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Abstract. Golgi is an important eukaryotic organelle. Golgi plays a key role in
protein synthesis in eukaryotic cells, and its dysfunction will lead to various genetic
and neurodegenerative diseases. In order to better develop drugs to treat diseases,
one of the key problems is to identify the protein category of Golgi apparatus.
In the past, the physical and chemical properties of Golgi proteins have often
been used as feature extraction methods, but more accurate sub-Golgi protein
identification is still challenged by existing methods. In this paper, we use the
tape-bert model to extract the features of Golgi body. To create a balanced dataset
from an unbalanced Golgi dataset, we used the SMOTE oversampling method. In
addition, we screened out the important eigenvalues of 300 dimensions to identify
the types of Golgi proteins. In 10-fold cross validation and independent test set
test, the accuracy rate reached 90.6% and 95.31%.
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1 Introduction

In recent years, spectral clustering has become one of the most popular clustering algo-
rithms [1]. It is easy to implement, can be solved effectively by standard linear algebra
software, and is often better than traditional clustering algorithms, such as k-means
algorithm [2].

Common spectral clustering algorithms usually include loading data, calculating
Euclidean distance to obtain distance matrix, calculating adjacency matrix W and degree
matrix D through distance matrix, so as to obtain Laplacian matrix L = D — W, then
decomposing Laplacian matrix L to obtain characteristic matrix, and then clustering with
k-means algorithm to obtain clustering results [3—6]. This spectral clustering algorithm
is easy to understand and implement, but it has the disadvantages of slow running speed
and low precision, and there is still a lot of optimization space [7-9].

There is a spectral clustering method for high-dimensional online clustering [10—12].
By further optimizing the Laplacian matrix (i.e. feature matrix), the feature matrix is
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processed by using cropdiagonal, Gaussian blur, rowwise threshold, symmetry, diffusion
and rowwise normalize, The feature matrix similar to Laplacian matrix is obtained, which
can provide real-time and effective clustering for data [13-15].

The purpose of this paper is to improve the speed and accuracy of clustering by
feature processing on the basis of the high-dimensional online clustering and removing
the features with low correlation coefficient through the correlation coefficient matrix.

2 Methods and Materials

2.1 Optimization Idea of Spectral Clustering Model

Spectral clustering is a clustering algorithm based on graph theory. Therefore, the stan-
dard spectral clustering algorithm first regards the data as a graph. If the data is two-
dimensional, it can be intuitively represented by image. If the data is multi-dimensional
or even high-dimensional, it can only be represented by abstract formula.

If the intra cluster similarity is high and the inter cluster similarity is low, the clus-
tering performance is better. Therefore, the standard of optimizing the clustering model
is to improve the cluster similarity and reduce the inter cluster similarity.

The optimization idea of spectral clustering model is also based on this standard.

The optimization method of spectral clustering model is to minimize the objective
function.

2.2 The Definition of Graph and Adjacency Matrix and Degree Matrix

Graph G is composed of the set of points V (vertex) and the set of edges e (edge),
that is, g = (V, e), where V is the data set V = {V1,V2,... VN}, e is the weight
of the sample point VI and the sample point VJ, represented by Wij, Wij equal to 0
means that the sample point VI is not connected with the sample point VJ. Therefore,
the directed adjacency matrix w of the graph for the data set with capacity n is expressed
as: W = (Wij)i,j=1 .... , Weight of undirected graph w;; = wj;.

The undirected weight W in the figure above is expressed as:

wipwiz 0 wig O
war wpwez 0 0
0 wiawiz 0 wss (H
war 0 0 waq was
0 0 ws3 wss wss

definition d; It is the sample point v; Degree of freedom:

n
di= wj )
j=1

The meaning of sample point degree is the sum of all weights connected with the
sample point.
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The degree of all sample points in the dataset is defined as the degree matrix D:
d
dy
dp

The matrix D is a diagonal matrix and the off diagonal elements are all zero.

2.3 Representation of Adjacency Matrix

The weight of adjacency matrix is the similarity between sampleseln this paper,
Euclidean distance is used to express the similarity between sample points

A0 y) = o =y 4 =P Gyt = [ @)
i=1

2.4 Laplacian Matrix and Its Properties

Laplacian matrix L is the basis of spectral clustering algorithm. There are two kinds of
Laplacian matrices and their attributes, namely non standardized Laplacian matrix and
standardized Laplacian matrix.

1 Nonstandardized Laplacian matrix.
The non Laplacian matrix is defined as the difference between the degree matrix D and
the adjacency matrix W. the expression is as follows:

L=D-W (5)

We have two methods to define the standardized Laplacian matrix Ly, and Ly,
defined as:
Loym = D V2Lp~12 — 1 _ p~12wp-1/2
Ly =D"'L=1-D"'W (6)

2.5 The Meaning of Cut Graph of Undirected Graph

An undirected graph is composed of sample points and edges. The clustering of data set
can be regarded as the segmentation of undirected graph. Suppose that graph G contains
two connected subsets A and B after segmentation, then the weight of tangent graph
between AB is as follows:

cut(A. By = > w @

i€A,jeB
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among Denotes the adjacency matrix of graph G.
If G is cut into k connected subsets AI(I = 1, 2, ..., K), the simplest method is to
minimize the following formula:

k
Cut(Ay, ..., Ap) ==Y _cut(A;, A)) (8)

i=1

among A; express A; The complement of.

This segmentation method only considers minimizing the similarity between clus-
ters, and does not consider the similarity within clusters, so this segmentation standard
is not accurate, so we need to optimize the segmentation method, and there are two kinds
of optimal segmentation methods: ratiocut segmentation and ncutt segmentation. Ncutt
cut graph is also called standardized spectral clustering algorithm, and ratiocut cut graph
is called non standardized spectral clustering algorithm.

k
cut(A;, A;

RatioCut(A, As, ..., A) = Z(|A—l|—l) ©)

i—1 i

. _

cut(A;, A;
Neut(Ay, ..., Ap) = Z# (10)

1

i=1

2.6 The Choice of Laplacian Matrix

There are two kinds of algorithms for Laplacian matrix. Which algorithm to choose is
a basic problem of spectral clustering. If the graph is regular and the degrees of most
sample points are approximately equal, it is feasible to choose any kind of Laplacian
matrix. If the degree difference of most sample points is large, it is recommended to
use the standardized Laplacian matrix. Because the nonstandardized Laplacian matrix
corresponds to the ratiocut cut graph, the similarity within the cluster described by the
ratiocut cut graph is the number of samples contained in the cluster lal, the standardized
Laplacian matrix corresponds to the ncutt cut graph, and the ncutt cut graph describes
the similarity within the cluster as Vol (a). Because Vol (a) is better than lal in reflecting
the similarity within clusters, this paper chooses the standardized Laplacian matrix.

2.7 Selection of the Number of Cluster Classes

The first problem of spectral clustering algorithm is the selection of the number of
clusters. The common way is to use the heuristic eigenvalue difference search (eigengap
heuristic), meaning: if the first k eigenvalues are very small, and the K + 1 eigenvalue is
quite different from the previous eigenvalue, then the number of clusters is K. Let G be
partitioned into k connected subsets without intersection, then K eigenvalues are equal to
0 and K + 1 eigenvalues are greater than 0. Therefore, we can assume that the smaller the
eigenvalue is, the better the clustering performance is, and select the number of clusters
with very small eigenvalue as the number of clusters. In this paper, the high-dimensional
online clustering algorithm based on links selects cluster K automatically according to
the samples.
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2.8 Feature Filtering

For a specific learning algorithm, which feature is effective is unknown. Therefore, it is
necessary to select the useful features from all the features. And in practical application,
the problem of dimension disaster often appears. If only some of the features are selected
to build the model, the running time of the learning algorithm can be greatly reduced,
and the interpretability of the model can be increased.

The principle of feature selection is to obtain as small a feature subset as possible,
not to significantly reduce the classification accuracy, not to affect the classification
distribution, and the feature subset should be stable and adaptable.

There are many methods of feature selection, such as chi square test, information
gain, correlation coefficient and so on. This paper adopts the correlation coefficient
method to judge the correlation coefficient and a certain threshold between each column
of data (each column of data is a different sample value represented by the same feature)
and the label, It can be considered that the column features have little correlation with
the results, which will affect the classification effect, and the column is removed, that is
to complete a feature filtering.

Feature filtering has the following advantages: first, reduce the number of features,
dimension reduction; second, reduce the difficulty of learning tasks, improve the effi-
ciency of the model; third, make the model more pan Chinese ability, reduce over fitting;
fourth, enhance the understanding between features and eigenvalues.

3 Algorithm

3.1 Standard Spectral Clustering Algorithm

Spectral clustering is a clustering algorithm based on graph theory. Therefore, the stan-
dard spectral clustering algorithm first regards the data as a graph. If the data is two-
dimensional, it can be intuitively represented by image. If the data is multi-dimensional
or even high-dimensional, it can only be represented by abstract formula.

After the data is regarded as undirected weight graph, the specific process of spectral
clustering is as follows:

1. By Euclidean distance or e-Neighborhood method, k-nearest neighbor method and
other methods are used to calculate the distance between each node and get the
distance matrix.

2. The adjacency matrix A and degree matrix D are calculated by the distance matrix.

3. The nonstandardized Laplacian matrix L = D — A is obtained.

4. Normalized Laplacian matrix:1 - D —1/2ld -1 /2.

5. The eigenvector HN is obtained by eigendecomposition of the normalized Laplacian
matrix.

6. The feature vector HN is sent to kmeans clustering as a sample.

7. The clustering result c = (C1, C2, ..., CN) is obtained.

Spectral clustering is a kind of clustering method based on data similarity matrix. It
defines the optimization objective function of subgraph partition, introduces indicator
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variables, and transforms the partition problem into solving the optimal indicator variable
matrix HH.Then, by using the properties of Rayleigh entropy, the problem is further
transformed into solving the K minimum eigenvalues of Laplacian matrix. Finally, as
some expression of samples, the traditional clustering method is used for clustering.

3.2 High Dimensional Online Clustering Method

The spectral clustering method in this paper is based on this method. This spectral clus-
tering method is called links, which aims to cluster the unit vectors of high-dimensional
Euclidean space online. This algorithm is suitable for the situation that the data need to
be effectively clustered when the data stream enters. What this paper focuses on is the
excellent running speed and accuracy of this method when processing high-dimensional
data.

This method uses six default optimization methods: cropdiagonal, Gaussian blur,
rowwise threshold, symmetry, diffuse and rowwise normalize to refine the feature matrix,
S0 as to get more accurate results.The specific steps are as follows:

The similarity matrix affinity is calculated by sample data

Six default optimization methods are used to optimize the similarity matrix affinity
The similarity matrix affinity is decomposed into feature matrix and feature vector
Through the characteristic matrix, the characteristic vector, the maximum number of
clusters and the minimum number of clusters, the number of clusters K is obtained.
5. The first k minimum eigenvalues of feature vector are taken and sent to kmeans

clustering
6. Theresultc = (Cl1, C2,...,CN).

Sl e

3.3 High Dimensional Spectral Clustering Algorithm Based on Feature Filtering

In this paper, based on the links spectral clustering algorithm, the feature selection
function is added. Many processed data are high-dimensional data, some data samples
may have more than ten, dozens or hundreds of thousands of dimensional data features,
some of which have little correlation with the clustering results, that is to say, it will play
a role of interference, resulting in the accuracy of clustering results. The innovation of
this paper lies in the feature selection of data, filtering out the data with low correlation
of clustering results, so as to improve the accuracy of clustering results.
The algorithm is as follows

—_—

Extract and separate the data information and tags contained in the data

2. Obtain the correlation coefficient (COR) between each column of data (each column
of data is a different sample value represented by the same feature) and the tag

3. The average exp of all correlation coefficients is calculated as the threshold to judge
the correlation

4. Traverse the correlation coefficient of each column of data, when corn < exp, delete

the column, otherwise keep the column

Get the filtered new data

The new data is sent to the links spectral clustering method for clustering

7. Theresultc = (Cl1, C2,...,CN).

A
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4 Conclusion

In this paper, three spectral clustering methods, standard spectral clustering, high-
dimensional online clustering (links) and feature filtered high-dimensional spectral clus-
tering, are compared in terms of algorithm accuracy and operation time, It can be seen
from the above figures and that the precision of the feature filtered high-dimensional
spectral clustering is higher than the high-dimensional online clustering (links) and
table quasi spectral clustering, and the clustering speed is much faster than the standard
spectral clustering algorithm. It can be seen that this model not only retains the high
speed of high-dimensional online clustering (links), but also improves the accuracy of
clustering results (Table 1).

Table 1. The comparison of three method

Method Standard spectral High dimensional online | High dimensional spectral
clustering clustering clustering based on feature
filtering

Run time |2503.372078180313 s | 769.8853192329407 s 775.8828499317169 s
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