximum likelihood classifiers. A, Building up the VNO cell ensemble with two different classifiers: ML (green line) and LDA–kNN (black line,
same as in Fig. 3B). B, Building up the AOB cell ensemble with two different classifiers: ML (green line) and LDA–kNN (black line, same as in Fig. 2F ).

Tolokh et al. • Sex and Strain Discrimination in Mouse VNO and AOB J. Neurosci., August 21, 2013 • 33(34):13903–13913 • 13909



sive cells resulted in worse classification
accuracy (for example, 36% for Cells 13–
17, Fig. 3A); classification success was ap-
proximately linear in the number of
neurons up to our largest population of 10
simultaneously recorded responsive neu-
rons. Because of this result, and because
mice have orders of magnitude higher
numbers of VNO neurons that respond to
urine, we do not expect that pooling neu-
rons from multiple animals overestimates
the classification capability of the neurons
from a single animal.

To better understand the kinds of er-
rors made when all cells (n � 64) satis-
fying our criterion for responsivity were
used, we performed similar projections
and classifications. We found that the
accuracy in identification decreases,
particularly for the samples from male
mice (Fig. 3F ). To determine the reason
for this male/female difference, we mea-
sured the pairwise distance between the
representation of all pairs of stimuli, us-
ing both a statistical classification mea-
sure, d�, and the correlation between
population firing rate vectors. Using ei-
ther measure, we find that pairs of sam-
ples from males excite responses that are
closer and more highly correlated than those from females
(Fig. 5 A, B). This reflects higher similarity among VNO re-
sponses to male urine samples than to female urine samples
(Figs. 3A, 4A). This does not hold for the responses measured
in the AOB (Fig. 5C,D).

Consequently, we find that responses measured from both
VNO and AOB can be used to achieve classification with low
error rate, for both male and female cues. However, in VNO, one
finds evidence that the task for male stimuli is more challenging
than that for female stimuli. This is partially due to the fact that
the differences among males appear to be more subtle than for
females, as seen in Figure 5.

To determine whether the classification results are crucially
dependent on the choice of classifier, we performed similar
analyses using maximum likelihood inference (Dayan and Ab-
bott, 2001). This classifier achieved a very similar success rate
with similar numbers of neurons (Fig. 6). This demonstrates
that these results generalize to a different classification
algorithm.

We also tested whether a more detailed representation of the
responses—incorporating a measure of their temporal dynamics
(Friedrich and Laurent, 2001; Stopfer et al., 2003)—improved
accuracy. For these data, incorporating time did not yield greater
accuracy (Fig. 7), presumably because any potential gains were
canceled by the extra noise inherent in measuring responses over
smaller time bins. Moreover, a PCA of the response time course
(Fig. 7C,F) suggested that projections emphasizing the temporal
evolution of responses (Fig. 7C, right) showed considerable over-
lap and little discriminability, whereas projections that collapsed
much of the dynamics (C, left) were more informative. These
results suggest that there is little or no advantage in taking the
response time course into account, and that the rate code over the
entire stimulus presentation period, roughly corresponding to
the total spike count, is sufficient for decoding stimuli with high

accuracy. This is consistent with AOS operating on temporal
scales of seconds (Meredith, 1994).

Classification with unknown concentration
Under natural circumstances, an animal exploring a stimulus may
not have intrinsic knowledge about its concentration. However, un-
til now these responses were measured with constant stimulus con-
centration, in which all urine stimuli were diluted 1:100. To explore
the impact of variation in concentration on the ability to recognize
individual stimuli, we performed a second set of recordings from
both VNO and AOB using three different dilutions (1:100, 1:300,
and 1:1000) of both female and male urine from two of the strains,
BALB/c and CBA. We obtained 54 responsive neurons in the VNO,
and 31 in the AOB.

Both VNO and AOB neurons tended to increase their firing
rates with increasing concentration (Fig. 8A,B). LDA projections
of both VNO and AOB in three dimensions show grouping of
population responses according to stimulus identity, despite
varying concentrations (Fig. 8C,D). When asked to judge the
stimulus identity, independent of concentration, neuronal pop-
ulations from both the VNO and AOB achieved a substantial
degree of success (Fig. 8E,F).

To explore the origins of this success, we plotted the average
population response to each stimulus and dilution, projecting
down to a small number of dimensions (Fig. 8G,H). We found
that different stimuli triggered population responses that ema-
nated in different directions with increasing stimulus concentra-
tion. In general, the curves did not cross, and many traced out
trajectories that were reasonably straight (Fig. 8 I, J), as quantified
with the maximum central angle (�max) measure (see Materials
and Methods). This indicates that identity is at least partially
decoupled from concentration, and presents one potential ave-
nue for robust encoding of stimulus identity.

It is also apparent from these figures that the male cues are,
particularly at lower concentrations, less distinct than the female

Figure 7. Using temporal dynamics of AOB and VNO neuronal firing to code for urine stimuli from males and females of different
strains. A, Classification accuracy for AOB (n � 41 neurons, urine at 1:100 dilution in Ringer’s) using binned firing rate indepen-
dently and time bin size 2.5 s. Firing rates at time points denoted by green squares are used together in B. Stimulus is presented at
time 0, lasting 10 s. Classification algorithm LDA followed by kNN is used (k � 4, dimensions 1–5, as in Fig. 2). Error bars indicate
SD of accuracy after 10 iterations of the fivefold validation procedure. B, AOB classification accuracy of nine stimuli [including
Ringer’s control (RC)] using jointly the firing rates at four specific time points during the stimulus presentation cycle (marked by
green squares in A). C, PCA of the time course of firing rate in AOB (mean across 5 stimulus trials) for the entire stimulus presen-
tation cycle: 10 s on, 30 s Ringer’s flush. The 40 s interval is divided into 16 time bins. Left and right panels show different aspects
of the response time course trajectory: left, pattern trajectories separate into different “leaflets”; right, responses traverse ellip-
soidal trajectories. D–F, Same analysis as in A–C, respectively, performed for VNO (n � 64 neurons, urine at 1:100 dilution in
Ringer’s, k � 5, dimensions 1–7 as in Fig. 3).
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cues, particularly for VNO. This is consistent with the reduced
separation in VNO, even at a 1:100 dilution, of male stimuli
compared to female stimuli (Fig. 5A,B).

We also tested the capacity of the neural population code to
generalize to previously unseen stimulus concentrations. The di-
mensionality of the firing rate responses at one of the dilutions
was reduced by LDA, as described above, and the resultant coding

space LDA directions were stored. The fir-
ing rate responses at the two remaining
dilution levels were projected onto the
stored LDA directions and classified using
the kNN algorithm. Training the AOB
neuronal ensemble of 29 best cells at
1:1000 stimulus dilution and testing it at
1:300 dilution resulted in 92% accuracy;
testing it at 1:100 resulted in 99% accuracy
(Fig. 9A), which closely matches the result
from testing and training at the same high
1:100 dilution. The VNO was slightly less
robust at generalization: training the
VNO neuronal ensemble of 29 best cells at
1:1000 and testing it at 1:300 resulted in an
80% accuracy, and testing it at 1:100 re-
sulted in an 83% accuracy (Fig. 9B). This
indicates that information from weak re-
sponses at low stimulus concentrations
can be generalized to higher concentra-
tions, with greater success in the AOB
than in the VNO. Similarly, information
from a high stimulus concentration can
also be used to predict stimulus identity at
a low concentration. For both VNO and
AOB, training at 1:100 and testing at 1:300
and 1:1000 resulted in matching or better
performance than that from testing and
training at the same 1:300 and 1:1000 di-
lutions (Fig. 9).

It is noteworthy that training on a
spread of concentrations does not yield
measureable benefits over training at a
particular concentration and generalizing
to higher or lower concentrations. This
suggests that pattern recognition in the
AOS may not rely on exposure to the same
ligand at many different concentrations;
instead, the nature of coding in this sys-
tem results in “specific directions” in re-
sponse space that may be associated with
individual stimuli. These directions are
quite stable over at least 10-fold changes
in concentration.

Discussion
The accessory olfactory system in rodents
detects and processes social olfactory cues
to execute appropriate courtship and
territorial responses. The natural com-
pounds secreted in mouse urine are among
the best-studied of these stimuli (Wyatt,
2003; Stowers and Marton, 2005; Brennan
and Zufall, 2006). We used multielectrode
recordings to systematically investigate the
natural stimulus coding logic and robust-
ness in neurons of the first two stages of ac-

cessory olfactory processing, the VNO and AOB. While several
previous studies have looked at tuning specificity of individual neu-
rons (Holy et al., 2000; Luo et al., 2003; He et al., 2008; Hendrickson
et al., 2008; Holekamp et al., 2008; Nodari et al., 2008; Ben-Shaul et
al., 2010), to our knowledge this is the first study to explicitly quan-
tify the population decoding accuracy in AOB and VNO.

Figure 8. Concentration-invariant odor coding in AOB and VNO. A, AOB firing rate responses of 31 neurons to male and female
BALB/c and CBA urine at three different dilutions (1:100, 1:300, and 1:1000). B, VNO firing rate responses of 54 neurons to the same
urine stimuli at three different dilutions as in A. C, LDA projections of AOB responses at 1:100, 1:300, and 1:1000 stimulus dilutions
intermixed. Each group, such as male BALB/c (MBALB), contains 15 points, 5 points at each dilution. D, LDA projections of VNO
responses at dilutions 1:100, 1:300, and 1:1000. E, Classification accuracy matrix for AOB for the best 29 cells (left) and all 31 cells
(right). F, Classification for VNO for the best 29 cells (left) and all 54 cells (right). G, H, Mean centroids for LDA projections of the best
AOB (G) and VNO (H ) cell responses for every stimulus at each of the three dilutions. Colored lines join points corresponding to the
same stimulus. For every stimulus, making it more concentrated resulted in cell responses farther away from the origin in the LDA
space. I, J, Maximum central angles �max for the original trajectories (black bars) and trajectories resulting from shuffled labels
(green) at each dilution. The difference between distributions was assessed with Wilcoxon’s rank-sum test: AOB, p � 0.003 (I );
VNO, p � 0.003 (J ). RC, Ringer’s control; FBALB, female BALB/c; FCBA, female CBA; MCBA, male CBA.
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The majority of cells in both VNO (48
of 64, 75%) and AOB (26 of 41, 63%) were
activated by urine stimuli from more than
one mouse strain, suggesting that olfac-
tory information could be encoded by
combinatorial activation of the neurons.
We have found that single-trial firing rate
responses of a population consisting of a
few well-chosen VNO and AOB neurons
can be used to reliably encode both sex
and strain information of a mouse urine
donor. Using a k nearest neighbors algo-
rithm to quantify discrimination accu-
racy, we found that the recognition of
individual urine stimuli was well above
chance level, at 80 –90% for both AOB
and VNO, with only 10 or so neurons nec-
essary to reach this level. No single neuron
could approach average classification ac-
curacy of 50% by itself, confirming that it is necessary to use
population activity (preferably of neurons with “complemen-
tary” tuning profiles) to decode stimulus information on a single-
trial basis. Thus, the first two odor-processing stages in the AOS
appear to encode sex-strain information with sufficient accuracy
to make it feasible for the downstream brain regions to decode it.
Previous work suggests that there may be sufficiently different
features in urine from different individuals of the same strain and
sex to provide a substrate for discrimination among individuals
(Holy et al., 2000; He et al., 2008; Ben-Shaul et al., 2010), but the
question of reliability has not been quantitatively addressed.

When comparing VNO to AOB, one notes that there is a
change in neuronal representation of male and female urine stim-
uli. The block-diagonal appearance of the VNO correlation ma-
trix stands in contrast with a more uniform appearance of the
AOB correlation matrix, where there is substantial correlation
between responses to males and to females. This can be explained
by the observed nature of neuronal tuning in VNO and AOB.
VNO neurons tend to increase their firing rate in response to
either male urine or female urine, but rarely to both. No such
overall segregation based on sex of the urine donor was observed
in AOB, consistent with a role for at least some sensory integra-
tion in the AOB (Takami and Graziadei, 1990; Del Punta et al.,
2002; Wagner et al., 2006; Yonekura and Yokoi, 2008; Meeks et
al., 2010).

In the VNO but not the AOB, we found evidence that the task
of discriminating among male urine cues is more challenging
than that among female urine cues. This contrast is apparent
when ensemble responses of all cells collected from the VNO are
taken into account, as opposed to using just the best cells (Fig.
3B,E,F). As all VNO neurons were used, the accuracy in male
strain identification decreased from 100 to �60%, whereas the
female identification accuracy decreased from 100 to �95%. This
finding is consistent with previous studies of the VNO (Stowers et
al., 2002; He et al., 2008) that reported fewer cells responding to
male urine than female urine and also smaller magnitude of re-
sponse to male urine than female urine. In the AOB, however, no
such imbalance has been reported (Hendrickson et al., 2008). We
find that, on average, the diversity of VNO responses to male
urine (as measured by pairwise d� and correlation metrics; Fig.
5A,B) is smaller than that to female urine. The corresponding
measures in the AOB are similar for male and female urine.
Transformation of the olfactory input patterns from VNO to

AOB appears to result in an increased relative separation between
the representations of male patterns.

An animal must be able to discriminate between different
odorants not only at one particular concentration, but also at
different intensity levels. To test robustness of odor coding in the
system, we challenged the AOB and VNO neuronal populations
with three different dilution levels of four urine stimuli in Ring-
er’s saline. In this test, the decoder had no knowledge of dilution
factors, yet both AOB and VNO neurons encoded the stimulus
identity with high accuracy. In a modified challenge, we tested the
capacity of the neural population code to generalize to previously
unseen stimulus concentrations. The decoder was trained at one
dilution level and was able to successfully use the resultant prin-
cipal directions in coding space to decode at the other two dilu-
tion levels. As seen in Figure 8, A and B, the firing rate responses
tend to become smaller with progressively higher stimulus dilu-
tions. Along with the results above, this serves to reject the notion
that odor coding could be implemented in a static lookup table
fashion, where different stimuli are recognized by employing a
firing rate threshold or window. Instead, the accessory olfactory
system appears to encode the stimulus identity by representing
different stimuli as diverging paths in coding space.

An important future direction is to determine the impact, if
any, of the hormonal status of the female subject on accessory
olfactory function. In this study, the estrous status of the experi-
mental subject was not controlled, and our results represent an
average over different states. Female hormonal status influences
olfactory behavior (Beach, 1976; Pierman et al., 2006; Wesson et
al., 2006), although it is not clear that this reflects sensory func-
tion rather than downstream areas (Bressler and Baum, 1996). If
discrimination accuracy does vary with the estrous cycle, then it
seems likely that peak performance would be even higher than
reported here, which would be an interesting topic for further
mechanistic study.

We have seen that the AOB neuronal ensemble encodes sex
and strain information with sufficient accuracy for decoding by a
putative downstream brain region. In the accessory olfactory sys-
tem, the majority of AOB projections are to the medial amygdala
(MeA; Brennan, 2001). The MeA, as the downstream area of
olfactory processing, likely represents odors in a way that is yet
more salient to the animal. Investigating how and whether stim-
ulus representation is transformed from AOB to MeA to aid the
animal’s behavioral decision making is a natural extension of
current work.

Figure 9. Concentration-invariant odor coding in AOB and VNO: training and testing on different dilutions. A, Train to classify
male and female urine on two strains (BALB/c and CBA) at one dilution (for AOB). Resultant linear directions (LDs) from this dilution
were used to test on the other two dilutions. Horizontal axis, Dilution of the test urine in Ringer’s control (RC); vertical axis,
classification accuracy. Black line (control), Train and test classifier at the same urine dilution. The horizontal position for some
circles was shifted by a small amount to reduce overlap. B, Same as in A, but for VNO.
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