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Abstract

Ensemble coding in the early olfactory pathway has been extensively investigated using imaging
techniques. These studies have shown that glomeruli with similar affinity gather in close proximity in
olfactory bulb, forming a module. In this work, we propose computational methods for analyzing this neural
code. Specifically, we show how non-negative matrix factorization (NMF), a machine-learning method for
extracting the intrinsic parts of objects, can be used to automatically extract glomerular modules from a
database of bulbar activity patterns, as measured with 2-deoxyglucose. The modules extracted by NMF
correspond to localized areas in olfactory bulb, in consistency with experimental results from imaging studies
on glomerular activity. To validate the emerging representation, we analyzed the relationship between neural
activity on these modules and perceptual descriptions of the odorants. We first used pattern-classification
techniques to predict ten perceptual descriptors for 53 odorants from their activity on the modules. Our
results indicate that NMF is able to extract modules that are intrinsic to the odor coding mechanism.
Furthermore, we used mutual information to analyze the relationship between modules and olfactory

perception. This analysis revealed the contribution of each module to the olfactory percepts.
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Introduction

Olfactory transduction in the rat starts with a large repertoire of odorant receptors (ORs) located on
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the cilia of a much larger population of olfactory receptor neurons (ORNS) in the olfactory epithelium [1], [2].
ORNs expressing a given type of OR gene are scattered widely in the epithelium, but their axons exclusively
converge onto a few out of a few thousand glomeruli in olfactory bulb [3]-[5], suggesting that an individual
glomerulus represents a single type of OR [6]-[8]. As a result of this chemotopic organization, the identity of
an odorant is assumed to be represented by a combinatorial activity pattern across glomeruli [9].

These glomerular patterns (i.e., odor maps) have been investigated using imaging techniques,
including intrinsic signals [10], [11], activity-related gene expression (c-fos) [12], and glucose uptake
measured with radio-labeled 2-deoxyglucose (2-DG) [13], [14]. Analysis of these odor maps for a wide
variety of odorants shows that glomeruli with similar affinity are clustered in neighboring regions or modules
[15], [16]. Thus, glomerular activity can be described as a pattern across these modules, each of which
represents a fundamental functional unit of signal processing in the olfactory system [14], [17]. These studies
suggest that much can be learned about olfactory coding by extracting these intrinsic modules from neural
activity in the olfactory bulb.

This article presents a computational methodology for extracting and analyzing these modules. The
approach is particularly useful when operating with a large number of samples with high dimensions, as is
the case with the above imaging studies. At its core, our approach is based on non-negative matrix
factorization (NMF), a machine-learning technique that has emerged in recent years as a promising method
for analyzing neural and perceptual representations [18]-[20]. NMF has the ability to extract the intrinsic
parts of objects because of a non-negative constraint that it imposes on the decomposition (e.g., a face is
decomposed into its individual parts: eyes, mouth, nostrils, etc). In the context of olfaction, the intrinsic parts
extracted by NMF may correspond to functional modules in the olfactory bulb, where each “functional
module” is a local ensemble of neurons that acts as an olfactory coding dimension. Such decomposition
cannot be achieved with traditional techniques, such as principal components analysis. Our hypothesis is that,
once the fundamental functional units (modules) in the olfactory bulb are extracted, the perceptual properties
of a stimulus can be predicted from its neural activity on the olfactory bulb modules. To test this hypothesis,

a pattern classifier was used to predict the perceptual properties of the odorants from their activity on the
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olfactory-bulb modules extracted by NMF. Among all pattern classification methods (e.g., Bayesian,
decision trees, neural networks), Support Vector Machines (SVM) have become the “gold standard” in
machine-learning due to their generalization properties, their ability to operate with high-dimensional data,
and the absence of local minima in the solution space [21]. Thus, in this work we used SVMs to ensure the
best possible prediction results while minimizing the chances that these results could be biased by the
limitations of other pattern classifiers. In addition to the pattern-classifier predictions, the statistical
relationship between module activities and olfactory perception was analyzed using mutual information [22]
in order to visualize the contribution of each module to the olfactory percepts. Unlike the standard
(Pearson’s) correlation coefficient, which can only measure linear statistical dependencies between two
variables, mutual information also measures non-linear dependencies, such as those that are known to exist
between neural representations and their percepts.

The contributions of this work are as follow. First, though a number of studies have been reported on
the relationship between neural activity and olfactory perception [23]-[27], these studies have concentrated
on a small number of odorants. In contrast, our article presents more comprehensive results using a large
number of odorants (53) and olfactory perception (10 descriptors). Such comprehensive analysis is
complementary to the detailed studies already in the literature, and together can enhance our understanding
of the neural mechanisms for odor coding. Second, though principal components analysis (PCA) has been
previously used to analyze spatio-temporal patterns in the olfactory bulb [28], [29], this technique is unable
to find the intrinsic parts of objects (modules in the olfactory bulb). PCA produces global representations,
which are inconsistent with the view that odor coding in the glomerular layer consists of activity in local
modules [15], [17]. To the best of our knowledge, ours is the first analysis of olfactory bulb imagery using a
non-negative decomposition. Last, we propose a computational methodology that is not limited to a specific
animal model, and could be used to automatically extract intrinsic modules when additional data (e.g., in the

rat olfactory bulb or the olfactory systems of other phyla) becomes available.
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Materials and methods

Archive of olfactory bulb images

Images of glomerular activities in olfactory bulb were taken from the Glomerular Activity Response
Archive at the University of California at Irvine [30]. The images depict spatial distribution of 2-
deoxyglucose uptake evoked in the glomerular layer of rat olfactory bulb in response to a wide range of
odorant stimuli. In this method, [**C]2-deoxyglucose is injected into the animal immediately prior to
stimulation with an odorized vapor for a duration of up to 45 minutes. The radio-labeled 2-DG is taken into
cells through a glucose transporter in proportion to the cells” demand for glucose. Thus, more 2-DG is
accumulated in areas that are activated by a stimulus. The 2-DG method has sufficient spatial resolution to
detect the activation of a single glomerulus while simultaneously recording activity across an entire
glomerular layer [30], [31].

In this paper, all the images available in the archive as of March 2005 were used for the analysis.
These include 172 images of 121 odorants with replicated measurements and multiple concentrations for
some odorants. The representatives for the odorants used in this study are listed in Table 1. In order to reduce
computations, each image was subsampled from its original size (approx. 220x400 pixels) down to 73x132
pixels, and cropped to preserve the region of interest common to all images. Subsequently, each image was
normalized by its L2 norm in order to remove concentration effects, and each pixel was normalized by its
variance across all odorants to remove biases towards stronger glomeruli. In this paper, only dorsal-centered
images were employed.

——» [Table 1]

Module extraction

Olfactory bulb modules were extracted using the NMF algorithm proposed by Lee and Seung [19],
[20]. NMF is a bilinear decomposition with a non-negativity constraint on the elements of the decomposition

matrices:
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V; ~ (WH); = > W, H, W. >0,H. >0 (1)

ij = ij =

where V isa nxmdata matrix, each column being an n-dimensional sample out of a dataset with m samples.
For image datasets, each column of V is obtained by sampling the corresponding image in raster-scan fashion
(i.e., by concatenating columns in the image into a single column). The r columns of W are called basis
vectors; since each represents a basis of the vector space used to represent the original data. In turn, each
column of H is called an encoding vector, and is in one-to-one correspondence with a sample vector in V:
each encoding vector in H represents the coefficients of a linear combination of the basis vectors in W for a
particular sample vector in V. In NMF, the basis vectors W and the encoding vectors H are obtained from the
data matrix V by minimizing the reconstruction error [V — WH| with a non-negativity constraint on each
element of W and H. Since no subtractions can occur in WH, NMF operates according to the intuitive notion
of combining parts to form a whole. Thus, NMF has the ability to learn basis vectors that are intrinsic parts
of objects; e.g., when applied to facial images, NMF returns local regions such as mouth, eyes, nostrils, etc.
For our purposes, each basis vector in W corresponds to a glomerular module, whereas each encoding vector
in H corresponds to the activity of all modules for a particular odorant (i.e., a pattern or a code).

The original NMF algorithm of Lee and Seung [20] provides an efficient iterative procedure for the
calculation of W and H from random initialization, but the solutions are rather sensitive to the choice of
initial values. To address this issue, our implementation of the NMF algorithm uses a deterministic
initialization driven by the distribution of the data. First, a k-means clustering algorithm combined with an
initialization method based on principal components analysis [32] is used to identify representative clusters
of pixels based on their response across all odorants. The centers of the resulting clusters are used as initial
encoding vectors H for NMF. The initial basis vectors W for NMF are then obtained by minimizing the
reconstruction error |V — WH]| for the initial encoding vectors H using a non-negative least squares algorithm

[33]. The final NMF decomposition is obtained from these initial matrices using the original NMF.
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Relationship between module activity and olfactory perception

To validate the extracted modules, we investigated the extent to which neural activity in the rat
olfactory-bulb modules can be used to predict perceptual properties of the odorants, obtained from Flavornet
[34]. Although there is no evidence that the olfactory perception spaces of rats and humans are the same,
recent genetic studies [2] indicate that the rat OR repertoire covers a similar “receptor space” as the human
OR repertoire.

The Flavornet dataset is relatively sparse, with only a few descriptors (typically 1-3) available for
each odorant and vice versa. Among all the Flavornet descriptors, our analysis was conducted only on those
which were active for more than five bulb images in the archive. Table 2 shows the ten descriptors and the
odorant indices (from Table 1) for which they are active; replicates of an odorant index indicate multiple
concentrations or measurements. Although NMF modules were computed on all 121 odorants (172 images)
in the archive, only 53 odorants (87 images) were used to correlate neural and perceptual representations.
The 53 odorants are those for which at least one of their active descriptors is also active for another
odorant(s); this restriction filters out odorants whose descriptors may be too specific.

—— [Table 2]

First, the relationship between module activities and odor properties was examined as a classification
paradigm. Each olfactory bulb image (m=87) was assigned an indicator variable for each odor descriptor:
“+1” if the descriptor was active for the odorant, and “-1” otherwise. The objective was to predict the value
of each indicator variable based on the module activities. For this purpose, a support vector machine (SVM)
classifier was used [35], [36]. Given that classification performance of the original SVM algorithm
deteriorates when there is a large mismatch in the numbers of data for each group (imbalanced dataset), we
employed an SVM algorithm that allows different error costs to be defined for each class [37]. Following
[37], the ratio between the error cost for the positive and negative classes was set to the inverse of the
imbalance ratio (the ratio between the number of data in the positive and negative classes). A radial basis

function was employed as the SVM kernel function.
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Two metrics, sensitivity and specificity, were used for evaluating the prediction results. The
sensitivity is the true positive rate, defined as the proportion of positive instances that are correctly classified
as positive. The specificity is the true negative rate, defined as the proportion of negative instances that are
correctly classified as negative. These two metrics are combined into a geometric mean (g-mean), defined as
the square root of the product of sensitivity and specificity [37], [38]. Sensitivity, specificity, and g-mean
were calculated using 10-fold cross validation [35]; for each fold, 90% of the data was used to train the SVM
classifiers, and the remaining 10% to estimate the three figures of merit.

In order to test the hypothesis that the perceptual properties of odorants can be predicted from
module activity, the performance of the NMF modules was compared against a baseline “chance level”. To
obtain chance levels, the indicator value (1) for each olfactory descriptor was randomly assigned for all
odorants, while ensuring that the number of (randomly) active odorants for each descriptor was identical to
that in the original dataset. An SVM classifier was then built to predict the value of each (random) descriptor
from the NMF module activities. The final chance level was obtained as the average across ten separate
experiments, each with a different random assignment of descriptors. The performance on the NMF modules
was evaluated against that of two additional SVM classifiers: one that predicted odor percepts from the
original modules in the archive, shown in Figure 6(b), and a second one that used “local” modules
determined based on spatial locality (i.e., no chemotopic considerations). The latter, shown in Figure 6(c),
were obtained by k-means clustering of pixels according to their position in the image.

Second, we also employed mutual information [22] to visualize the relationship between module
activities and odor descriptors. Mutual information is a measure of statistical dependence between two
random variables based on the concept of entropy, a measure of uncertainty or disorder in a random variable.
In the context of this paper, the two random variables are the activity of each module and the indicator

variable (+1) for each descriptor. For a discrete random variable X, the entropy H(X) is defined as:
H(X): _Z p(x)logp(x) H(X)Z 0 )

where p(x) is the probability mass function at X=x. In turn, the mutual information between two random
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variables X and Y is defined as:

|(x-Y)=§Z p(x,y)log%

(X)=H(X]Y) 1(X;Y)=>0 3)
(V)= H(YX)

H
H

where p(x, y) is the joint probability, and H(X|Y) is the conditional entropy, the remaining uncertainty in X

given that Y is known:

H(X]Y)= —ZX‘,Z p(x,y)logp(x] y) H(X1Y)=0 (4)

The mutual information I(X; Y) can be interpreted as the reduction in the uncertainty of X when the
random variable Y is determined (or vice versa, due to the symmetry on X and Y). Thus, mutual information
increases with the statistical dependence between X and Y. Moreover, since the mutual information is upper-
bounded by the entropies of X and Y (refer to Eq. 3), in this work it was normalized by the lower of the two

entropies as:

1(X;Y)
min(H(X ),H(Y))

NMI(X;Y)= (5)

Thus, NMI (X;Y ) is bounded [0, 1] for ease of interpretation. In order to compute the mutual information,

the probabilities p(x), p(y), and p(x, y) were estimated as histograms, with quantization levels of 2 for each

descriptor (+1) and 20 for the activity of each module.

Results

Module extraction

Examples of olfactory bulb images from the archive [30] are shown in Figure 1, where the first rows
in (a), (b), and (c) show the neural representation for odorants of fruit, fat, and sweat smell, respectively.
Lighter parts in the images represent areas of high neural activity, as detected by the 2-DG method. As

shown in the images, the olfactory bulb displays similar activity distribution for odorants with the same smell
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impression. The 172 olfactory bulb images in the archive were used to extract basis vectors W using NMF.
The activity and contours of the resulting modules are shown in Figures 2 (a) and 6 (a), respectively. The
number of the basis vectors was set to 16, the same as the number of experimentally-extracted modules in the
archive, so that an unbiased comparison between NMF modules and archive modules could be performed.
For comparison purposes, Figure 2 (b) shows the basis vectors extracted with principal components analysis
(PCA), the classical representative among all dimensionality-reduction techniques. PCA minimizes the
reconstruction error in the least-squares sense which, in general, requires negative values on elements of the
basis vectors [39].

—— [Figure 1, Figure 2]

NMF operates in an unsupervised fashion. Illustrated in Figure 3, NMF finds a decomposition of the
data into a series of basis images (or modules) and encoding vectors (or module activities), neither of which
is allowed to be negative. Since subtractions are not allowed in the decomposition, basis images tend to be
sparse, that is, many entries of the basis matrix are close to zero. This sparseness of the basis matrix leads to
a local representation for the modules. PCA also operates in an unsupervised fashion. However, PCA allows
the modules (eigenvectors) and encodings (principal components) to be negative, which leads to a global
representation of the modules, as shown in Figure 2 (b).

—— [Figure 3]

The encoding vectors H (or module activities) produced by NMF can be thought of as the
coefficients of a linear superposition in terms of basis vectors W. Module activities for images with fruit, fat,
and sweat smell descriptors are shown in Figures 4 (a), (b), and (c), respectively. The module indices in
Figure 4 correspond to those in Figure 2 (a). The fruit smell caused high activation primarily in the 10th
module, whereas the fat smell showed high activation in the 6th and/or 14th modules, and the sweat smell
produced high activity in the 1st and 3rd modules. Thus, smell impressions can be tied to areas of high neural
activity in olfactory bulb.

——» [Figure 4]

Reconstructions of the original images from the NMF decomposition are shown in the lower rows of

9
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Figure 1. These results indicate that, in addition to extracting the local parts, NMF is also able to represent

the original images with a relatively low number of basis vectors by removing high frequency noise.

Relationship between module activities and olfactory perception

Based on the module activities obtained by NMF, the smell impression was predicted using an SVM
classifier. Prediction results for 10 fold-cross validation are shown in Figure 5, in terms of the sensitivity
(true positive rate), the specificity (true negative rate), and the g-mean (combined measure of sensitivity and
specificity). As shown in Figure 5 (a), the predictability for the NMF modules was much higher than the
chance level, supporting the hypothesis that olfactory percepts can be predicted from neural activity in
olfactory bulb.

In order to analyze the effectiveness of the NMF method, the prediction result from NMF modules
(Figure 6a) was also compared with those for archive modules (Figure 6b) and local modules obtained by
“mosaicing” the bulb spatially (Figure 6¢). The three sets of modules were compared by their ability to
predict each of 10 olfactory descriptors. As discussed earlier, a support vector machine (SVM) classifier was
built to predict each olfactory descriptor (10 descriptors) from each set of modules (3 sets), for a total of 30
classifiers. Figure 5 (b) shows the accuracy of these predictions on test samples in terms of (1) sensitivity
(true positive rate), (2) specificity (true negative rate), and the geometric mean of these two. The average g-
mean across the 10 descriptors was 81.1% for NMF modules, 74.9% for archive modules, and 76.3% for
local modules.

To determine whether or not differences in accuracy between NMF modules and archive modules
were statistically significant, the g-mean of each representation across the ten descriptors was treated as a
population, and these two populations (ten samples each) were compared using a paired t-test. Similar
comparisons were performed between NMF and local modules, and between archive and local modules The
paired t-test reveals significant differences at the 0.05 level between NMF and archive modules (p = 0.0455,
t = 2.32), and between NMF and local modules (p = 0.0440, t = 2.34). Moreover, differences between the

archive modules and the local modules were found not to be statistically different (p = 0.5441, t= 0.63).

10
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A similar procedure could have been used to compare the performance across different descriptors.
This comparison would have allowed us to determine whether or not some olfactory descriptors are easier to
predict than others. However, each of the ten descriptors is described by a population of only three samples
(i.e., three sets of modules), which was deemed to be insufficient. Therefore, no comparisons were performed
among descriptors.

——» [Figure 5, Figure 6]

Furthermore, the relationship between module activities and odor descriptors was visualized by
computing the normalized mutual information, which can be thought of as a non-linear measure of
correlation. Results are shown in Figure 7, where the size of each circle is proportional to the normalized
mutual information. These results are consistent with those in Figure 4, which instead showed the activity of
NMF modules. There are dependencies between fruit smells and activity in module 10, between fat smells
and activity in modules 6/14, and between sweat smell and activity in modules 1 and 3. Furthermore, other
relationships can be also observed in Figure 7, indicating that the normalized mutual information is a useful
tool to analyze the neural coding of smell impressions in olfactory bulb.

— [Figure 7]

Discussion

The following conclusions can be extracted from the experimental results obtained in the previous
section. First, the perceptual properties of an odor (as indicated by the ten olfactory descriptors) can be
predicted from neural activity in the glomerular layer. This conclusion is clearly illustrated in Figure 5 (a),
which shows that the prediction performance of olfactory percepts from neural activity is much higher than
chance level. Second, NMF is an effective method for extracting intrinsic modules, this is, local
representations that are highly predictive of the olfactory percepts. Supporting this conclusion is the
experimental comparison between NMF modules (Figure 2a, Figure 6a) and three additional representations:
PCA modules (Figure 2b), archive modules (Figure 6b), and a naive partition into purely “spatial” modules

(Figure 6¢). As discussed earlier, the global representation of PCA is inconsistent with the view that odor
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coding in the glomerular layer consists of activity in local modules [15], [17]. Among the three local
representations (i.e., NMF, archive, “spatial” modules), NMF provides the highest prediction results, as
shown in Figure 5 (b). Third, mutual information provides a high-level view of the relationship between
modules and olfactory perception (i.e., the ensemble code). As shown in Figure 7, module #1 appears to be
associated with a very specific percept (“sweat”), whereas module #8 is associated with several, broader

percepts (“fruit”, “fat”, “sweet™). Likewise, the results in Figure 7 suggest that broader percepts may be
associated with widespread activity in olfactory bulb, though further studies are required to test this

hypothesis.

Comparison between NMF and archive modules

Most of the modules extracted by NMF (Figure 2a, Figure 6a) show two clusters in lateral and
medial parts of olfactory bulb. This is consistent with the modules provided with the archive, shown in
Figure 6 (b), where each module was labeled by a pair of upper-case and lower-case letters [13], [30].
Considering that the NMF modules also predict the perceptual properties of the odorants more accurately
than the archive modules, we can conclude that NMF provides an objective method for extracting intrinsic
modules in an automated fashion from a large number of samples.

For comparison purposes, the number of NMF modules used in this article was set to the same value
as that in the archive (16 modules). However, given that the number of archive modules was determined
empirically, it is possible that the actual number of intrinsic modules may be larger than the one used here.
Recent studies have estimated the OR repertoire to be around 1,000 in the mouse, and 500-750 in humans [2].
Thus, these numbers serve as an upper bound on the number of intrinsic modules in olfactory bulb. However,
given that glomeruli with similar affinity gather in close proximity [15], [16], the number of intrinsic
modules is likely to be lower than the OR repertoire. Determining the number of intrinsic modules in the rat
olfactory bulb is an important topic for future research. Once additional olfactory images from a sufficient
number of odorants are available, the proposed method can be used to generate estimates of the number and

location of these functional modules.
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Relationship between module activities and olfactory perception

The result in Figure 5 (a) supports the hypothesis that olfactory perception can be predicted from
neural activity in olfactory bulb, whereas the result in Figure 5 (b) demonstrates the effectiveness of the
NMF method in extracting the intrinsic signal-processing units of olfaction. Figure 5 (b) also yields an
interesting result: the “local”” non-chemotopic modules in Figure 6 (c) have similar predictive accuracy as the
archive modules in Figure 6 (b). One possible explanation for this result is that the olfactory bulb has a larger
number of intrinsic modules, each composed of closely located glomeruli. If such were the case, the three
sets of modules considered in this article would only provide a very coarse representation, one that averages
away information in highly localized modules. This issue deserves further investigation, which could be
greatly facilitated by the computational methods in this article.

Several studies have been reported on the relationship between neural activity and olfactory
perception [13]. If odorants are coded using unigue patterns of glomerular activity, it should then be possible
to predict smell percepts from these activity patterns. To test this hypothesis, Linster et al. [23] and Rubin
and Katz [24] used pairs of enantiomers (optical isomers). Their behavioral experiments revealed that rats
can discriminate between enantiomers only if their glomerular activities are different. The relationship
between neural activity and olfactory perception has also been previously investigated using mucosal
activities in rats [25], [26] and antennal lobe activities in honeybees [27] using 5-16 odorants. Compared
with these studies, our article presents results on a large number of odorants (53) and olfactory perception
(10 descriptors). Therefore, the results in this paper provide a comprehensive insight of the relationship
between neural and perceptual spaces. Such comprehensive analysis is complementary to the detailed studies
mentioned above, and together can enhance our understanding of the neural mechanisms for odor coding.

The perceptual descriptors used in this paper were obtained from the Flavornet database [34], which
contains the smell impression of humans. Though it is not clear whether the olfactory perception space of
humans and rats are similar, our study is supported by a number of comparative studies. Olfactory systems

across most species in most phyla show striking neuroanatomical and molecular similarities, which support
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the idea of a common underlying design [40], [41]. As mentioned earlier, cluster analysis of human and rat
OR genes shows that the rat OR repertoire cover a similar “receptor space” as the human OR repertoire [2].
Thus, the high predictive accuracy of our SVM classifier (summarized in Figure 5) is supportive of the
hypothesis that humans and rats may also share a similar perceptual space.

This article has analyzed the relationship between neural activities and olfactory perception; an
important direction of future work is the joint analysis of neural activity and molecular features of the
odorant. Recent work by Leon et al. [13], [42], [43] revealed that the molecular features most relevant to
neural activities are functional groups, hydrocarbon structure, and functional group position on a molecule.
The computational methods presented in this paper may prove beneficial to investigating additional relevant
molecular features, and may reveal a larger number of modules than those found here. Such investigations

could provide key insights into the thus-far elusive structure-odor relationships [44], [45].
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Table Captions

Table 1 List of representatives for odorants.

Table 2 Smell descriptors used for the analysis, selected from Flavornet [34]. Only descriptors which have
more than 5 images in the olfactory bulb archive were employed.

Figure Captions

Fig. 1. Olfactory bulb images for odorants with similar smell impreassion. (a) 1-Fruit, (b) 3-Fat, (c) 6-Sweat.
The first row in each figure shows original olfactory bulb images. The second row shows the images
reconstructed based on the extracted NMF modules and their activities. Odorant numbers are shown
in Table 1. For multiple images of an odorant, only a representative image is shown. The maximum
and minimum values in each image are represented by white and black, respectively.

Fig. 2. Extracted modules by (a) NMF and (b) PCA. For PCA, the first 16 eigenvectors of the covariance
matrix of the data matrix are presented. In (a), dashed line represents the contour of olfactory bulb.
The maximum and minimum values in each image (absolute values for PCA) are represented by
white and black, respectively.

Fig. 3. lllustration of the decomposition performed by non-negative matrix factorization. Activity in the
olfactory bulb (left) is represented as the sum of activities (right; shown as a 4x4 matrix, where
lighter colors denote higher values) across sixteen modules (center; shown as a 4x4 image mosaic).

Fig. 4. NMF module activities to odorants with similar smell impression. (a) 1-Fruit, (b) 3-Fat, (c) 6-Sweat.
Module numbers correspond to the numbers in Figure 2 (a). For multiple images of an odorant, only
the activity of a representative image is shown.

Fig. 5. Prediction of smell impression from NMF module activities using a Support Vector Machine
classifier. (a) Comparison of NMF with chance level. “Random” represents a chance level:
prediction results from NMF module activity when descriptors are randomly assigned to images (The
number of active images is kept the same as the original for each descriptor). (b) Comparison of
NMF with archive modules (Figure 6b) and local modules (Figure 6c). “Local” modules were
determined by dividing the olfactory bulb region only based on spatial location, as shown in Figure 6
(c). Top: Sensitivity (true positive rate), middle: Specificity (true negative rate), bottom: g-mean .

(\/Sensitivityx Specificity)The difference between “NMF” and “Archive”, and the difference
between “NMF” and “Local” were statistically significant at the 0.05 level in paired t-tests.

Fig. 6. (a) Outline of NMF modules in Figure 2 (2). (b) Modules in the Glomerular Activity Response
Archive [30]. (c) Local modules determined by dividing the olfactory bulb region based on spatial
location.

Fig. 7. Relationship between descriptors and NMF module activities, visualized by normalized mutual
information.
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Table 1 List of representatives for odorants.

Odorant
1-heptanol
1-hexanol
1-nonanol
1-octanol
1-propanol
2-heptanone
2-hexanone
2-nonanone
2-octanol
2-octanone
2-pentanol
2-pentanone
2-undecanone
3-hexanone
4-methyl-3-penten-2-one
acetophenone
benzaldehyde
benzyl alcohol
butyric acid
caproic acid
decanal

CAS #
111-70-6
111-27-3
143-08-8
111-87-5
71-23-8
110-43-0
591-78-6
821-55-6
123-96-6
111-13-7
6032-29-7
107-87-9
112-12-9
589-38-8
141-79-7
98-86-2
100-52-7
100-51-6
107-92-6
142-62-1
112-31-2

#
64
65
66
67
68
72
73
74
75
80
91
92
94
102
104
106
107
108
109
120

Odorant CAS #
ethyl caproate 123-66-0
ethyl heptanoate 106-30-9
ethyl octanoate 106-32-1
ethyl propionate 105-37-3
ethyl valerate 539-82-2
guaiacol 90-05-1
heptanal 111-71-7
hexanal 66-25-1
hexyl acetate 142-92-7
isovaleric acid 503-74-2
methyl benzoate 93-58-3
methyl caproate 106-70-7
methyl cyclohexanecarboxylate 4630-82-4
nonanal 124-19-6
octanal 124-13-0
octanoic acid 124-07-2
p-anisaldehyde 123-11-5
pentanal 110-62-3
propionic acid 79-09-4
valeric acid 109-52-4
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Table 2 Smell descriptors used for the analysis, selected from Flavornet [34]. Only
descriptors which have more than 5 images in the olfactory bulb archive were employed.

Descriptor # of odorants # of images Odorant # ?

1  Fruit 9 9 21, 64, 65, 66, 67, 68, 75, 92, 94

2 Green 8 11 1,1,1,2,2, 3,17, 20, 22,102, 104

3 Fat 7 8 3,18, 66, 73, 73, 74, 102, 104

4  Sweet 6 6 33,46, 72, 91, 92, 107

5 Soap 5 11 11, 11, 17, 19, 19, 19, 19, 19, 61, 61, 104

6 Sweat 5 14 50, 51, 51, 51, 80, 106, 120, 120, 120, 120, 120, 120, 120, 120
7 Chemical 3 6 1,1,1,4,4,33

8 Pungent 3 7 6, 108, 108, 108, 108, 108, 109

9 Ether 3 8 13, 13, 13, 13, 13, 13, 21, 25

10 Almond 3 8 40, 45, 45, 108, 108, 108, 108, 108

# Duplicate numbers represent multiple images for the odorant with different concentrations or measurements.
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Fig. 1. Olfactory bulb images for odorants with similar smell impression. (a) 1-Fruit, (b) 3-Fat, (c) 6-Sweat.
The first row in each figure shows original olfactory bulb images. The second row shows the images
reconstructed based on the extracted NMF modules and their activities. Odorant numbers are shown in Table
1. For multiple images of an odorant, only a representative image is shown. The maximum and minimum
values in each image are represented by white and black, respectively.
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(a) (b)

Fig. 2. Extracted modules by (a) NMF and (b) PCA. For PCA, the first 16 eigenvectors of
the covariance matrix of the data matrix are presented. In (a), dashed line represents the
contour of olfactory bulb. The maximum and minimum values in each image (absolute
values for PCA) are represented by white and black, respectively.
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Fig. 3. Hlustration of the decomposition performed by non-negative matrix factorization. Activity in the
olfactory bulb (left) is represented as the sum of activities (right; shown as a 4x4 matrix, where lighter colors
denote higher values) across sixteen modules (center; shown as a 4x4 image mosaic).
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Fig. 4. NMF module activities to odorants with similar smell impression. (a) 1-Fruit, (b) 3-Fat, (c) 6-Sweat.
Module numbers correspond to the numbers in Figure 2 (a). For multiple images of an odorant, only the
activity of a representative image is shown.
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Fig. 5. Prediction of smell impression from NMF module activities using a Support Vector Machine
classifier. (a) Comparison of NMF with chance level. “Random” represents a chance level: prediction results
from NMF module activity when descriptors are randomly assigned to images (The number of active images
is kept the same as the original for each descriptor). (b) Comparison of NMF with archive modules (Figure
6b) and local modules (Figure 6¢). “Local” modules were determined by dividing the olfactory bulb region
only based on spatial location, as shown in Figure 6 (c). Top: Sensitivity (true positive rate), middle:

Specificity (true negative rate), bottom: g-mean \/Sensitivityx Specificity ). The difference between

“NMF” and “Archive”, and the difference between “NMF” and “Local” were statistically significant at the
0.05 level in paired t-tests.
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Fig. 6. (2) Outline of NMF modules in Figure 2 (a). (b) Modules in the Glomerular Activity
Response Archive [30]. (c) Local modules determined by dividing the olfactory bulb region
based on spatial location.

26



Department of Computer Science, Texas A&M University, Technical Report tamu-cs-tr-2008-11-2

SCALE

DESCRIPTORS

MODULE

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
FRUIT e oo+ O +P - -0+ +00
GREEN + & » 8 0 @ + @ +» s @+ - 9O -
FAT N NN KN NN NI NI IY ¥
sSWeel @ ® » 0 @ » 0 QP o090+ + + 0
SOAP QP + 9 +- 00+ 0o+ + 0+ 0 0@
SWEAT.'..*!"‘.'O'!.-
cHEMICAL » P 0 @ o @ o 0 o @+ + » °
PUNGENT @ = §p @ « « = s P+« ¢ @ =+ » 8 @
ETHER @ @ & & + s 8@+ P » » + » 0 @
AIMOND & o & @ & + ® 0o D & ¢ ¢ + : & »

VALUE

Fig. 7. Relationship between descriptors and NMF module activities, visualized by

normalized mutual information.
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