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Abstract— Decoding auditory stimuli based on brain function
data is of great significance to understand auditory functional
mechanism. At present, there is still controversy about whether
the brain processing mechanism of auditory stimuli is parallel
hierarchical processing or distributed processing [1]. Different
from previous studies that used univariate analysis to study
auditory processing, this study intends to build a decoding model
and study the auditory processing mechanism from the
perspective of multivariate pattern analysis. In this paper, we
analyzed functional MRI data from 27 subjects under perception
of different auditory frequencies and directions, using brain
activation and functional connectivity as features, and using
support vector machine for decoding. The decoding accuracy of
frequencies and directions was 70.7% and 71.6% with brain
activation features. On the other hand,

reached 73.7% and 77.7%

the accuracy rate
respectively with functional
connectivity features. Then we analyzed the weights and found
that the activation patterns in precuneus and the superior
(STG)

and STG also represented differences

temporal contributed to sound frequency

gyrus
discrimination, in
direction. The connectivity patterns between the bilateral
precuneus showed obvious changes under different frequency
conditions, while the bilateral middle occipital gyrus and STG
showed significant changes under different directions of sound
stimulation. The results

support a distributed auditory

processing model.

L INTRODUCTION

Hearing is an important way for human beings to know the

world and obtain external information. The information
acquired by the auditory pathway is very important for people

to understand surrounding environment.
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Similar to the dual-pathway model in visual information
processing, researchers believe that auditory frequency

information and auditory orientation information are
processed through different pathways [2]. That is, the
information processing related to the recognition of sound
type is carried out in the ventral "What" pathway, while the
information processing related to the recognition of sound
orientation is carried out in the dorsal "where" pathway. The
two pathways are parallel and respectively process the sound
information. Although the auditory dual-pathway model has
been supported and verified in many relevant literatures [3-6],
there are still many studies questioning this model. On the one
hand, many studies believe that the two pathways in this
model are not completely independent of each other and deal
with sound information separately. In some cases, the two
pathways interact with each other [7]. On the other hand,
some studies proposed that the brain regions corresponding to
sound recognition and spatial location were widely distributed
in the cortex [8-10].

As we all know, auditory information processing in the
human brain can be studied though a forward encoding way
and also by a backward decoding way. Most previous studies
revealed the processing mechanism of stimulus information
through univariate analysis from the perspective of encoding
[11, 13]. For example, Okada et al. used univariate analysis on
neural mechanism of speech stimuli and proposed a
hierarchical organization of human auditory cortex in an
encoding way [11]. By functional integration analysis,
researchers found a distributive functional connectivity
pattern for auditory direction processing during encoding
[13]. In recent years, the multivariate pattern analysis (MVPA)
method based on decoding model, has a more sensitive

detection ability to reveal the spatial pattern of brain regions
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and their information interaction pattern during responding to
stimuli [12, 13]. Some researchers used multivariate pattern
analysis to decode auditory stimuli and found that besides
auditory regions, visual regions can also represent auditory
semantic information, suggesting a distributive processing
mechanism underlying auditory processing [12]. Considering
auditory frequencies and directions are basic components in
auditory stimuli and they separately occupy the two auditory
pathways, in this study, we aimed to used MVPA based
decoding method to study responding pattern of auditory
frequencies and directions in the human brain more
sensitively from the way of decoding and further investigate

the auditory processing mechanism.

II. EXPERIMENT AND ANALYSIS

A. EXPERIMENT

The experimental materials include functional imaging data
and T1 structural image data. The block experiment paradigm
was adopted in this experiment. The whole experiment
includes direction task and frequency task, and each task
includes 3 function runs. Each run lasts 544s, which starts
with a pre-scan of 8s, followed by 18 blocks, and ends with 8s
of rest. Each block lasts for 18s and presents sounds in the
same direction or frequency. Blocks are spaced 12s apart. A
block contains nine trials, each consisting of a 1s stimulus and
a ls rest. In this experiment, the stimulus materials included
sounds of high, medium and low frequencies and sounds of
left, middle and right directions. The experimental paradigm

is shown in Fig. 1.

block1=18s block2= 185

istisilence silence

Fig.1 Experimental paradigm design

B.  DATA COLLECTION

All the imaging data is collected in a 3.0 T Siements Tim
Trio MRI scanner. The experiment recruited 28 healthy
College students. (Data from one of the subjects was not
available and was removed from subsequent experiments)
There were 14 male and 14 female, with an average age of
22.3 years (SD=1.1). All subjects were born right-handed, had
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normal hearing and had no mental or neurological problems.
Foam pads and earplugs were used for all participants;
besides that, eyeshade was worn to prevent vision effect.
T1-weighted anatomical images were acquired with a
three-dimensional magnetization-prepared rapid acquisition
gradient echo (3D MPRAGE) sequence with the following
parameters: TR = 1900 ms, TE = 2.52 ms, TI = 1100 ms,
voxel size=1 X 1 X 1 mm?’ matrix size = 256 X 256.
T2*-weighted were acquired using a gradient
echoplanar with the
parameters: TR = 2000 ms, TE = 30 ms, FOV = 192 X

192mm?, matrix size = 64 X 64, slices = 33, slices thickness

images

imaging (EPI) sequence follow

=4 mm, slice gap = 0.6 mm.
C. DATA PREPROCESSING

Unified processing of fMRI data is required prior to
analysis. First, data format was converted into NII format.
Then, the first 8 seconds of fMRI data in each run were
removed because they were dummy scan. SPMS8 toolbox
(http://www.fil.ion.ucl.ac.uk/spm/software/spm8/) was
employed to preprocess the structural and functional images
in the following steps: (1) time slice correction, (2)
headmotion correction, (3) coregistration of functional images
with structural images, (4) structural images segmentation, (5)
spatial normalization to make sure each subject in the same
MNI space, (6) spatial smoothing to improve signal-to-noise
ratio. Through these steps of data preprocessing, the errors
caused by the physiological characteristics of the subjects as
well as the errors generated in the data collection process can

be reduced as far as possible.

D. DECODING BASED ON BRAIN ACTIVATION FEATURE

Firstly, the activity intensity of each voxel was used as
feature when building the decoding model on sound
frequencies and directions. The preprocessed 4-D data were
converted into a two-dimensional matrix with each row
represents the stimuli samples and each column is the spatial
voxels in the brain. As there is a certain delay between the
generation of stimulus signals and the hemodynamic response,
the relative positions of all samples and labels should be
moved back 4s as a whole. The excess data from the sample,

such as the rest time between stimuli, were removed.
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In this experiment, F-score was used to select features.
F-score is a method to measure the distinguishing ability of
different spatial voxels between two categories, which can

effectively realize feature selection. The formula is as follows:
%) (X
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n, -1

The higher the F-score, the better the discrimination. After
calculating the F value of all features, the top 200 features
with the highest F value are selected for the final training and
testing. The support vector machine (SVM) was used as
classifier. The k-fold cross-validation strategy is adopted. The
data of 27 subjects were divided into 9 groups on average. For
each training, 8 groups of data were used as the training set,
and the remaining 1 group was used as the test set. This

process was repeated for 9 times.

E. DECODING BASED ON FUNCTIONAL CONNECTIVITY
FEATURES

A brain template (AAL) with 116 nodes were used and time
series of each node was extracted from the preprocessing
fMRI data. The whole brain functional connection matrix for
each subject was constructed by Pearson correlation of time
series in each brain region node, which represents the
functional connection mode of a subject under a category
condition. Before classification, the functional connection
matrix needs to go through a series of processes. The first step
is to eliminate redundant information from the functional
connection matrix. In this experiment, the data of lower
matrix is retained and

triangular represented by

one-dimensional vector.  The vectors of all subjects are
formed into two matrices corresponding to the direction and
frequency. Each row of the matrix represents a category. In
addition, according to previous research results, the internal
mechanism of negative functional connections is not clear so
far [14, 15]. So we removed the negative connections. Next,
the calculated F value is used to select 200 connections that
differ significantly between different categories. Similar
classifier and cross-validation frame was used as in the

aforementioned section.

III.  RESULT
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The classification results are shown in the table below.
Higher classification accuracy is obtained based on functional

connectivity features.

Table 1 Classification results based on brain activation and functional connectivity features

Brain activation Brain connectivity

features features
Frequency
' 70.7% 73.7%
decoding
Direction
_ 71.6% 77.7%
decoding
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The weights of SVM are read to get the most representative
The BrainNet Viewer

(http://www.nitrc.org/projects/bnv/) is used to draw weight

support vectors in the sa-mple.

maps.

According to the distribution of weights in SVM shown in
Fig. 2 and Fig. 3, we can see activation strengths in superior
temporal gyrus and cuneus were significantly contributive in
classify different frequencies of stimulation. For the different
direction of the sound categories, the significant contribution
of the region is mainly concentrated in the superior temporal
gyrus. Other regions in frontal cortex also contribute to the

auditory decoding based on brain activations.

superior
superior temporal gyrus

temporal ayrus

Fig.2 Brain activation features that contributed to auditory frequency

decoding (cluster size>20, p<0.001)
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superior tamporal
s

" Fi 2.3 Brain

activation features that contributed to direction decoding (cluster size>20,

p<0.001)

Figure 4 and figure 5 show the functional connections that
have significant contributions to differentiating sounds of
different frequencies and directions. Each subject had 13456
functional connections under each condition. We chose the
top 200 distinctive connections as features in auditory
decoding. The results show that the cuneus and precuneus
have obvious weights in discrimination of different frequency
conditions. The more significant connections are those
between bilateral precuneus and bilateral cuneus and their
connection to left superior temporal gyrus, middle occipital
gyrus, and right superior frontal gyrus. Under the directional
condition, bilateral middle occipital gyrus and left superior
gyrus The

contributing connections are primarily distributed in the

temporal showed significant contributions.
connections between left superior temporal gyrus and middle
occipital gyrus and their connections to paracentral lobe,

cuneus and precuncus.

Fig.4 Function connection features that contributed to auditory frequency

decoding
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Fig.5 Function connection features that contributed to auditory direction

decoding

IV. SUMMARY AND PROSPECT

Previous auditory studies were mostly carried out to sp
ecify the regions, and most of them are based on univariate
analysis of stimuli encoding process. The univariate analysis
hypothesizes that each voxel in the brain is independent.
However, more and more evidence shows that the cognitive
behavior of human brain usually requires the cooperative
participation of multiple brain regions. Studies based on
fail identify the

connections between brain regions. In order to fully explore

individual brain regions to intrinsic
the information interaction of multiple brain regions under
auditory stimulation, this experiment studied the processing
mechanism of auditory information in the brain from
activation characteristics and connection characteristics,
respectively. We used a decoding model to study the
multi-variate representative pattern of auditory stimuli, which
can more sensitively detect the recruited activation regions
and connection patterns during auditory processing compared
with univariate encoding analysis.

Based on the results of statistical analysis and functional
connection analysis, two decoding models of different
frequencies and different directions were constructed by using
lib-SVM. Significant decoding accuracies were obtained,
suggesting the effectiveness of decoding models. In decoding
research based on brain activation, the results showed that the
activation of the superior temporal gyrus and the cuneus
region was the main change of different frequency
information. Compared with the activation results based on
encoding analysis [17], it was found that the cuneus was also

significantly activated under this condition. Results from
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different directions also showed significant effects on the
superior temporal gyrus region. In the decoding research
based on connection characteristics, for frequency conditions,
three significant regions were obtained, namely, the cuneus,
the precuneus and the superior temporal gyrus. The region of
the superior temporal gyrus was found in addition to
connection results based on coding analysis. For directional
conditions, the regions with significant changes include the
middle occipital gyrus, the cuneus and the superior temporal
gyrus. From these contributed regions and connections in
auditory decoding, we can see they not only include regions
in the auditory dual-pathway but also recruit regions outside
the dual-pathway, demonstrating that the auditory stimuli may
be represented in a more distributive way.

In future research, the following questions can be further
discussed. First of all, the processing patterns of different
kinds of sounds by human brain can be further discussed, so
as to find more characteristics and rules [16]. Secondly, there
is noise in fMRI collection of auditory signals, which may
affect the decoding results. In the future research, sparse
acquisition can be considered to improve the SNR. Finally, we
can study the temporal process of auditory information
processing. High time-resolution acquisition technology
combined with dynamic analysis method can be considered in

the future study.
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