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Abstract - Brain decoding using functional magnetic resonance 

imaging (fMRI) has attracted considerable attention as a 

method for investigating how stimulus-related information is 

represented in patterns of human brain activity and for 

examining whether subtle differences in sensory input can be 

reflected in brain activation patterns. In this study, we 

investigated whether machine-learning-based classification 

could discriminate between two auditory stimuli differing by 1 

Hz using fMRI activation images obtained from the auditory 

cortex. This study extends our earlier work by examining the 

reproducibility of the method across multiple participants and 

by comparing a three-dimensional convolutional neural 

network (3DCNN) with a support vector machine (SVM). In the 

individual analysis, the 3DCNN showed consistently high 

classification accuracy across participants under the present 

experimental setting, and its performance was higher than that 

of the SVM. In the group analysis, both the 3DCNN and the 

SVM showed more variable performance across participants, 

although several train-test combinations achieved accuracy 

levels around or above 60%. These results suggest that the 

proposed framework is particularly effective in participant-wise 

analysis, whereas cross-participant application remains more 

challenging under the current conditions. Overall, the findings 

support the feasibility of fine-grained auditory discrimination 

from fMRI activation patterns and provide additional 

motivation for further investigation using more rigorous 

evaluation procedures, improved model-selection strategies, 

and more diverse participant cohorts.  

Keywords-fMRI; Brain decoding; Convolutional Neural 

Network; Support Vector Machine. 

I.  INTRODUCTION 

Brain decoding is a technology that interprets physical and 
psychological states from measured brain activity, and 
functional magnetic resonance imaging (fMRI) has been 
widely used for this purpose in neuroscience. Because fMRI 
data consist of a large number of voxels, Multivoxel Pattern 
Analysis (MVPA) is commonly employed for analysis. In 
recent years, machine learning techniques have attracted 
considerable attention as part of the MVPA framework and 
have contributed to advances in brain decoding research. To 
date, many studies have investigated the use of fMRI to 
decode visual stimuli. For example, Liang et al. [2] examined 
emotion decoding from visual cortex images using a Support 
Vector Machine (SVM) and a Convolutional Neural Network 
(CNN). Horikawa et al. [3] also investigated the decoding of 
objects seen in dreams by applying Deep Neural Network 
(DNN) features to visual cortex data. In contrast, research on 
fMRI-based auditory cortex decoding has lagged behind that 

on visual cortex decoding. One reason is that human 
perceptual information is predominantly visual, which has 
historically led to greater emphasis on the visual cortex. In 
addition, scanner noise during fMRI acquisition makes it more 
difficult to detect neural activity in the auditory cortex. 
However, improvements in fMRI technology, including 
noise-canceling mechanisms, have made auditory cortex 
research increasingly feasible. 

In studies of auditory cortex decoding, many 
investigations have focused on music-related targets and have 
reported the identification or classification of genres and 
moods, such as upbeat songs, somber songs, or mood-lifting 
songs, from brain activity [4][5][6]. For example, Casey et al. 
[6] developed and validated an SVM-based classification 
method using fMRI data acquired during auditory stimulation 
with 25 songs from five musical genres. Many of these studies 
have focused on qualitative musical characteristics such as 
mood and genre. In contrast, relatively few studies have 
examined quantitative musical characteristics, particularly the 
three fundamental elements of sound: frequency, sound 
pressure, and timbre. 

To better understand fine-grained auditory processing, it 
is important to investigate not only qualitative but also 
quantitative sound characteristics. Accordingly, our research 
group has focused on decoding quantitative musical 
characteristics. Shigemoto et al. [7], for example, focused on 
frequency and used deep learning to discriminate between two 
sounds differing by 124.5 Hz from brain activation images, 
achieving an accuracy of 75%. Building on this result, the 
present study aims to examine even smaller frequency 
differences. At present, this study is positioned as fundamental 
neuroscience, and possible clinical application remains a topic 
for future investigation. 

Our research group has defined the auditory cortex as a 
Region of Interest (ROI) based on the concept of tonotopy in 
order to capture brain responses to auditory stimuli. Tonotopy 
refers to the spatial organization of frequency-specific 
responses within the auditory cortex. Tonotopy has been 
reported in many previous studies [8][9][10][11], particularly 
in Brodmann Areas (BA) 41 and 42, corresponding to the 
primary auditory cortex in Heschl’s gyrus. These studies 
typically examined a wide frequency range and often focused 
on continuous frequency modulation. However, the 
possibility that tonotopy may remain informative even for 
very small frequency differences has not been sufficiently 
explored. 

Therefore, to investigate smaller frequency differences 
than those examined by Shigemoto et al. [7], this study 
hypothesizes that tonotopy may still function even for 
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frequency differences that are effectively inaudible to humans. 
Healthy individuals can typically distinguish frequency 
differences of approximately 5 Hz, whereas differences of 2–
3 Hz are more strongly influenced by musical experience and 
individual variation. In this study, a 1 Hz difference between 
two sounds is treated as a frequency difference that is difficult 
for humans to perceive. 

Accordingly, the objective of this study is to examine a 
machine-learning-based method for discriminating between 
two sounds differing by 1 Hz from fMRI activation patterns. 
Machine learning methods were adopted because the 
difference in brain activation between such closely spaced 
frequencies is expected to be subtle. To capture these subtle 
activation patterns in high-dimensional fMRI data, machine 
learning techniques, as part of the MVPA framework, were 
employed. In addition, such techniques may be relevant to 
future methodological developments in medical and assistive 
technologies. 

The present study builds on two lines of our previous work. 
First, the imaging design was examined in earlier studies 
[12][13]. Two major imaging designs are commonly used in 
fMRI experiments: the event-related design and the block 
design. The event-related design uses shorter stimulus 
durations and can provide a larger number of data points, 
whereas the block design uses longer stimulus durations and 
generally yields clearer activation images. Because the 
present study focuses on very small frequency differences, the 
higher image clarity of the block design was considered 
advantageous for feature extraction. At the same time, the 
limited number of data points obtainable with the block design 
raises concerns about the amount of data available for model 
training. Comparative experiments in our previous work 
[12][13] showed discrimination accuracies of 55.9% for the 
event-related design and 63.4% for the block design, 
suggesting that the block design was more suitable for 1 Hz 
difference discrimination. 

Second, based on these findings, our previous study [1] re-
examined the ROIs to improve discrimination accuracy. In the 
earlier studies [12][13], the ROIs were limited to BA41 and 
BA42. In the later study [1], the ROI definition was expanded 
based on the hypothesis that additional activation information 
would improve feature extraction for subtle activation patterns. 
In addition to BA41 and BA42, BA22 was included as an ROI 
because previous work has also suggested tonotopic 
organization in BA22 [14]. Using this expanded ROI 
definition, discrimination accuracy reached 60.4% with the 
event-related design and 100% with the block design in 
participant-wise analysis. These findings suggested that using 
a block design with ROIs in BA41, BA42, and BA22 was an 
effective configuration for 1 Hz difference discrimination 
using a 3DCNN. 

Based on these previous findings, the objective of the 
present study is to further evaluate the 1 Hz difference 
discrimination framework from two perspectives.  

The first objective is to examine reproducibility across 
multiple participants. Because the previous studies 
[1][12][13] involved only a single participant, it remained 
unclear whether the observed high accuracy was specific to 
that participant. Therefore, the first objective of this study is 

to determine whether similar results can be obtained across 
multiple participants under the same experimental framework. 

The second objective is to examine the suitability of a 
3DCNN for 1 Hz difference discrimination by comparing it 
with an SVM. In general, studies employing machine learning 
methods often compare a proposed method with another 
learning algorithm in order to assess its relative usefulness 
[2][15][16]. In this study, the 3DCNN was selected as the 
main discrimination method because it can extract features 
while preserving the spatial structure of brain activation 
images. However, because fMRI requires a specialized 
experimental environment, the amount of data available for 
training is limited. Since deep learning methods generally 
require larger datasets, an SVM, which is often effective for 
smaller datasets, was selected as a baseline method for 
comparison. 

To address this second objective, both individual and 
group analyses were conducted. In the individual analysis, 
training and testing were performed using data from the same 
participant, representing a participant-wise discrimination 
framework applicable when training data can be acquired in 
advance. In the group analysis, one participant was used for 
testing and the remaining participants were used for training, 
thereby providing an initial evaluation of cross-participant 
applicability in cases where participant-specific prior data 
may not be available. 

The remainder of this paper is organized as follows. 
Section II describes the acquisition of fMRI data and the 
discrimination procedures. Section III presents the 
experimental results. Section IV discusses the findings from 
the perspectives of reproducibility and comparative model 
performance. Section V concludes the paper and outlines 
future work. 

II. METHOD 

The following procedure is to be followed. Acoustic 
stimuli consisting of between two sounds with a 1 Hz 
difference are presented using an fMRI scanner to acquire 
brain activation images. These images are annotated using 
SPM12 to provide input to the 3DCNN and SVM. The 
annotated brain activation images are converted into 3D data 
for the 3DCNN and into 1×N dimensional data for the SVM. 
The analysis is performed using the converted data for each of 
the four methods (3DCNN Method in Individual Analysis, 
SVM Method in Individual Analysis, 3DCNN Method in 
Group Analysis, and SVM Method in Group Analysis). A 
detailed explanation is provided in the subsequent section. 

A. Participants 

Six adult male participants without hearing impairments 
took part in this study. One of these participants was the same 
individual included in our previous study [1], for whom fMRI 
data had already been acquired; therefore, new experiments 
were conducted for the remaining five participants. This study 
was conducted in accordance with the ethical standards of the 
Ethics Review Committee of Kochi University of Technology, 
and informed consent was obtained from all participants after 
a full explanation of the experimental procedures. 
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B. fMRI Experiment 

In this study, a SIEMENS 3-Tesla fMRI scanner 
(MAGNETOM Prisma 3T) [17] and a 64-channel head coil 
[17], both housed at the Brain Communication Research 
Center of Kochi University of Technology, were used, as 
shown in Figures 1 and 2. The functional imaging parameters 
are listed in Table I, and the structural imaging parameters are 
listed in Table II. During the fMRI experiment, each 
participant lay in a supine position inside the scanner bore, and 
the head was stabilized within the head coil to reduce motion 
artifacts during image acquisition. This arrangement was 
intended to maintain a consistent measurement condition 
throughout the experiment and to improve the reliability of the 
acquired activation images.  

Auditory stimuli were presented to the participants 
through an RME FireFace UCX USB audio interface 
connected to a Windows PC. The OptoACTIVE headphones 
[18] used in this study, shown in Figure 3, were equipped with 
active noise cancellation. This auditory presentation setup was 
adopted to deliver the stimuli as consistently as possible in the 
MRI environment, where scanner noise can interfere with 
auditory perception and the stability of baseline brain activity.   
 

 

Figure 1.  3-Tesla fMRI scanner (MAGNETOM Prisma 3T) [17]. 

 

 

Figure 2.  64-channel head coil [17]. 

TABLE I.  FUNCTIONAL BRAIN IMAGING PARAMETERS. 

Echo time (TE), ms 48 

Repetition time (TR), ms 3000 

Field of view (FOV), mm 192×192 

Flip angle (FA), ° 90 

Matrix size, mm 2.0×2.0×3.0 

Slice thickness, mm 3.0 

Slice gap, mm 0.75 

Number of slices 36 

Slice acquisition order Ascending 

TABLE II.  STRUCTURAL BRAIN IMAGING PARAMETERS. 

Echo time (TE), ms 2.52 

Repetition time (TR), ms 1900 

Field of view (FOV), mm 250×250 

Flip angle (FA), ° 9 

Matrix size, mm 1.0×1.0×1.0 

Slice thickness, mm 0.5 

Slice gap, mm 0.50 

Number of slices 176 

Slice acquisition or der Ascending 

 

 

Figure 3.  OptoACTIVE headphones [18]. 

 
The use of active noise-canceling headphones therefore 
played an important role in improving the listening condition 
during data acquisition. White noise was continuously 
presented throughout the experiment in order to stabilize the 
auditory background during scanning and to reduce 
fluctuations in the baseline auditory state caused by scanner 
noise and other environmental sounds. By maintaining a more 
consistent auditory background, the response evoked by the 
target stimuli could be captured more clearly as a relative 
change from that baseline condition. In addition, the onset of 
auditory stimulation was controlled in accordance with the 
experimental timing so that the task periods could be 
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presented under a stable acquisition schedule throughout the 
scanning session. This design was intended to reduce 
unnecessary variability in the measured responses and to 
improve the consistency of the data used for subsequent 
analysis. The auditory stimuli administered to the participants 
were generated using Steinberg Nuendo 10.3. The stimuli 
consisted of two pure tones at 523 Hz and 524 Hz, with sound 
pressure levels ranging from 78 to 85 dB. As in our previous 
studies [1][12][13], a block design was adopted. Each task 
period lasted 9 s, and each rest period lasted 15 s. The block 
design was selected because it was considered advantageous 
for obtaining clearer activation patterns from subtle auditory 
differences than an event-related design. Since the present 
study focused on discriminating a very small frequency 
difference of 1 Hz, the use of a design expected to provide 
relatively stable activation images was regarded as 
appropriate for subsequent machine-learning-based analysis.  

C. Annotation 

Brain activation images obtained by fMRI are typically 
stored in the Digital Imaging and Communications in 
Medicine (DICOM) format, which is widely used in medical 
imaging devices such as computed tomography (CT). In this 
study, preprocessing, statistical image creation, and ROI 
definition were performed using Statistical Parametric 
Mapping 12 (SPM12). For compatibility with SPM12, the 
fMRI data were converted from DICOM format to 
Neuroimaging Informatics Technology Initiative (NIfTI-1) 
format before analysis. 

During preprocessing, three main steps were carried out: 
realignment, normalization, and smoothing. The first step was 
realignment. Although fMRI experiments are generally 
conducted over relatively short periods to reduce participant 
burden, head motion may still occur during scanning. 
Therefore, motion correction was required. Realignment 
corrected variations in the fMRI data caused by head 
movement by aligning all subsequent images to the first 
acquired fMRI image. The second step was normalization. 
Because brain structures differ among participants, the data 
were transformed into a standard brain space to reduce 
structural variability across individuals. SPM12 uses the 
Montreal Neurological Institute (MNI) standard brain model 
for this purpose. The third step was smoothing, which reduces 
noise introduced during the realignment and normalization 
procedures and helps stabilize the spatial distribution of 
activation signals. 

During statistical image creation, brain activation features 
were extracted by selecting multiple preprocessed images, 
performing statistical analysis, and generating contrast images. 
In this study, each statistical image used for training was 
generated from two preprocessed brain activity scans. This 
setting was adopted on the basis of our previous studies, in 
which the use of two scans was found to provide a practical 
balance between image stability and the number of available 
training samples [1][12][13]. If only a single scan was used, 
the resulting activation image tended to be more sensitive to 
scan-to-scan fluctuation. In contrast, combining more than 
two scans would reduce the number of available samples for 
machine-learning-based analysis. Because four scans were 

available within each condition, four different combinations 
of two scans could be constructed, and these combinations 
were used to increase the number of training samples while 
preserving the basic experimental structure. 

The generated statistical images were then restricted to the 
ROIs, and both activation and spatial information were 
obtained in CSV format. Based on our previous findings [1], 
the ROIs were set to BA41, BA42, and BA22, which are 
closely related to auditory information processing. After the 
CSV data were obtained, the input data for the 3DCNN were 
converted into three-dimensional data of size H41 × W50 × 
D15 on the basis of spatial position information so that the 
spatial arrangement of the activation pattern could be 
preserved. In contrast, the input data for the SVM consisted of 
1 × N-dimensional activation vectors that could be directly 
used for classification. Thus, the 3DCNN and SVM differed 
not only in classifier structure but also in the way spatial 
information was incorporated into the analysis. 

This annotation procedure yielded 320 training samples 
and 32 test samples for each participant. Table III summarizes 
the numbers of training and test samples used in the individual 
and group analyses. These data were subsequently used to 
construct the datasets for both the 3DCNN- and SVM-based 
discrimination experiments described in the following 
sections.  

D. Learning Algorithms 

In this study, a 3DCNN, a deep learning method, and a 
SVM, a conventional machine learning method, were used to 
discriminate brain activation images. These two methods were 
selected because they differ substantially in the way spatial 
information is handled. The 3DCNN can directly process 
volumetric activation images while preserving their spatial 
structure, whereas the SVM uses vectorized input data for 
classification. 

The 3DCNN is an extension of the CNN architecture into 
three dimensions and is designed to process volumetric image 
data. It alternates convolution and pooling operations in the 
spatial directions, thereby enabling feature extraction while 
preserving the spatial structure of brain activation images. The 
structure of the 3DCNN used in this study is shown in Figure 
4. It consisted of three sets of convolutional and pooling layers, 
followed by fully connected layers immediately before the 
output layer. Because the task involved discrimination 
between two classes, the output layer contained two units. The 
Softmax function was used as the activation function in the 
output layer so that the outputs could be interpreted as class 
probabilities. 

The training parameters used for the 3DCNN are listed in 
Table IV. For each parameter, several values were tested, and 
a grid search was conducted over the combinations shown in 
Table IV. Training was terminated when the training error fell 
below 0.1, at which point the model was saved. The trained 
model was then evaluated using the test data in the two-sound 
discrimination task. In this study, the parameter search was 
performed in order to examine the behavior of the model 
under multiple settings within the present experimental 
framework. 
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TABLE III.  NUMBER OF TRAINING AND TEST SAMPLES FOR 

EACH ANALYSIS METHOD (THE SECOND ROW SHOWS 

INDIVIDUAL ANALYSIS, AND THE THIRD ROW SHOWS GROUP 

ANALYSIS). 

Analysis Training samples Test samples 

Individual 320 samples 32 samples 

Group 1600 samples 32 samples 

 

 

Figure 4.  Architecture of the 3DCNN used in this study. 

An advantage of the 3DCNN is that it can preserve the 
spatial structure of three-dimensional brain activation images 
during feature extraction. This characteristic was considered 
particularly relevant in the present study because the 
activation patterns were derived from localized regions in the 
auditory cortex. In contrast, the SVM treats the input as one-
dimensional feature vectors and therefore does not directly use 
spatial structure in the same manner. 

The SVM is a machine learning method that learns a 
decision boundary from the training data and then uses that 
boundary for classification. The decision boundary is 
determined by maximizing the margin with respect to the 
support vectors. In this study, the SVC (support vector 
classification) function [19] from the scikit-learn library was 
used to implement the SVM. Table V lists the hyperparameter 
combinations examined for the SVM. As in the 3DCNN 
experiments, multiple parameter settings were tested in order 
to compare model behavior under the present experimental 
conditions. 

As described above, in the individual analysis, training 
and testing were performed separately for each participant 
using participant-specific annotated data. This setting was 
intended to evaluate whether the subtle 1 Hz frequency 
difference could be discriminated within each participant on 
the basis of that participant’s own activation patterns. In the 
group analysis, one participant was designated as the test 
participant, while the remaining participants were used to 
construct the training model. The trained model was then 
evaluated using the data from the single test participant. This 
setting was used to examine how well the learned 
discrimination model generalized when applied to data from a 

TABLE IV.  TRAINING PARAMETERS FOR THE 3DCNN. 

Layer Set value 

Input Layer 
41×50×15

×1 

Condition 

parameter 

Number of Layer 6 

Convolutional 

layer 
Stride 1 

Pooling layer 
Filter size 2×2×2 

Stride 2 

Output layer Class 2 

Learning rate 0.01 

Error rate 0.1 

Dropout 0.2 

Termination condition Error rate 

Hyperparameter 

Convolutional 

layer 

Kernel size 

(Ks) 
3, 4, 5, 6, 7 

Filters (F) 16, 32 

Batch size (Bs) 8, 16, 32 

 

TABLE V.  HYPERPARAMETERS USED FOR THE SVM. 

Kernel (K) linear rbf 

C 0.01, 0.1, 1, 10, 100 0.01, 0.1, 1, 10, 100 

Gamma (G) ― 0.01, 0.1, 1, 10, 100 

 
participant who was not included in the training process. 

III. RESULTS 

Only models that completed training successfully were 
evaluated. For each trained model, the test data were input, 
and the model produced output probabilities for the two class 
labels (523 Hz or 524 Hz). The label with the higher 
probability was assigned as the predicted label and compared 
with the ground-truth label of the test data. This procedure was 
repeated for all 32 test samples, and the discrimination 
accuracy was defined as the number of correct predictions 
divided by 32. 

Tables VI-IX present the discrimination accuracies and the 
corresponding hyperparameter combinations. Table VI shows 
the results for the 3DCNN method in individual analysis, 
Table VII shows those for the SVM method in individual 
analysis, Table VIII shows those for the 3DCNN method in 
group analysis, and Table IX shows those for the SVM 
method in group analysis. In all tables, the first column 
indicates the Participant ID used for training, and the second 
column indicates the Participant ID used for testing. The third 
column reports the highest discrimination accuracy observed 
in the grid search, and the fourth column lists the 
hyperparameter combinations that achieved this result. In 
some cases, the same discrimination accuracy was obtained 
with multiple hyperparameter combinations. For example, in 
Table VI for Participant A (Test A), a discrimination accuracy 
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of 100% was obtained with two combinations: Ks = 4, F = 32, 
Bs = 8, and Ks = 7, F = 32, Bs = 8. 

Participant A in Table VI corresponds to the participant 
reported in the previous study [1], whereas Participants B-F 
represent the additional participants examined in the present 
study. In the individual-analysis setting, the 3DCNN generally 
showed high discrimination accuracy across participants, and 
high values were observed not only for Participant A but also 
for the additional participants. The SVM also achieved 
relatively high accuracies in several cases, but the overall 
tendency was less favorable than that of the 3DCNN. These 
results suggest that, under the present participant-specific 
setting, the 3DCNN was better able to capture the activation 
patterns associated with the subtle auditory difference. At the 
same time, the participant-wise results indicate that the 
favorable performance of the 3DCNN was not restricted to the 
participant examined in the previous study, but was also 
observed in the newly added participants under the same 
analytical framework. 

A closer comparison of the individual-analysis results also 
suggests that the favorable performance of the 3DCNN was 
not limited to a single exceptionally good case. Rather, high 
accuracies were repeatedly observed across multiple 
participants, whereas the SVM showed a wider spread of 
values depending on the participant. This tendency is 
consistent with the summary statistics in Table X, in which 
the 3DCNN showed both a higher average accuracy and a 
smaller standard deviation in the individual-analysis setting. 
Thus, the participant-wise results support the view that 
preserving the spatial structure of activation images was 
advantageous under the present experimental conditions. 

In the group analyses shown in Tables VIII and IX, the 
first column lists the five Participant IDs used for training. In 
contrast to the individual-analysis results, the group-analysis 
results showed substantial variation depending on the 
participant combination. Some train-test combinations 
produced discrimination accuracies above the chance level, 
whereas others yielded much lower values. This tendency 
suggests that the difficulty of discrimination increased when 
inter-participant variability was introduced into the training 
and test data. In addition, the variation observed in the group 
analyses was larger than that in the individual analyses, 
indicating that cross-participant discrimination was more 
sensitive to differences among participants. Thus, although 
certain participant combinations yielded relatively favorable 
results, the group-analysis setting as a whole showed less 
stable behavior than the individual-analysis setting. 

The reported accuracies correspond to the highest 
observed results among the tested hyperparameter 
combinations under the present protocol. 

Tables VI-IX each contain six train-test combinations. The 
average and standard deviation of the six discrimination 
accuracies in each table are summarized in Table X. Because 
the observed discrimination accuracies varied depending on 
both the hyperparameter settings and the train-test 
combinations, these average and standard deviation values 
should be interpreted as useful summary measures of the 
overall behavior of each method under the present 
experimental setting. In this study, these values are referred to 

as the performance and stability of each method. A higher 
average generally indicates better overall discrimination 
performance, whereas a lower standard deviation indicates 
smaller variation across train-test combinations and therefore 
greater overall stability. 

According to Table X, the 3DCNN showed better overall 
performance than the SVM in the individual-analysis setting, 
as indicated by its higher average discrimination accuracy. In 
addition, the standard deviation for the 3DCNN in the 
individual analysis was relatively small, suggesting that its 
performance was comparatively stable across participants 
under this setting. In the group-analysis setting, however, both 
methods showed lower overall performance and greater 
variability than in the individual analysis. These results are 
consistent with the tendency observed in Tables VIII and IX 
and indicate that generalization across participants remained 
more difficult than discrimination within individual 
participants. Taken together, the results summarized in Table 
X support the view that the 3DCNN was particularly 
advantageous in the individual-analysis setting, whereas 
neither method showed uniformly stable performance in the 
group-analysis setting. 

IV. DISCUSSION 

In this study, the discrimination task was formulated as a 
binary classification problem, for which the nominal chance 
level is 50%. In the neuroscience literature, classification 
performance above chance level is often regarded as a 
meaningful indication that stimulus-related information is 
represented in brain activity, and accuracy levels around 60% 
have also been discussed as practically informative in some 
decoding contexts [20][21]. From this perspective, the 
observed results, especially those obtained in the individual 
analysis, are of clear interest. 

First, regarding the reproducibility of the 1 Hz difference 
discrimination method across multiple participants, the 
individual-analysis results showed that high classification 
accuracy was observed not only for Participant A, reported in 
the previous study [1], but also for Participants B-F. As shown 
in Table VI, the 3DCNN method in individual analysis 
achieved 100 ± 0.0% for Participants A, B, C, E, and F, and 
95.6 ± 3.2% for Participant D. This tendency supports the 
view that the previously reported result was not limited to a 
single participant and that similar outcomes can be obtained 
across multiple participants under the same experimental 
framework. In this sense, the present findings strengthen the 
participant-wise reproducibility of the proposed method. They 
also indicate that the favorable result observed in the earlier 
study was not an isolated case limited to one particularly well-
performing participant.  

At the same time, the present results should be interpreted 
within the scope of the current evaluation protocol. Because 
only 32 test samples were used per participant and 
permutation testing or label-randomization testing was not 
conducted, the observed accuracies should not be treated as a 
fully independent statistical demonstration by themselves. 
Rather, they should be interpreted as encouraging results 
under the present experimental setting, while stricter statistical 
validation remains an important subject for future work. In 
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particular, the present findings should be viewed as supporting 
the promise of the framework under the current protocol, 
rather than as definitively establishing statistical robustness. 

Next, to examine the suitability of the 3DCNN for 1 Hz 
difference discrimination, its performance was compared with 
that of the SVM in both individual and group analyses. As 
summarized in Table X, the 3DCNN method in individual 
analysis achieved 99.3 ± 1.6%, whereas the SVM method in 
individual analysis achieved 85.9 ± 16.5%. In the individual 
analysis, the 3DCNN showed higher average accuracy and 
smaller variation than the SVM. This result suggests that 
preserving the spatial structure of brain activation images may 
be advantageous for participant-wise discrimination. Because 
the training and test data were derived from the same 
participant in the individual analysis, structural and activation 
features were relatively consistent, which likely facilitated 
feature extraction by the 3DCNN. In contrast, the SVM 
handled the input as one-dimensional vectors and therefore 
could not directly exploit spatial structure in the same manner. 
This interpretation is consistent with previous findings such as 
those reported by Vu et al. [22]. Vu et al. examined fMRI 
volume classification using three methods, including a 
3DCNN and an SVM, across several task conditions, and 
reported that the 3DCNN outperformed the comparison 
methods because it was able to preserve and utilize the spatial 
organization of brain activation patterns. Their interpretation 
is therefore consistent with the present finding that the 
preservation of spatial structure is likely to be advantageous 
in participant-wise analysis. 

In the group analysis, however, the performance of both 
methods was lower and more variable than in the individual 
analysis. As shown in Tables VIII and IX, both the 3DCNN 
and the SVM showed participant combinations with 
accuracies above 60%, whereas other combinations remained 
at or near the chance level. The summary values in Table X 
also show that average group-analysis performance was much 
lower than that in individual analysis. Accordingly, the group-
analysis results should not be interpreted as demonstrating 
uniformly reliable discrimination across participants. Rather, 
they indicate that cross-participant discrimination is possible 
in some cases under the present framework, but that its 
stability remains limited. This contrast between the individual 
and group analyses is one of the most important findings of 
the present study, because it suggests that participant-specific 
consistency plays a substantial role in successful 
discrimination. 

One plausible reason for this difficulty is the lack of 
uniformity in participant-specific brain structure and 
activation patterns. Because the 3DCNN preserves structural 
information during feature extraction, it may learn not only 
the sound-related features necessary for discrimination but 
also participant-specific differences that are not directly 
relevant to the task. In individual analysis, this property is 
advantageous because the model is trained and tested on the 
same participant. In group analysis, however, inter-participant 
differences may interfere with stable discrimination 
performance. As described in Section II-C, normalization to a 
standard brain was applied to reduce anatomical differences 
across participants; however, some degree of residual 

misalignment likely remained. As Kikuchi et al. [23] noted, 
complete alignment across participants is difficult to achieve, 
and such remaining differences may affect subsequent 
analysis. Such inter-participant variability may affect the 
spatial features extracted by the 3DCNN. In addition, 
differences in physiological response characteristics across 
participants may have influenced activation patterns, as 
discussed by Tavor et al. [24]. These factors may have reduced 
the consistency of the features relevant to the two auditory 
stimuli in the group-analysis setting. Thus, the lower stability 
in the group analysis may reflect not only limitations of the 
classifier itself but also the inherent difficulty of harmonizing 
participant-specific activation patterns within a single learning 
framework. 

Another point requiring careful interpretation is the 
model-selection procedure. In this study, the reported 
accuracies correspond to the highest observed results among 
the tested hyperparameter combinations. This procedure was 
useful for exploratory comparison of model behavior under 
multiple settings; however, a stricter separation between 
hyperparameter selection and final evaluation, such as nested 
cross-validation or an independent held-out test set, would 
provide a more rigorous estimate of generalization 
performance. This remains an important direction for future 
work. Accordingly, the present results should be understood 
as reflecting the best observed behavior under the tested 
settings rather than as a definitive estimate of out-of-sample 
performance. 

The issue of overfitting is also relevant to possible future 
improvements of the proposed framework. As many 
researchers have noted, common causes of overfitting include 
an excessive number of learnable parameters relative to the 
available data and insufficient training data [25][26]. In the 
present study, these conditions may have affected 
performance, particularly in group analysis. One possible 
countermeasure is stronger regularization. As Srivastava et al. 
[27] reported, Dropout is a representative technique for 
mitigating overfitting. Although Dropout was already used in 
the present study, it was fixed at 0.2, as shown in Table IV. 
Further examination of the dropout setting, together with 
additional training data and improved evaluation design, may 
help improve the stability of group-analysis performance. In 
addition, the stopping criterion for 3DCNN training in the 
present study was based on training error. Although this 
criterion enabled training to be completed consistently within 
the present framework, validation-based early stopping would 
offer a more rigorous approach to controlling overfitting. 
Together with stronger regularization and improved 
evaluation design, this may further improve the stability and 
interpretability of the results. 

The participant cohort in the present study was also limited 
in size and diversity, consisting of six adult males in their 
twenties. Therefore, while the findings are meaningful as a 
methodological examination under controlled conditions, they 
should not yet be interpreted as establishing broad population-
level robustness or practical applicability. Further validation 
using larger and more diverse cohorts will be necessary. Such 
expansion will also be important for determining whether the 
present framework remains effective under more 
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TABLE VI.  DISCRIMINATION ACCURACY AND HYPERPARAMETERS FOR THE 3DCNN METHOD IN INDIVIDUAL ANALYSIS (THE 

SECOND ROW SHOWS THE RESULT REPORTED IN THE PREVIOUS STUDY [1]). 

Participant ID 

(Training) 

Participant ID 

(Testing) 

Discrimination 

accuracy 

Hyperparameters 

(Ks: kernel size; F: number of filters; Bs: batch size. 

See Table IV for details.) 

A A 100 ± 0.0% Ks:4, 7, F:32, Bs:8 

B B 100 ± 0.0% Ks:3, 4, 5, 6, 7, F:16, 32, Bs:8, 16, 32 

C C 100 ± 0.0% 

Ks:3, 6, 7, F:32, Bs:8, 32 

Ks:4, F:16, Bs:8 

Ks:4, F:32, Bs:8, 16, 32 

Ks:5, 6, 7, F:16, Bs:8, 16 

Ks:5, F:32, Bs:16, 32 

D D 95.6 ± 3.2% Ks:7, F:32, Bs:8 

E E 100 ± 0.0% Ks:3, 4, 5, 6, 7, F:16, 32, Bs:8, 16, 32 

F F 100 ± 0.0% Ks:3, 4, 5, 6, 7, F:16, 32, Bs:8, 16, 32 

 

TABLE VII.  DISCRIMINATION ACCURACY AND HYPERPARAMETERS FOR THE SVM METHOD IN INDIVIDUAL ANALYSIS. 

Participant ID 

(Training) 

Participant ID 

(Testing) 

Discrimination 

accuracy 

Hyperparameters 

(K: kernel; G: gamma. See Table V for details.) 

A A 84.4% K:rbf, C:1, 10, 100, G:0.01 

B B 96.9% K:rbf, C:1, 10, 100, G:0.01 

C C 90.6% K:linear, C:0.1, 1, 10, 100 

D D 87.5% K:linear, C:0.1, 1, 10, 100 

E E 50.0% 

K:linear, C:0.01, 0.1, 1, 10, 100 

K:rbf, C:1, 10, 100, G: 0.01, 0.1, 1, 10, 100 

K:rbf, C:0.01, 0.1, G: 0.01, 1, 10, 100 

F F 100% K:rbf, C:1, 10, 100, G:0.01 

 

TABLE VIII.  DISCRIMINATION ACCURACY AND HYPERPARAMETERS FOR THE 3DCNN METHOD IN GROUP ANALYSIS. 

Participant ID 

(Training) 

Participant ID 

(Testing) 

Discrimination 

accuracy 

Hyperparameters 

(Ks: kernel size; F: number of filters; Bs: batch size. 

See Table IV for details.) 

BCDEF A 50.0 ± 0.0% 

Ks:4, 6, 7, F:16, Bs:8 

Ks:5, 6, F:16, Bs:16 

Ks:4, 5, F:32, Bs:32 

Ks:4, 6, 7, F:16, Bs:8 

Ks:6, F:16, Bs:32 

Ks:6, F:32, Bs:8 

ACDEF B 85.9 ± 7.8% Ks:5, F:16, Bs:16 

ABDEF C 57.8 ± 14.1% Ks:7, F:32, Bs:32 

ABCEF D 50.0 ± 0.0% 

Ks:3, 7, F:16, Bs:8, 16 

Ks:3, 4, 5, 7, F:32, Bs:8 

Ks:3, 5, 6, 7, F:32, Bs:16 

Ks:4, 5, F:16, Bs:32 

Ks:4, 6, 7, F:32, Bs:32 

Ks:5, 6 F:16, Bs:8 

ABCDF E 60.9 ± 7.8% Ks:7, F:16, Bs:32 

ABCDE F 50.0 ± 0.0% 

Ks:3, F:16, Bs:8, 16 

Ks:3, F:32, Bs:8 

Ks:4, 5, 6, 7, F:16, 32, Bs:8, 16, 32 
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TABLE IX.  DISCRIMINATION ACCURACY AND HYPERPARAMETERS FOR THE SVM METHOD IN GROUP ANALYSIS. 

Participant ID 

(Training) 

Participant ID 

(Testing) 

Discrimination 

accuracy 

Hyperparameters 

(K: kernel; G: gamma. See Table V for details.) 

BCDEF A 59.4% K:linear, C: 0.1, 1, 10, 100 

ACDEF B 50.0% 
K:rbf, C:0.01, 0.1, G: 0.01, 0.1, 1, 10, 100 

K:rbf, C:1, 10, 100 G: 0.1, 1, 10, 100 

ABDEF C 59.4% 
K:linear, C:1, 10, 100 

K:rbf, C:10, 100, G:0.01 

ABCEF D 96.9% K:rbf, C:1, 10, 100, G:0.01 

ABCDF E 50.0% 
K:rbf, C:0.01, G:0.1, 1, 10, 100 

K:rbf, C:0.1, 1, 10, 100, G:0.01, 0.1, 1, 10, 100 

ABCDE F 50.0% 
K:rbf, C:0.01, 0.1, G:0.1, 1, 10, 100 

K:rbf, C:1, 10, 100, G:1, 10, 100 

 

TABLE X.  AVERAGE DISCRIMINATION ACCURACY AND STANDARD DEVIATION FOR EACH METHOD, CALCULATED FROM THE 

SIX DATASET COMBINATIONS SHOWN IN TABLES VI–IX. 

Method 
Performance and stability 

(average ± standard deviation) 

3DCNN Method in Individual Analysis （TABLE Ⅵ） 99.3 ± 1.6% 

SVM Method in Individual Analysis （TABLE Ⅶ） 85.9 ± 16.5% 

3DCNN Method in Group Analysis （TABLE Ⅷ） 59.1 ± 12.7% 

SVM Method in Group Analysis （TABLE Ⅸ） 60.6 ± 16.6% 

 
heterogeneous real-world conditions. 

The present findings are also meaningful from the 
viewpoint of methodological development in auditory brain 
decoding. In particular, the contrast between the individual 
and group analyses indicates that the choice of analytical 
framework substantially affects the observed performance 
when subtle auditory differences are examined. This suggests 
that future studies should not only seek higher classification 
accuracy, but also carefully consider how training-test design, 
participant variability, and feature representation influence the 
interpretability of the decoding results. From this perspective, 
the present study provides a useful basis for refining 
experimental and analytical strategies in future auditory fMRI 
studies. It also highlights the importance of evaluating not 
only whether subtle auditory information can be decoded, but 
also under what conditions such decoding remains stable 
across different analytical settings. 

Taken together, the present findings indicate that the 
proposed framework is particularly promising for individual 
analysis, where the 3DCNN achieved high and comparatively 
stable performance across participants under the current 
setting. In contrast, the group-analysis results suggest that 
cross-participant application remains more challenging and 
requires further methodological refinement. Thus, although 
the present study does not yet establish robust generalization 
across participants, it provides additional support for the 
possibility that subtle frequency differences, even at the 1 Hz 
level, are reflected in fMRI activation patterns in the auditory 
cortex and can be captured to some extent by machine learning 
methods. 

V. CONCLUSIONS AND FUTURE WORK 

The aim of this study was to examine a machine-learning-
based method for discriminating between two auditory stimuli 
differing by 1 Hz from fMRI activation patterns in the 
auditory cortex. To further evaluate the method beyond our 
earlier study, we investigated its reproducibility across 
multiple participants and compared the performance of a 
3DCNN with that of a SVM. 

In the individual analysis, high classification accuracy was 
observed across all participants, and the 3DCNN showed 
higher performance and smaller variation than the SVM under 
the present experimental setting. These results support the 
usefulness of the 3DCNN-based framework for participant-
wise discrimination of very small frequency differences from 
fMRI activation patterns. More specifically, the present 
findings suggest that subtle frequency differences can be 
reflected in auditory-cortex activation patterns and can be 
captured under the present experimental setting when training 
and testing are performed within the same participant. The 
reproducibility observed across Participants A-F also suggests 
that the present framework has value as a participant-specific 
decoding approach under controlled conditions. 

In the group analysis, both the 3DCNN and the SVM 
showed more variable performance across participants. While 
some train-test combinations achieved accuracies around or 
above 60%, several cases remained at the chance level. These 
results suggest that cross-participant discrimination is more 
difficult than participant-wise discrimination under the 
current framework and that further methodological 
improvement is needed before stronger conclusions can be 
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drawn regarding broader applicability. In particular, the 
present results indicate that stable generalization across 
participants remains a more demanding problem than within-
participant discrimination of subtle auditory differences. 

The present study also has several methodological 
limitations that should be recognized. The test size per 
participant was limited, permutation testing was not 
conducted, hyperparameter selection and final evaluation 
were not fully separated, and the participant cohort was small 
and homogeneous. Accordingly, the present findings should 
be understood as evidence obtained under restricted 
experimental conditions, while still providing meaningful 
support for the feasibility of fine-grained auditory 
discrimination from fMRI activation patterns. These 
limitations do not negate the interest of the present findings, 
but they do indicate that additional validation will be 
necessary before broader claims can be justified. 

Future work will include more rigorous statistical 
validation, improved model-selection and stopping 
procedures, examination of regularization settings such as 
Dropout, and evaluation using larger and more diverse 
participant cohorts. In addition, extending the framework to 
other frequency ranges, environmental sounds, and musical 
stimuli may help clarify the broader scope of auditory 
decoding from human brain activity. Further investigation 
along these lines may also contribute to a better understanding 
of how subtle acoustic differences are represented in human 
brain activation patterns. In this respect, the present findings 
may serve as a useful reference point for future 
methodological refinement in auditory fMRI decoding studies.  

Overall, the present study is meaningful not only because 
it examined discrimination of an extremely small auditory 
difference of 1 Hz, but also because it extended the previous 
work by evaluating reproducibility across multiple 
participants and by comparing two different classification 
frameworks. Although the current results should be 
interpreted within methodological limitations, they provide a 
useful basis for future studies aimed at clarifying how fine-
grained auditory information is represented in human brain 
activity and how such information can be decoded more 
reliably from fMRI activation patterns. Such a line of research 
may also contribute to future efforts to establish more reliable 
frameworks for decoding fine-grained auditory information 
from human brain activity. 
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