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Abstract  In recent years, Alzheimer’s disease aided diagnosis research combining complex
network analysis and machine learning method has received more and more attention. Usually,
brain functional networks are used to describe the information of brain activity, and they are
becoming one of the most important ways to diagnose some mental diseases. However, in the
existing solutions, brain networks are mostly constructed based on signal matching in the time
domain, which ignores the differences of brain activity information at various frequency bands.
Furthermore, machine learning method cannot be applied to the data in the form of graphs. Based
on it, we define the similarity between two graphs by the method of graph kernel, and then
realize the classification by using the graph kernel for machine learning. Aiming at dealing with

the problems, we propose a diagnosis method for multi-frequency fused graph kernel of brain
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network, which is used to classify the patients with Alzheimer’s disease and the normal people
combined with the machine learning method. This method not only retains the multi-band
information of brain activity, but also considers the unique topological characteristics of the brain
network itself. Specifically, the resting state functional magnetic resonance imaging is first
processed to different frequency bands by the wavelet transform technique, in order to obtain
multiple frequency bands and construct the brain networks and calculate the graph kernels in
different frequency bands of the image. In this way, it can express the activity information reflected
by the brain at different frequencies. Secondly, the mutual information values between any two
brain regions in each frequency band are calculated and the multi-frequency brain networks are
obtained by comparing mutual information values and thresholds in different frequency bands.
Then, the brain networks in all frequency bands together form a multi-frequency brain functional
network model. After constructing the multi-frequency brain network model, the multi-frequency
fused graph kernel of brain network is proposed. According to the obtained multi-frequency brain
network model, the graph kernel between any two brain networks in the corresponding frequency
band is calculated, and then the calculated graph kernels of different frequency bands are linearly
combined according to the multiple kernel learning method. Consequently, all the graph kernels
of different frequency bands are fused into one kernel to form a multi-frequency fused graph
kernel of brain network. Finally, a multi-frequency fused graph kernel and kernel-based extreme
learning machine are combined to use for diagnosis of Alzheimer’s disease on real data sets acquired
from the ADNI database and OASIS database. At the same time, the influence of different parameter
settings on the diagnostic results is also tested by the experiments. The experimental results
show that the proposed multi-frequency fused graph kernel of brain network can get the best
performance and improve the diagnostic accuracy by 13.79% and 15.29% compared to the best
results of the comparison method on ADNI data sets and OASIS data sets respectively. These
results reflect that the multi-frequency fused graph kernel can better describe the similarity between
brain networks through the structural information and multi-frequency information of the brain

functional networks.
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Background

Recent years, diagnosis for Alzheimer’s disease has
been a hot topic in the area of data management, data mining
and computer aided diagnosis. It is combined with complex
network analysis and machine learning in the diagnosis. In
the complex network, brain functional networks are often
used to describe the information of brain activity. However,
in the existing achievements, brain networks are mostly
constructed based on signal matching in the time domain,
which ignores the differences in brain activity information at
various frequency bands. Therefore, the multi-frequency brain
network model was proposed in this paper. Furthermore,
machine learning method cannot be applied to the data in the
form of graphs directly. Therefore, we define the similarity
between two graphs by the method of graph kernel, and then
design the multi-frequency fused graph kernel. In addition.
the machine learning methods are widely used in many areas.
In the diagnosis process of Alzheimer’s disease, since the
kernel-based extreme learning machine algorithm is a single-
layer feedforward neural network algorithm, it has better
performance than SVM or similar classification accuracy with

SVM compared with the support vector machine method but
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has faster calculation speed. Therefore, an aided diagnosis of
Alzheimer’s disease using a kernel-based ELM method is
proposed in this paper. Overall, the proposed multi-frequency
fused graph kernel of brain network can get the best results
and improve the diagnostic accuracy by 13. 79% and 15.29%
compared to the best results of the comparison method on the
two data sets respectively. We can see from the results that
the multi-frequency fused graph kernel can describe the
similarity between brain networks more accurately according
to the structural information and multi-frequency information
of the brain functional networks.
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