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In humans, the amygdala and piriform cortex are 2 important brain structures involved in hedonic odor 
processing. Although the affective processing of odors in these 2 structures has been extensively studied 
in the past, the way in which each tested individual contributes to the observed global pattern remains little 
understood at this stage. The purpose of this study is to examine whether exceptional pattern extraction 
techniques can improve our understanding of hedonic odor processing in these brain areas while paying 
particular attention to individual variability. A total of 42 volunteers participated in a functional magnetic 
resonance imaging (fMRI) study in which they were asked to smell 6 odors and describe their hedonic 
valence. Classical univariate analyses (statistical parametric mapping) and data mining were performed 
on the fMRI data. The results from both analyses showed that unpleasant odors preferentially activate 
the anterior part of the left piriform cortex. Moreover, the data mining approach revealed specific patterns 
for pleasant and unpleasant odors in the piriform cortex but also in the amygdala. The approach also 
revealed the contribution of each of the 42 individuals to the observed patterns. Taken together, these 
results suggest that the data mining approach can be used—with standard fMRI analyses—to provide 
complementary information regarding spatial location and the contribution of individuals to the observed 
patterns.

Introduction

The sense of smell is an important sensory function for humans: 
It allows one not only to detect dangers in the environment but 
also to feel pleasure [1,2]. Psychophysical and neurobiological 
studies show that this hedonic processing of odors is omnipres-
ent during the cerebral treatment of an odor: From a neural 
point of view, the pleasant/unpleasant character of an odor is 
represented at several levels, in the olfactory epithelium [3], 
the olfactory bulb [4], the piriform cortex [5,6], the amygdala 
[7], and the orbitofrontal cortex [8].

Another important aspect of these hedonic processes in rela-
tion to odors is that they can vary greatly from one individual 
to another. While for some people the eugenol molecule is 
reminiscent of the smell of cloves and can be perceived as rather 
pleasant, for others it will evoke the rather unpleasant context 
of the dentist [9]. These interindividual variations in response 
to smells are little taken into account in olfactory brain imaging 
studies [10]. Moreover, this variability could explain, at least 
in part, contradictory results about the role of certain struc-
tures in olfactory affective processes from one study to another. 

Among these structures, 2 areas are particularly studied: the 
piriform cortex and the amygdala.

Although some studies show that activity within the piri-
form cortex and amygdala is not associated with valence but 
rather with the intensity of the olfactory stimulus [11–13], 
other studies state that the hedonic valence of odors is repre-
sented in both structures [7,14]. Still, others suggest that the 
amygdala encodes neither stimulus intensity nor odor valence, 
but a combination of both dimensions that reflects the overall 
emotional salience of the olfactory stimulus [15]. Furthermore, 
studies that consider valence independently of intensity show 
that pleasant and unpleasant odors induce a greater neural 
response in the amygdala [16] and anterior piriform cortex 
(AntPC) [14] compared to odors described as neutral (without 
salient emotional valence). Moreover, it appears that this 
region encompassing the piriform cortex and the amygdala is 
more activated for unpleasant odors than for pleasant ones 
[8], with a preponderant involvement of the anterior portion 
of the piriform cortex. A lateralization of these olfactory 
hedonic processes in the left part of the AntPC has also been 
mentioned [5,17]. It should be noted that other studies suggest 
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that the posterior portion of the cortex is more involved in 
processing the quality of an odor (e.g., fruity and floral) than 
the hedonic valence or the perceived intensity of the stimulus 
[14,18].

In summary, we can understand from this series of brain 
imaging studies of the sense of smell that the piriform cortex 
and the amygdala are indeed involved in odor hedonic processes. 
Nevertheless, the spatial localization of pleasant and unpleasant 
hedonic representations within this piriform/amygdala network 
remains to be determined, as does whether interindividual vari-
ability in odor hedonic perception can help explain odor pleas-
antness processing and brain activity in both areas. Although 
the most commonly used statistical methods (e.g., the general 
linear model, classification, and multivariate analysis) allow a 
fine analysis of pleasant and unpleasant hedonic representa-
tions of odors, they are most often used in group analyses that 
combine information from all subjects and take little account 
of interindividual variability. Interestingly, beyond these con-
ventional approaches, there are other techniques from data 
science that are still too rarely used in the field of brain imaging 
that could nevertheless provide complementary information. 
Among these approaches, we highlight exceptional model min-
ing (EMM).

EMM is used to identify partitions of data where a model 
fitted to the target variables is significantly different from this 
same model applied to the entire dataset [19]. An EMM algo-
rithm named C-energetics [20] allows the detection of excep-
tional subgraphs in an attributed and valued graph: It detects 
hotspots for different experimental conditions (e.g., pleasant and 
unpleasant odors) in specific spaces (e.g., piriform cortex and/
or amygdala). This approach is freed from smoothing because 
of modeling in the form of a graph; the graph allows the con-
sideration of not only one voxel but also a voxel and its adjacent 
voxels. It also overcomes the normalization of the hemodynamic 
signal per individual by considering the order of activation of 
experimental trials (e.g., odors) for each individual. Interestingly, 
once the subgraphs have been generated, it is possible to quantify 
and study the participation of each individual in the pattern. 
This allows a more fine-grained analysis of the individual con-
tribution of each participant to activation patterns qualified as 
invariant.

The main aim of our study is thus to use the EMM approach 
to describe how interindividual variability in hedonic odor 
perception can influence olfactory brain activity, particularly 
within the piriform cortex and amygdala. To this end, our study 
presents an analysis framework on a dataset comprising 42 
volunteers who smelled 6 odors and whose hemodynamic 
activity in response to these stimuli was recorded using func-
tional magnetic resonance imaging (fMRI). The data were first 
processed with conventional univariate analyses [e.g., general 
linear model and region of interest (ROI) analysis in statistical 
parametric mapping]. In a second step, the data were subjected 
to EMM in order to provide (a) specific spatial activation pat-
terns in response to the olfactory conditions (e.g., pleasant and 
unpleasant) and (b) complementary information to the univari-
ate analyses by modeling the contribution of each participant 
to the activation spatial patterns observed in each ROI (e.g., 
the piriform cortex and amygdala) and each olfactory condition 
(e.g., pleasant and unpleasant). Finally, it should be noted that 
the 42 individuals tested differed in age and gender, enabling 
us to include the effect of these 2 important variables in olfac-
tion [21–23].

Materials and Methods

Experimental procedure
Participants
The present study includes a dataset of 42 participants divided 
into 3 subsets. The first dataset (subset 1) is original (never 
published) and concerns 14 right-handed young adults (6 males 
and 8 females; mean age 22.86 ± 3.25 years) who smelled 6 
odors varying in hedonic quality. The second dataset (subset 2) 
concerns 15 right-handed young adults (mean age 22.13 ± 
4.26 years; 7 males and 8 females) who smelled 6 odors also 
varying in hedonic quality, but different from those used in 
subset 1. Note that this second dataset has already been 
exploited in a previous study [24]. Finally, the third dataset 
(subset 3) is original and involves 13 elderly right-handed indi-
viduals (mean age 63.0 ± 4.08 years; 4 males and 9 females) 
who smelled the same 6 odors as the volunteers in subset 2. 
With such an experimental design, it is thus possible to study 
whether the results observed in elderly versus young adults, or 
participants who smelled different sets of odors, participate in 
the same way in the observed patterns. It should of course be 
noted that the 42 participants that make up this dataset, what-
ever the subset, performed the experiment under the same 
experimental conditions (same MRI scanner, same olfactom-
eter, same experimental task, etc.). Only their age or the set of 
odors differed.

The absence of olfactory deficit was assessed using the 
European Test of Olfactory Capabilities [25,26], together with 
a detailed medical history and ear, nose, and throat examina-
tion. They received financial compensation for the time spent 
in the laboratory. The recording procedure was explained in 
great detail to the subjects, who provided written consent prior 
to participation. The study was conducted according to the 
Declaration of Helsinki and was approved by the Lyon Sud-Est 
ethics committee.

Odorants
All odorants were provided by Sigma-Aldrich. Their names, 
codes, compound identification (CID) numbers, and concen-
trations are listed in Table 1 alongside the subset in which they 
were used.

Note that to ensure isointense perception, odorants were 
individually diluted in mineral oil (see their respective volume/
volume concentrations). Whatever the subset, the odorants 
were delivered by an air-dilution olfactometer, described in 
detail by Sezille et al. [27]. Briefly, the device includes a stimu-
lation system, a mixing head coupled to a delivery system 
enabling diffusion of odorized air in the subject’s nose, a respira-
tory sensor that triggers the olfactometer according to the 
subject’s nasal respiration, and a response box used to collect 
subjective odor evaluations. The olfactometer, digitized visual 
instruction generator, recording of respiratory data, and the 
MRI scanner itself were all linked through one transistor–
transistor logic pulse that assured accurate time locking of 
all experimental components. This was done by recording 
intranasal sniffing continuously during the experimental ses-
sion (see the next section).

Experimental protocol
An event-related design was used, comprising the odorants (10 
trials per olfactory stimulus, 20-s interstimulus interval, and 
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5-s stimulus duration) and a non-odorized clean air condition, 
all trials distributed randomly across 5 fMRI scans (sessions). 
Each trial began with a 2-s visual primer (“Breathe naturally”) 
followed 5 s later by a 5-s hedonic task instruction (“Rate the 
hedonic valence”). Practically, participants were instructed to 
breathe naturally, and after the presentation of each olfactory 
stimulus (for 5 s), they were asked to evaluate odor hedonic 
valence using a response box with 5 buttons positioned under 
the 5 fingers of the dominant hand. The participants had 5 
options: very unpleasant smell, unpleasant smell, neutral smell, 
pleasant smell, very pleasant smell. The positioning of the 
options under the fingers was counterbalanced from one par-
ticipant to another (i.e., the thumb corresponded to very pleas-
ant for half of the subjects and very unpleasant for the other 
half). Odorants were diffused synchronously with the subject’s 
nasal respiration: A 5-s stimulus duration was chosen because 
the odor was released during exhalation and had to be main-
tained during at least the whole duration of the subsequent 
inhalation (approximately 2 s). The recorded signals were as 
follows: respiratory signal, odor valve opening, and time repeti-
tion (TR) signal from the fMRI scanner, enabling event-related 
statistical analysis. Subject’s respiratory signal was acquired 
using an airflow sensor that was integrated on an amplifier 
interface. A microbridge mass airflow (AWM2100V, Honeywell, 
MN, USA) allowed acquisition of both inhalation and exhala-
tion phases. The airflow sensor was connected to a nasal can-
nula (Cardinal Health, OH, USA; 2.8-mm-inner-diameter 
tube) positioned in both nostrils. Sniffing was digitally recorded 
at 100 Hz and stored in a computer. Sniffs were preprocessed 
by removing baseline offsets and aligned in time by setting the 
point where the sniff entered the inspiratory phase as time zero. 

Inspired volume was calculated for the first sniff of every trial 
and was used as a covariate in the fMRI contrast estimation.

Note that at the end of the fMRI sessions, participants were 
asked to rate the odorants in terms of pleasantness, intensity, 
familiarity, edibility, warmth, coolness, irritation, and pain, 
using a visual rating scale ranging from −2 (very unpleasant) 
to 2 (very pleasant), or from 0 (not at all intense, familiar, edible, 
warm, cool, irritating, or painful/pungent) to 4 (very intense, 
familiar, edible, warm, cool, irritating, or painful/pungent).

fMRI parameters
The experiment, which lasted approximately 60 min (from subject’s 
arrival to departure), was performed on a 1.5-T MR scanner 
(Siemens Magnetom). The fMRI data were collected in 142 vol-
umes per session (interleaved, anterior commissure-posterior 
commissure acquisition) with a 29 axial-slice 2-dimensional (2D) 
echo planar imaging (EPI) sequence (matrix: 64 × 64; time of rep-
etition (TR): 2,500 ms; time to echo (TE): 50 ms; flip angle (FA): 
90°; voxel size: 3.43 × 3.43 × 3.4 mm; field of view (FOV): 220). 
In the 9 min immediately following the fMRI session, a high-
resolution T1-weighted brain image (3D multiplanar reconstruc-
tion (MPR) sequence: TR = 1,970 msTE = 3.93 ms) was acquired.

Data analysis
Preprocessing of perceptual data
Hedonic ratings during the fMRI sessions were averaged for the 
10 trials of the same odorant. Then, a discretization was per-
formed in these values for each volunteer independently with 
a K-means clustering algorithm [28]. For a given volunteer, 
K-means divides the subjective ratings (of the 6 odors) into K 
clusters so that the intracluster distance of the scores is mini-
mized and the intercluster distance is maximized. This tech-
nique is independent of participants’ scoring strategies because 
the discretization is applied at the individual level and yields the 
3 categories of odors experienced as differently as possible in 
terms of pleasantness [29]. We chose K = 3 so that the cluster 
with the highest values corresponds to pleasant odors, the clus-
ter with the lowest values corresponds to unpleasant odors, and 
the middle cluster corresponds to neutral odors. In total, the 
proportions of responses between the 3 categories across all 
participants were fairly well balanced (unpleasant: 35.32%; neu-
tral: 36.90%; pleasant: 27.78%).

fMRI preprocessing and first-level analysis
Functional MRI images were preprocessed using fMRIPrep 
[30] including the following standard steps: (a) realignment of 
the voxels to correct the movements, (b) correction for tempo-
ral acquisitions, (c) coregistration of functional and structural 
images, (d) segmentation of the T1 image, (e) application of 
the deformation so that the images of the individual fit into the 
template image, and (f) estimation of regressors of no interest. 
At this stage of preprocessing, 2 datasets have been constructed. 
For the univariate analyses (see the next section), voxels were 
smoothed using a 5 × 5 × 5 mm3 full width at half maximum 
(FWHM) Gaussian kernel to limit potential noise. For the data 
mining analyses (see the “Data mining analysis” section), the 
data were left in their raw state because the algorithm searches 
for a set of adjacent voxels having an exceptional and similar 
behavior. Smoothing the data would artificially create similar 
behavior between adjacent voxels, and the algorithm would 
thus return biased patterns. The algorithm maximizes the 

Table 1. Odorants used in the study

Subset Odorant
Odorant 

code CID

Volume/
volume 
concen-
tration

1 Heptanal HEP 8130 0.15%

1-Decanol DEC 8174 100%

Acetophenone ACE 7410 4.8%

Eugenol EUG 3314 59%

Methyl 
anthranilate

MAN 8635 65.7%

3-Hexanol 3HEX 12178 0.17%

2 and 3 Propanol PRO 1031 1.5%

Isoamyl 
acetate

ISO 31276 0.6%

Benzaldehyde BEN 240 75%

Citronellal CAL 7794 15%

Citronellol COL 8842 22.5%

Trans-2-
hexenyl 
acetate

THA 17243 1.5%
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size of the pattern so that a noisy voxel will not stand out in 
the results. Then, these 2 datasets (smoothed and unsmoothed) 
were subjected to first-level analyses. Here, to obtain the esti-
mated activity of each voxel and for each odor, voxel responses 
were modeled using a design matrix: (a) built with a canonical 
hemodynamic response function and regressors of interest cor-
responding to 3 conditions of pleasantness (pleasant, neutral, 
unpleasant) for the univariate analysis (note that for this analysis, 
a fourth condition combining all odors was also performed to 
build a functional group image in response to all olfactory stim-
uli), and (b) built with a canonical hemodynamic response func-
tion and regressors of interest corresponding to the 6 odors 
(subset 1: HEP, MAN, 3HEX, DEC, ACE, EUG; subsets 2 and 3: 
PRO, ISO, CAL, BEN, COL, THA) for the data mining analysis. 
The following signals were added to the model as nuisance regres-
sors: 6 first aCompCor components [31], 6 motion parameters, 
frame displacements, nasal respiration (downsampled to fMRI 
frequency), and a cosine basis set acting as a high-pass filter (with 
a 128-s cutoff). Finally, for each participant, the final contrasts 
consisted in comparing each of the 3 conditions of pleasantness 
(for the univariate analyses) or the 6 odors (for the data mining 
analysis).

Univariate analysis
The univariate analysis is not innovative in the present study. 
As its purpose is to present the data using standard approaches 
that are widely documented in the literature, we will present it 
in a summary manner and refer the reader to the already exist-
ing documentation (see [32]). Here, the approach is based on 
a group analysis on the statistical parametric mapping software, 
which is obtained using single-sample t tests (P < 0.001, uncor-
rected). The coordinates of the MNI (Montreal Neurological 

Institute) space are used to present all activations. Then, a spe-
cific analysis in the piriform cortex and amygdala, our different 
ROIs, was performed. Note that for the piriform cortex ROI, 
we distinguished its anterior part from its posterior part since 
previous studies suggest a different functional role in each of 
these subregions. The amygdala ROI (in both the left and right 
hemispheres) was obtained from the automated anatomical 
atlas template [33–35]. Anterior and posterior piriform left/
right ROI activity was extracted using hand-drawn ROIs. These 
ROIs were drawn with the MRIcron application using 60 par-
ticipants who had participated in previous studies [36]. An 
illustration of the 3 ROIs is available in Fig. S1. Resulting mean 
images were thresholded to obtain a binary mask: At least 
30% of participants had to have a voxel in their ROI to keep it 
in the binary mask. We then performed analyses of variance 
on the average activity extracted in each ROI to examine whether 
the activation within each ROI differs between hemispheres and 
olfactory conditions (pleasant, neutral, and unpleasant stimuli). 
We also looked for an interaction between these 2 factors.

Data mining analysis
The data mining analysis is composed of 6 steps. The first one 
is common with univariate analysis and concerns preprocessing 
as was presented previously (“Preprocessing of perceptual data” 
and “fMRI preprocessing and first-level analysis” sections). In 
this section, we introduce the remaining steps. The second step 
is to model the data in the form of an attributed graph, and we 
continue with the generation of patterns using data mining 
algorithms. Next, we present the validation of these results by 
bootstrap, and finally, we calculate the participation of each 
individual in the observed patterns and visualize the results. 
This workflow is illustrated in Fig. 1.

Fig. 1. Steps of the workflow. (1) The raw fMRI data from the experiment are preprocessed, and the subjective scores are discretized into 3 categories for each individual. 
(2) Once the data are cleaned, they are transformed into an attributed and valued graph. (3) This graph is given as input to the EMM algorithm in order to extract voxel subsets 
describing the different perceptual dimensions. (4) Then, a statistical validation of the generated patterns is performed: the pattern is validated if its quality measure (called 
WRAcc) is outside the confidence interval of the distribution of a bootstrap of 10,000 random draws. (5) Finally, the participation of each individual in the pattern is calculated, 
and (6) the results can be visualized.
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Note that in this analysis, our interest is not in the absolute 
value of the voxels for each odor but rather in the relative order 
of the value of the voxels for each odor (compared to all other 
odors) within each subject. In this way, there is no need to nor-
malize the signals of the participants to compare them.

a. Modeling
The aim of this step is to transform the fMRI data into an 

attributed graph. These data are composed of one fMRI image 
by participant (or individual) and by odor and a subjective 
hedonic rating for a given odor. Let A = {‘pleasant’, ‘neutral’, ‘unpleas-
ant’} be the set of hedonic categories studied. Let πi[o] such that 
πi[o] ∈ A be the category used by the individual i to describe the 
pleasantness of the odor o ∈O. O is the set of odorants such that 
O = {′HEP′, ′MAN′, ′3HEX′, ′DEC′, ′ACE′, ′EUG′, ′PRO′, ′ISO′, ′CAL′, 
′BEN′, ′COL′, ′THA′}.

An fMRI image is composed of several voxels, and each 
voxel contains a hemodynamic activation value β. These voxels 
are considered here as the vertices V of a graph G = (V, E, P, 
D) whose edges E connect the adjacent voxels in the fMRI 
image. The vertex v representing a voxel at position (x, y, z) is 
thus connected to the voxels at the following positions: 
(x − 1, y, z), (x + 1, y, z), (x, y − 1, z), (x, y + 1, z), (x, y, z − 1), 
and (x, y, z + 1), if these neighboring voxels are included in the 
ROI studied.

The set P = {(α, α′) | α ∈ A, α′  ∈ A and α ≠ α′} contains all 
combinations of 2 non-identical categories. As an example, the 
pair (‘pleasant’, ‘neutral’) ∈ P aims at depicting the number of 
cases where odors perceived as neutral have a stronger hemo-
dynamic response than pleasant-perceived odors. To this end, 
we need to count for each vertex (i.e., voxel) the number of 
times each possible pair appears.

We denote by X(v, i, o) the level of β activity measured in the 
vertex v for an individual i ∈ [1, n] while smelling an odorant o.

We introduce as vertex attributes the pairs of categories from 
P. Therefore, for each vertex v, each pair p = (α, α′) is associated 
with a unique value d because of the function d(p, v):

The value d for a vertex (i.e., a voxel) v and a pair p is the 
sum of the average occurrence of the pair for each individual. 
The average occurrence of a pair for an individual is between 
0 and 1; the value d for n individuals is therefore between 0 and 
n. The sum of the value d for a pair and its opposite pair are 
equal to n: d((α, α′), v) + d((α′, α), v) = n.

As an example, Fig. 2A presents 6 connected vertices of the 
graph.

(1)

Fig. 2. Graph modeling. (A) Example of distribution of pair value in a subgraph. (B) Calculation of attribute values for a voxel with 2 individuals.
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To understand the calculation of D values better, Fig. 2B 
provides an example using a toy dataset of 2 individuals I = {1, 2} 
and a voxel v. The details of the calculations for the associated 
value to the pair (α, α′) = (‘neutral’, ‘unpleasant’) are presented 
below.

First, we count the number of odors for ‘neutral’ and 
‘unpleasant’:

For the individual i = 1:

For the individual i = 2:

Now, we list the pairs (o1, o2) such that πi[o1] =  ‘neutral’ , 
πi[o2] =  ‘unpleasant’, and X(v, i, o1) < X(v, i, o2) :

For the individual i = 1:

For the individual i = 2:

The value d associated to the pair (α, α′) = (‘neutral’, ‘unpleasant’) 
is therefore:

b. Subgroup discovery: Exceptional attributed subgraph 
mining

Here, we aim to extract exceptional subgraphs using the 
C-energetics algorithm. We are looking for sets of connected 
voxels attributed by pairs whose associated value is exception-
ally high compared to the rest of the graph. A high value associ-
ated with a pair means that this pair is frequent for many 
individuals. For example, in Fig. 2A, vertices v1, v4, and v5 have 
high pairs (‘neutral’, ‘pleasant’) and (‘unpleasant’, ‘pleasant’) 

compared to the rest of the graph. To find these exceptional 
subgraphs, we use the C-energetics algorithm [20].

This algorithm takes as input a graph with a set of vertices 
V, a set of edges E, pairs C, and values D. From this graph, it 
returns patterns each described by a set of vertices K ⊆ V, a set 
of pairs L ⊆ C that maximize a quality measure called weighted 
relative accuracy (WRAcc) [37]. The measure WRAcc(L, K) 
quantifies the relevance of the pattern.

We denote by G[K] the subgraph induced by K. We denote 
by sum(X, Y) the sum of the values associated with the set of 
pairs X and the set of voxels Y:

To evaluate the exceptionality of the values of the pairs L in 
the subgraph G[K] compared to the rest of the graph, we use 
the gain function:

The gain is equal to the frequency of exceptional pairs reported 
in the pattern minus the expected value, i.e., the frequency of 
these exceptional pairs throughout the graph.

For a pair to be included in the pattern, its gain for each 
voxel in the pattern must be positive. The valid function is used 
to check this condition:

A pattern is valid if the gain is positive for all the vertices of 
the pattern v ∈ k and all the exceptional pairs of the pattern 
p ∈ L.

The quality of the found pattern can be measured by the 
weighted relative accuracy function:

The WRAcc is zero if the pattern is invalid; otherwise, it is 
equal to the support of the subgraph multiplied by the gain of 
the pattern. A positive gain means that the observed values for 
the pair L in the pattern are higher in the K voxels than expected. 
The presence of the support allows us to maximize the number 
of vertices in the pattern.

From a graph G = (V, E, P, D) and 2 thresholds σ and δ, 
C-energetics returns patterns each as an exceptional sub-
graph (L, K) such that 1. ∣K ∣  ≥ σ, 2.G[K] is connected, and 
3.WRAcc(L, K) ≥ δ.

It is important to note that this algorithm uses a closure 
operator to avoid redundant patterns.

c. Filtering and validation of patterns
After having applied exceptional attributed subgraph mining 

to our data, we now need to focus on the patterns that are of 
interest and/or delete those which appear nonsignificant fol-
lowing bootstrapping. To this end, we first filter the patterns in 
order to keep only those which interest us in this study. Among 
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all the generated patterns, we are interested in 2 patterns: (a) 
the pleasant patterns that have the description “{(‘unpleasant’, 
‘pleasant’), (‘neutral’, ‘pleasant’)}”, i.e., pleasant stronger than 
neutral and unpleasant, and (b) the unpleasant patterns with the 
description “{(‘pleasant’, ‘unpleasant’), (‘neutral’, ‘unpleasant’)}”, 
i.e., unpleasant stronger than the 2 other classes. Second, in 
order to be sure that these patterns of interest are not generated 
by chance, we apply a validation step. For each pattern, we 
check that we cannot find a subgraph with a similar WRAcc 
by randomly drawing nodes in the graph. We calculate the 
distribution of the WRAcc of 10,000 connected subgraphs of 
the same size as the subgraph of the pattern for the same excep-
tional characteristics. If the WRAcc of the pattern is above the 
confidence interval (with α = 0.025) of this distribution, then 
the pattern is validated; otherwise, it is rejected from our results.

d. Participation of individuals in the patterns
The main aim of our study was to incorporate interindi-

vidual variability into the analysis by attempting to assess how 
each individual contributes to the generated pattern. To do so, 
we calculated the involvement of each participant in the pattern 
using the Shapley value and also compared the involvement of 
individuals from different populations (depending on the odor 
sets used and/or depending on age) using statistical tests. In 
this way, we can know if a pattern concerns everyone or only 
a given population.

Here, in order to know if an individual i participates in the 
pattern, we took inspiration from game theory with the Shapley 
value [38]. This measure was initially used to distribute a pay-
off fairly within a coalition. Here, we used it to distribute the 
gain of the pattern between individuals in order to quantify 
participation.

We are interested here in the variation (increase or decrease) 
of gain that the coalition can obtain with the presence of indi-
vidual i. Shapley value corresponds to the average marginal value 
of this variation for all possible coalitions with individual i.

The Shapley value for an individual i is denoted φi(v) and is 
defined by:

where ∣Z ∣ is the number of individuals in the coalition Z, n is 
the total number of individuals, and v(Z) is a characteristic 
function that gives the gain of the coalition Z. The calculation 
of this value is illustrated in Fig. 3 in an example with 3 
individuals.

In our study, the function v is the gain(L, K) in the coalition-wide 
graph only. This graph has the same vertices K and characteristics 
S, and the value d′ associated with a pair p and a vertex v for a 
coalition Z is given by the function d′(p, v, Z):

The value d′ for a vertex (i.e., a voxel) v and a pair p is the 
sum of the average occurrence of the pair for each individual 
of coalition Z.

There are 242 − 1 non-empty coalitions, so calculating the 
Shapley value is not possible. We therefore approximate this 
value in polynomial time based on sampling theory with the 
algorithm ApproShapley [39]. The estimate of the Shapley value 
is the average of the marginal contributions on a sample of 
15,000 random coalitions.

Once the participation of each individual is calculated for a 
pattern, we can then compare the participation according to 
other parameters such as age and gender using subgroup dis-
covery algorithm. Our aim is to examine whether specific pat-
terns are more prominently represented by young men, elderly 
men, young women, or elderly women. To achieve this, all pat-
terns in which an individual participates are represented in the 
form of itemsets that are labeled according to their age (junior/
senior) and sex (male/female), as illustrated in Table 2. Using 
the MCTSExtent algorithm [40], we extract exceptionally pres-
ent patterns for each of the 4 classes (Female-Junior, Male-
Junior, Female-Senior, Male-Senior).

(14)

𝜑i(v) =
∑

Z⊆N ,i∈Z

(n − |Z|) ! (|Z| − 1) !

n !
× (v(Z) − v(Z � i)),

(15)

Fig. 3. Calculation of Shapley value for an individual A in a dataset with 3 individuals.
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Results

Univariate analysis
Figure 4A depicts the functional group image of all 42 partici-
pants smelling in all odorant conditions. This analysis shows 
both piriform and amygdala activity (for completeness, whole 
brain activation results are available in Fig. S2 and Table S2). 
When focusing on each of these areas, for the anterior portion 
of the piriform cortex, whereas a trend was observed for a valence 
effect (F[1.84582,75.67787] = 2.86457, P = 0.06737) (Fig. 4B), 

the hemisphere effect was significant (F[1,41] = 13.09049, P = 
0.00081), reflecting a stronger activity in the right hemisphere 
than in the left (Fig. 4C and D). Interestingly, the hemisphere–
valence interaction was significant (F[1.54964,63.53511] = 
6.95765, P = 0.00393), reflecting increased hemodynamic activ-
ity for unpleasant odors (m = 28.37, IC = [21.37,35.37]) versus 
neutral odors (m = 11.31, IC = [3.73,18.89]; t (41) = −3.397, 
P = 0.0015) and pleasant odors (m = 18.95, IC = [9.86,28.04]; 
t (41) = 2.054, P = 0.0464), specifically in the left hemisphere. 
The remaining comparisons both in the left and in the right 
hemisphere did not reach significance (P > 0.05 in all cases).

For the posterior portion of the piriform cortex, whereas 
the valence effect was not significant (F[1.42119,58.26893] = 
0.88564, P = 0.38565), we observed a significant hemisphere 
effect (F[1,41] = 5.76482, P = 0.02097), reflecting—as for the 
anterior piriform—a stronger activity in the right than the left 
hemisphere (Fig. 4E and F). Although the hemisphere–valence 
interaction was significant (F[1.54616,63.39256] = 3.96834, P = 
0.03339), mean comparisons reached significance neither in 
the left nor in the right hemisphere (P > 0.05 in all cases).

Finally, for the amygdala, no valence (F[1.17687,48.25180] = 
1.96652, P = 0.16559) (Fig. 4G) or hemisphere effects (F[1,41] = 
2.51956, P = 0.12013) were observed. Note that the hemisphere–
valence interaction was also not significant (F[1.21168,49.67871] = 
1.10181, P = 0.31189).

Data mining analysis
Table 3 lists all patterns extracted by the C-energetics algo-
rithm (WRAcc > 0.0005; validated by bootstrapping; see also 
Figs. S3 to S5). The patterns are organized by ROI (anterior 
and posterior parts of the piriform cortex, amygdala) and 

Table 2. Format of data used to study the participation of indi-
viduals using subgroup discovery

Individual Itemset of patterns Class

1 { #1AntPC, #2AntPC, 
#3AntPC, #1PostPC, 

#3PostPC, #4PostPC, 
#1Amyg, #2Amyg, #3Amyg, 

#4Amyg, #6Amyg }

Male-Junior

… … …

42 { #2AntPC, #3AntPC, 
#1PostPC, #2PostPC, 
#3PostPC, #5PostPC, 

#1Amyg, #2Amyg, #3Amyg, 
#4Amyg }

Female-Junior

Table 3. Patterns extracted by the C-energetics algorithm. The table highlights the ROI on which the search was conducted (column 1), the 
pattern’s rank (column 2), its abbreviated name (column 3), its hedonic category (column 4), the WRAcc value, indicating the pattern’s 
measurement quality (column 5), the number of voxels in the pattern (column 6), the percentage of individuals participating in the pattern 
(column 7), the coordinates of the pattern’s center of mass (column 8), and the hemisphere where the pattern is located (column 9).

ROI Rank Pattern
Hedonic 
category WRAcc |Voxels|

Participation 
(%)

Coordinates of 
mass center 

(X,Y,Z) Lateralization

Anterior 
piriform cortex 
(63 voxels)

1 #1AntPC Unpleasant 0.01151 9 52.38 (−31.18,11.90,−17.30) Left

2 #2AntPC Pleasant 0.00712 7 45.24 (37.58,11.90,−17.30) Right

3 #3AntPC Pleasant 0.00519 5 61.90 (23.83,11.90,−20.70) Right

Posterior 
piriform cortex 
(125 voxels)

1 #1PostPC Unpleasant 0.00626 12 59.52 (−20.86,1.58,−13.90) Left

2 #2PostPC Pleasant 0.00497 9 52.38 (−31.18,5.02,−17.30) Left

3 #3PostPC Unpleasant 0.00329 6 66.67 (−27.74,5.02,−24.10) Left

4 #4PostPC Pleasant 0.00287 4 50 (27.30,1.58,−10.50) Right

5 #5PostPC Pleasant 0.00221 3 52.38 (16.95,5.02,−20.70) Right

Amygdala 
(179 voxels)

1 #1Amyg Unpleasant 0.002499 13 54.76 (−20.86,−1.86,−13.90) Left

2 #2Amyg Pleasant 0.002469 12 59.52 (−27.74,−5.29,−17.30) Left

3 #3Amyg Pleasant 0.001826 8 50 (27.27,−1.86,−24.10) Right

4 #4Amyg Pleasant 0.001397 7 47.62 (23.83,−1.86,−10.50) Right

5 #5Amyg Unpleasant 0.001087 5 52.38 (30.71,−5.29,−17.30) Right

6 #6Amyg Pleasant 0.000710 3 42.86 (−24.30,1.58,−27.50) Left
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ordered in an ascending manner according to WRAcc value. 
For each pattern, the number of voxels involved as well as the 
participation of the individuals in the pattern, the coordinates 
of the center of gravity, and the hemisphere involved are men-
tioned. Finally, Table 3 also integrates the effects of the gender 
and age factors (P values of the statistical tests comparing—for 
each pattern—the differences between women versus men and 
young versus old).

One can read in Table 3 that there are 14 patterns (5 unpleas-
ant patterns, 9 pleasant patterns) that have between 3 and 
13 voxels. Figures 5 to 10 illustrate these patterns.

Table 3 shows that the participation of the individuals in the 
pattern is between 42% and 67%. The contribution to the pat-
terns of each individual, as a Shapley value, is also illustrated 
in the histograms of Figs. 5 to 10 corresponding to the patterns. 

Furthermore, participation is visualized at the bottom of Figs. 5 
to 10 with Venn diagrams (generated using interactivenn 
[41]). These diagrams make possible the comparison of the 
participation of individuals in the patterns. Each pattern is rep-
resented by a circle or an ellipse and is identified by its classi-
fication number according to the WRAcc. The numbers in the 
overlapping parts between different circles (or ellipses) indicate 
the number of participants in common between the associated 
patterns. The number remaining on a single circle (or ellipse) 
is the number of participants concerning only a specific pattern. 
The AntPC accounted for 3 patterns, 1 unpleasant (in the left 
hemisphere, 9 voxels) and 2 pleasant (in the right hemisphere, 
5 and 7 voxels), the unpleasant pattern being the one with the 
highest WRAcc. There are 5 patterns in the posterior piriform 
cortex (PostPC), 2 unpleasant (in the left hemisphere, 12 and 

Fig. 4. Functional activations (classical univariate analysis). (A) Group image analysis. (B to D) Mean beta values of neutral, pleasant, and unpleasant odors and their standard 
errors in AntPC: (B) overall valence effect, (C) effect of valence in left hemisphere, and (D) effect of valence in right hemisphere. (E and F) Mean beta values of neutral, pleasant, 
and unpleasant odors and their standard errors in PostPC: (E) effect of valence in the left hemisphere and (F) effect of valence in the right hemisphere. (G) Mean beta values 
of neutral, pleasant, and unpleasant odors and their standard errors in amygdala: overall valence effect.
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Fig. 5. Unpleasant pattern in the AntPC. (A) A coronal slice shows lateralization. The histogram shows individuals arranged in order of age with “young” individuals to the left 
of the dashed line and “senior” individuals to the right. Females are in gray and males in black. (B) In this Venn diagram, the pattern is represented by a circle and identified by 
its classification number according to the WRAcc. The pie chart shows the number of individuals included in the pattern in black and those not included in gray.

Fig. 6. Pleasant patterns in the AntPC. (A and B) A coronal slice shows the lateralization for each pattern. Each histogram shows individuals arranged in order of age with 
“young” individuals to the left of the dashed line and “senior” individuals to the right. Females are in gray and males in black. (C) Each pattern is represented by a circle and is 
identified by its classification number according to the WRAcc. The number in the overlap between the circles indicates the number of participants in common between the 2 
patterns. The pie chart shows the number of individuals included in either or both of these patterns in black and those not included in gray.
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6 voxels) and 3 pleasant (one in the left hemisphere, 9 voxels; 
2 in the right hemisphere, 4 and 3 voxels), the unpleasant pat-
tern in the left hemisphere being the one with the highest 
WRAcc. For the amygdala (Amyg), we observe 6 patterns: 2 
unpleasant (in the left hemisphere, 13 and 5 voxels) and 4 pleas-
ant (2 in the left hemisphere, 12 and 3 voxels; 2 in the right 
hemisphere, 8 and 7 voxels). Note that these patterns are not 
exclusive or totally specific to a condition, as some overlaps 
between 2 patterns can be observed, as is the case between the 
#1PostPC pattern and the #1Amyg pattern, and between the 
#4PostPC pattern and the #4Amyg pattern.

For the study of pattern participation by age and gender, 
we filtered the itemsets resulting from the discovery of sub-
groups in order to retain the most relevant and interpretable. 
In fact, we retain only those results whose informedness is 
greater than 0.20. In other words, we require at least 20% 
higher participation of individuals from the target class in 
the patterns, compared with other classes. As itemsets con-
taining a single item are easier to interpret, only these are 
shown in Table 4. Young women are more actively involved 
in pattern #3AntPC, while young men participate more in 
patterns #4PostPC and #6Amyg. Older women participate 
more in patterns #4Amyg and #5Amyg, while older men are 
more involved in pattern #1AntPC. We note that the patterns 
in which both junior groups participate more frequently 

correspond to pleasant patterns. Conversely, the older group’s 
exceptional patterns mainly involve unpleasant ones.

Discussion

The spatial localization of pleasant and unpleasant hedonic 
representations within the piriform/amygdala network is an 
important question in the field [12,42–46]. Moreover, descrip-
tive analysis methods allowing the quantification and qualifica-
tion of the contribution of each individual to the observed 
hedonic pattern in these areas are lacking. Our study is at the 
heart of these 2 issues.

A univariate analysis classically used in the field revealed that 
unpleasant odors induced a higher hemodynamic response than 
neutral or pleasant odors in the anterior portion of the piriform 
cortex. When this result is combined with (a) psychophysical 
studies (using reaction times), which show that unpleasant 
odors are processed more rapidly than pleasant odors [47], and 
(b) neurophysiological studies, which indicate that olfactomotor 
activity (sniffing) is less extensive and more rapid in response 
to an unpleasant odor than a pleasant odor [48,49], it can be 
hypothesized that the activity in the AntPC reflects early pro-
cessing of the aversive nature of odors in order to defend the 
organism against potentially toxic sources. This greater activity 
for unpleasant odors in the left anterior portion of piriform 

Fig. 7. Unpleasant patterns in the PostPC. (A and B) A coronal slice shows the lateralization for each pattern. Each histogram shows individuals arranged in order of age with 
“young” individuals to the left of the dashed line and “senior” individuals to the right. Females are in gray and males in black. (C) Each pattern is represented by a circle and is 
identified by its classification number according to the WRAcc. The number in the overlap between the circles indicates the number of participants in common between the 2 
patterns. The pie chart shows the number of individuals included in either or both of these patterns in black and those not included in gray.
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cortex is in agreement with 2 previous studies [5,17]. The ques-
tion of lateralization of olfactory processes has given rise to 
several works. The pioneering work of Zatorre et al. [50] in 
this area showed a more pronounced involvement of the right 
hemisphere in olfaction. However, when the hedonic com-
ponent is taken into account, it seems that the 2 hemispheres 
make different contributions [8]. Finally, it should be noted 
that the analysis we performed on other ROIs (PostPC and 

amygdala) showed no effect of the hedonic valence on the 
activity of these brain areas. This result is in contradiction 
with some past studies showing, for example, higher func-
tional activity levels for unpleasant versus pleasant odors in 
the amygdala [51], although other works suggest that this 
structure could encode or represent the intensity [11] or 
salience [15] of the olfactory stimulus rather than its emo-
tional valence.

Fig. 8. Pleasant patterns in the PostPC. (A to C) A coronal slice shows the lateralization for each pattern. Each histogram shows individuals arranged in order of age with “young” 
individuals to the left of the dashed line and “senior” individuals to the right. Females are in gray and males in black. (D) Each pattern is represented by a circle and is identified 
by its classification number according to the WRAcc. The numbers in the overlapping areas between the circles indicate the number of participants in common between the 
patterns. The pie chart shows the number of individuals included in one or more of these patterns in black and those not included in gray.

Table 4. Exceptional itemset of size 1 for each class

Junior Senior

Patterns Hedonic category Quality (informedness) Patterns Hedonic category Quality (informedness)

Female {#3AntPC} Pleasant 0.212 {#5Amyg} 
{#4Amyg}

Unpleasant 
Pleasant

0.465 
0.242

Male {#4PostPC} 
{#6Amyg}

Pleasant 
Pleasant

0.279 
0.271

{#1AntPC} Unpleasant 0.25
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The ambition of our approach was to bring additional infor-
mation to this classical univariate approach via a data mining 
analysis that allows us to develop descriptive models that take 
into account the contribution of each tested individual to the 
observed patterns. This analysis highlighted patterns specific 
to unpleasant odors on the one hand, and pleasant ones on 
the other hand. Unlike the univariate analysis, the descriptive 
analysis revealed patterns related to the hedonic valence in all 
3 of the regions studied. In the AntPC, which the univariate 
analysis found to be significant, the descriptive data mining 
analysis extracted a spatial localization pattern for unpleasant 
odors. As in the univariate analysis, this pattern was localized 
in the left hemisphere. Moreover, in general, the number of 
patterns generated for pleasant odors was greater than that 
generated for unpleasant odors, leading to a greater percentage 
of individuals contributing to unpleasant patterns compared 
to pleasant patterns. This latter result may illustrate that there 
is more interindividual agreement in judging an unpleasant 
odor rather than a pleasant odor. This result is consistent with 
previous findings using peripheral nervous system activity in 
response to odors [29]. Finally, we have attempted to compare 
populations of different sexes and ages. We find that patterns 
with higher participation from the 2 junior groups related to 
pleasant odors. Conversely, the majority of patterns within 
the senior group were associated with unpleasant odors. This 

observation may be attributed to the shift in odor pleasantness 
observed as individuals age: Previous research has shown that 
the hedonic perception of unpleasant odors remains consistent 
across ages, while odors perceived as pleasant by younger indi-
viduals tend to be rated as less pleasant by the elderly [52].

An important question that may be asked in light of the cur-
rent study concerns the added and applied value of the data min-
ing approach in relation to the classical univariate approaches 
when dealing with brain functioning. In fact, these 2 approaches 
complement each other. While the univariate approach allows 
for the validation of probabilistic and/or predictive models, the 
data mining approach focuses more on knowledge extraction by 
providing descriptive and especially explanatory models of the 
contribution of individuals to the observed patterns. In fact, in 
our study, because it allows modeling that extracts descriptive 
rules from the data that link subgroups belonging to both affec-
tive and neurobiological spaces, this approach can be positioned 
at 2 levels compared to univariate analyses: (a) upstream to gen-
erate new hypotheses and scientific assumptions that will be 
testable with, for example, a predictive approach, and (b) at the 
same time (as in the present paper), to provide complementary 
information regarding spatial location and the contribution of 
individuals to the observed patterns.

Moreover, our study enables the development of detailed 
descriptive models on the role of certain factors of variation 

Fig. 9. Unpleasant patterns in the amygdala. (A and B) A coronal slice shows the lateralization for each pattern. Each histogram shows individuals arranged in order of age with 
“young” individuals to the left of the dashed line and “senior” individuals to the right. Females are in gray and males in black. (C) Each pattern is represented by a circle and is 
identified by its classification number according to the WRAcc. The number in the overlap between the circles indicates the number of participants in common between the 2 
patterns. The pie chart shows the number of individuals included in either or both of these patterns in black and those not included in gray.
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such as age and sex. In the future, comparisons between 
pathologies and healthy states could also be considered 
using such a data mining approach to characterize the influ-
ence of specific pathologies on brain activity. Here, data 
mining could enable a more sophisticated descriptive analy-
sis of the comparisons between individuals (healthy versus 
pathological), in order to identify the brain regions involved 

in a given disease, which could pave the way for new cura-
tive solutions.

Finally, as a main limitation of the study, it should be noted that 
the generalizability of our results may be limited by the specific 
demographic characteristics of the sampled populations. Future 
research projects could overcome these limitations by employing 
larger and more diverse cohorts of participants. For example, the 

Fig. 10. Pleasant patterns in the amygdala. (A to D) A coronal slice shows the lateralization for each pattern. Each histogram shows individuals arranged in order of age with 
“young” individuals to the left of the dashed line and “senior” individuals to the right. Females are in gray and males in black. (E) Each pattern is represented by an ellipse and 
is identified by its classification number according to the WRAcc. The numbers in the overlapping areas between the ellipses indicate the number of participants in common 
between the patterns. The pie chart shows the number of individuals included in one or more of these patterns in black and those not included in gray.
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exploration of other factors contributing to olfactory variability in 
humans, such as genetics, menstrual cycles, satiety, cognition, or 
even pathologies (as mentioned above), could allow us to delve 
deeper into the question of affective olfactory diversity.

Conclusion
To sum up, the main objective of the present study was to exam-
ine whether the use of exceptional pattern mining can provide 
new information and thus contribute to improving our under-
standing of the relationship between odor hedonics and activity 
in the human amygdala and piriform cortex.

The presented workflow involved data preprocessing, mod-
eling fMRI data in graph form, and extraction of exceptional 
subgraphs. These extracted patterns underwent analysis to 
select those deemed relevant and significant. This approach 
allowed the discovery of specific brain activity associated with 
the processing of pleasant and unpleasant odors. Subsequently, 
individual variability was analyzed by exploring the participa-
tion of different populations using dedicated algorithms.

Comparisons between the results of this data mining approach 
and a traditional univariate analysis revealed not only convergen-
ces but also the added value of data mining in shedding new light 
on the contribution of each individual on the observed patterns 
of neural activity. In particular, our results suggest greater inter-
individual variability for pleasant odors than for unpleasant ones, 
and highlight differences in the processing of hedonic odor per-
ceptions between younger and older individuals. Thus, the inclu-
sion of data mining techniques not only enriches traditional 
univariate analyses but also offers a unique avenue for generating 
new hypotheses and elucidating complex relationships between 
affective and neurobiological spaces.
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