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Abstract Cultivating composite talents to meet the needs of the rapidly developing society has become an important task
for colleges and universities nowadays, so the cultivation of students’ artistic quality is particularly important. Based on the
visual framework of the art quality education data of college dance teaching and college students’ artistic quality, this paper
USES the data mining technology to store the education data in the data warehouse and to visualize the processing by on-line
analysis. After completing the data mining, the K-means clustering algorithm based on SOM clusters the mined educational
data, combines the correlation analysis method and the association rule method to mine the interrelationship between the two,
and explores the development path of the two. The study shows that the performance of college dance teaching and college
students’ artistic quality education is divided into three categories: excellent (56.6%), average (31.8%) and poor (11.6%), and
the support degree of each correlation rule between college dance teaching and college students’ artistic quality education is
obtained to be greater than 0.15, and the confidence level is greater than 0.6, and college dance teaching and college students’
artistic quality education are significantly related. This paper provides a new research direction for the development of college
dance teaching and college students’ artistic quality education.

Index Terms : artificial intelligence, data mining, data warehouse, K-means clustering
algorithm, association rules

I. Introduction ricular and campus life of students, alleviating academic pres-
sures and fostering a state of physical and mental well-being.
This, in turn, encourages active participation in teaching ac-
tivities and fosters an appreciation for the distinctive charm
of dance performances [7-9]. Additionally, the scientific de-
velopment of dance curricula ensures that students complete
their dance training under the expert guidance of teachers,
thereby fostering comprehension of art through exposure to
diverse dance works. This approach enhances students’ aes-
thetic capabilities and further refines their artistic literacy
[10-12].Moreover, dance teaching activities serve as a pivotal
vehicle for fostering students’ artistic literacy. Nevertheless,
regarding the current state of affairs, Chinese colleges and
universities have yet to fully invest in dance course instruction,

s China’s science and technology, as well as its social
A economy, continue to thrive, there has been a marked
surge in the demand for high-quality talents. Consequently,
higher education institutions, being pivotal in nurturing such
talents, must embrace the vital responsibility of cultivating
individuals who can contribute to national and societal de-
velopment [1-3]. To this end, within the context of dance
course instruction, higher education institutions ought to focus
their efforts on fostering students’ artistic qualities through
effective cultivation activities. This includes nurturing their
artistic sentiment, alleviating academic pressures, piquing
their interest in dance courses, and ultimately facilitating their
transformation into the high-quality talents that are imperative

for the advancement of the country and society.

Dance teaching holds a pivotal role in enhancing the artistic
literacy of students enrolled in colleges and universities, with
their personality traits and artistic proficiencies manifesting in
their aesthetic sensibilities [4-6]. A proficient grasp of dance
skills and knowledge is crucial in elevating students’ dance
proficiency and artistic literacy. Furthermore, dance course
offerings in academic institutions serve to enrich the extracur-

remaining in a phase of exploration and lacking a compre-
hensive teaching system for dance courses. Consequently, it
becomes challenging for dance course teaching activities to
cater to the learning requirements of contemporary college
and university students, resulting in some students being hes-
itant to engage in dance course studies due to time constraints
or inadequate dance proficiency. This reluctance undermines
efforts to enhance students’ artistic literacy and the overall
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teaching quality of dance courses, ultimately having a detri-
mental effect on students’ artistic aptitude and the standard
of dance course instruction [13]. To effectively address these
issues, dance educators in higher education institutions must
meticulously plan their teaching designs, scientifically nurture
students’ artistic literacy, and contribute to the holistic devel-
opment of students’ comprehensive abilities.

The literature [14] traces the evolution of dance, commenc-
ing from its early influences on training and scholarship,
through the establishment of university dance programs and
research centers. This work endeavors to illustrate the mul-
tifaceted nature of careers in dance studies, which have tra-
versed various paths, including teaching, practicing, writing,
and collaboration. Literature [15] delves into recent research
exploring the integration of technology in dance education,
emphasizing not only the integration but also assessing its
effectiveness, particularly focusing on the functionality of
mobile devices and their pivotal role in facilitating dance
teaching and learning.The literature [16] offers a reflective
analysis of practice-based inquiry, adopting a choreographic
coding lab model that captures the dynamic interplay between
technology and interdisciplinary artists from both industrial
and academic settings. This work further presents proposals
for the development of future studio-based active learning en-
vironments.Literature [17] initially outlines the status of print
publishing in Augsburg and Martin Engelbrecht’s position
within the city before delving into a detailed examination of
the images themselves, alongside the constituent elements and
their significance: the glass windows and mirrors, bilingual
texts (French and German) extolling the virtues of dance, the
attire worn by the dance teacher and pupils, and ultimately, the
messages conveyed through the dances depicted in the engrav-
ings.Lastly, Literature [18] narrates a project undertaken at the
Lambert School of Dance, where innovative methodologies
are employed in fostering reflection and reflective practice in
dance education. This work provides an overview of dance
education with a particular emphasis on reflective practice,
concluding with a summary of reflections on the intricate rela-
tionship between these two concepts.Literature [19] recounts
the scrutiny of Matisse’s early dance paintings, emphasizing
their historical impact. The author poetically translates various
sources into his own distinctive, reductive style, reflecting
his profound passion for color, movement, and the vibrant
expression found in dance.Literature [20] delves into the ad-
vancement of deep learning by elucidating key aspects such as
parameter smoothing initialization, the convolutional pooling
layer, optimal smoothing filter design, dynamic pruning meth-
ods, and the creation of wearable devices. Specifically, the
study introduces a device capable of recognizing dance move-
ments, thereby validating the applicability of deep learning-
based wearable devices in the teaching of emotional mode
dance.Literature [21] clarifies the challenges faced by artificial
intelligence in college education, particularly in dance teach-
ing. The author theoretically discusses the application strategy
of Al in this domain and demonstrates its promotional role. By
evaluating the performance of Al in college dance teaching,

this work provides a novel perspective on the integration
of cutting-edge technology in university education.Literature
[22] builds upon the foundation of virtual technology, lever-
aging computer hardware and software resources to create
an integrated technology that enables the experience of the
virtual world. This technology realizes dynamic simulations
of the real world, with a focus on analyzing aspects related
to the teaching of physical education and dance. It empowers
users to interact with the simulated dynamic environment in
real-time, responding to gestures, verbal commands, and other
forms of input.

In this paper, after completing the mining of dance teaching
and college students’ art quality education data in colleges and
universities, the mined data are organized and stored in the
data warehouse, and combined with on-line analysis and pro-
cessing to enable analysts to transform the original data from
multiple perspectives in a fast, consistent, and exchangable
way, which is comprehensible to the users, and to realize the
visualization of the education data. On this basis, the mined
educational data are processed, and based on the K-means
algorithm, a self-organizing mapping network is introduced to
accurately cluster students’ dance teaching and artistic quality
education data. Then, after exploring the correlation between
the two in terms of single-factor correlation analysis and
multi-factor typical correlation analysis, the Apriori algorithm
is used to mine the association rules of the two, and analyze
the interrelationship between dance teaching in colleges and
universities and art quality education of college students.

Il. Al-based Educational Data Visualization Process

A. Data mining process for dance and arts quality
education

Educational data mining is the process of extracting infor-
mation and knowledge that people do not know beforehand
and is implied but potentially useful from a large amount
of incomplete, fuzzy, and noisy random educational data.The
goal of data mining is knowledge discovery, which is used for
understanding and predicting behaviors and determining rela-
tionships. The process of data mining for dance and art quality
education is shown in Figure 1, which generally includes three
phases: data preparation, data mining, and expression and
interpretation of results.

1) Data preparation

An important process of data mining is the data preparation
phase, and the preparation of this phase will directly affect
the efficiency, accuracy and mining results. In this data prepa-
ration phase can be divided into three steps, which are data
integration, data selection and data preprocessing.

1) Data integration: In this process, data from multiple
databases or multiple files are merged and processed,
mainly dealing with omissions in the data, resolving
semantic ambiguities and cleaning the data and other
operations.

2) Data Selection: In this step, its main purpose is to
distinguish the required data set, reduce the scope of the
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Figure 1: Dance and artistic quality education data mining
process

data to be processed, and improve the speed and quality
of data mining.

3) Data Preprocessing: The purpose of data processing is
to convert the data into a form suitable for data mining,
and the data can be further simplified.

2) Data mining

This stage represents the pinnacle of importance in data min-
ing, posing a formidable technical challenge: selecting the
most suitable data mining algorithms. In the realm of data
classification analysis, algorithms such as Bayesian classi-
fication, decision tree-based methods, neural networks, and
genetic algorithms are paramount. Similarly, in data clus-
tering analysis, a myriad of algorithms exist, categorized
into division-based, hierarchy-based, density-based, and grid-
based approaches. Furthermore, association rule analysis en-
compasses a diverse array of algorithms, including paral-
lel and distributed association rule algorithms, fundamental
algorithms for association rules, and multilevel association
rule algorithms. Lastly, within statistical prediction methods,
the primary algorithms are regression prediction algorithms,
alongside the hidden Markov model and other regression-
based techniques.

3) Presentation and interpretation of results

The paramount objective of data mining is to furnish cus-
tomers with reliable information that aids in decision-making
processes. This necessitates not only the meticulous analysis
of extracted data to discern the most pertinent information
but also the deliberate consideration of the optimal means
(encompassing charts and other visualization tools) for pre-
senting these findings. Additionally, a crucial aspect involves
implementing a rigorous filtering process to eliminate infor-
mation that is deemed irrelevant or of no interest to the user.
Should the results generated through the data mining process
prove insufficient for decision-making purposes, it becomes
imperative to revisit the data preparation or mining stages,
iterating the process until satisfactory outcomes are achieved.

B. Construction of a data warehouse for dance and arts
quality education

A data warehouse serves as a cornerstone for service manage-
ment decision-makers, facilitating scientific decision-making
processes. It comprises a collection of data that shares a com-
mon theme, is highly integrated, and exhibits relative stability,
effectively reflecting the historical development and patterns
of change within a particular class of data. This transition from
manual manipulation of data related to business operations
and market demands to computer-based management lever-
ages database technology to automate the collection, storage,
and management of such data, thereby enhancing efficiency
and accuracy.

1) Components of a data warehouse

A data warehouse encompasses a comprehensive architec-
ture comprising relational databases, data marts, diverse data
sources, dimensions, levels, metrics, units, multidimensional
datasets, partitions, and aggregations. Relational databases
play a pivotal role in describing their utilization and function-
ality within the data warehouse framework. Data marts, on the
other hand, house specific segments of data warehouse data
tailored for particular applications.The term "Data Sources"
refers to the assortment of structured data sources that are
commonly employed in the construction of data warehouses.
Dimensions serve to elucidate the data present within the fact
tables of a data warehouse, while levels delineate the hierar-
chical organization of data, grounded in either dimension table
columns or member attributes.Metrics are numerical indica-
tors that end-users primarily concentrate on when navigating
through multidimensional datasets. A cell, being the most
fundamental unit of a multidimensional dataset, represents the
unique logical intersection of members from each dimension
associated with that dataset.Multidimensional datasets consti-
tute a multifaceted structure that integrates dimensions and
metrics, facilitating the depiction of cell values through the
aggregation of metric values. Partitions facilitate the storage
and administration of pre-computed aggregates, and in some
instances, source data as well. Lastly, aggregations refer to the
pre-calculated summaries of data, offering an efficient means
of data analysis.

2) Structure of the data warehouse

The primary objective of a data warehouse is to establish an
analytics-centric, integrated data environment that serves as a
cornerstone for enterprise decision-making. Notably, the data
warehouse itself neither generates nor consumes data directly;
rather, it serves as a conduit for data sourced externally and
is accessible to external applications. Data for the warehouse
originates from diverse sources and caters to a range of data
applications. This data flows sequentially into the warehouse,
with the upper layers facilitating data applications, while the
warehouse core functions as an intermediary platform for
data management.The implementation of a data warehouse
encompasses four distinct functional domains: data acquisi-
tion, which involves gathering data from various sources; data
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Figure 2: The architecture of the data warehouse

organization, ensuring the structured arrangement of data for
efficient access and analysis; data application, where the data
is utilized to support various business needs; and finally, data
presentation, presenting the insights derived from the data in
a comprehensible manner.

The amount of data stored in the data warehouse is large,
and some useful information can be obtained from the data
warehouse. The architecture of data warehouse is shown in
Figure 2. Data warehouse generally includes the following
contents:

1) Data collection part: it is collected and processed from
the original data and finally it is added to the data
warehouse.

2) Data transfer part: the function of this part is available
to transfer some data to other data warehouse or outside.

3) Intermediate part: it gives the final user how to use the
data warehouse.

4) Data access part: it provides the end users of the orga-
nization with access and data analysis tools of the data
warehouse.

5) Design section: it is used to design the data warehouse
database.

6) Catalog section: This section is for information man-
agers and end users to store some information related to
the data.

7) Data section: In this section, it mainly realizes the func-
tion of instructing users how to operate the database.

C. On-line analytical visualization and processing
techniques
Online Analytical Processing (OLAP) is a data processing
technology designed to empower analysts and managers with
the capability to swiftly, consistently, and interchangeably
transform raw data from diverse angles, ensuring that the
transformed data is comprehensible to users. This technology
facilitates analysts in uncovering the underlying patterns and
laws embedded within the data. Encompassing features such
as modeling, storage, independence, swiftness, interactivity,
and display capabilities, the technical conceptual framework
revolves around fundamental concepts including variables,
dimensions, dimension levels, and dimension members.

1) Variables: Variable is the definition of the specific object

described, indicating the specific meaning of the data,

Level 1 Level2 Level 3 Level 4

Data
preparation area

Data deansing,
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OLAP /”@
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Data
preparation area

Figure 3: OLAP’s three-layer customer/server structure

that is, what the data is.

2) Dimension: Dimension is a specific perspective when
analyzing data, using different vision, will get different
results, the same problem can be analyzed from many
different dimensions.

3) Dimension member: Dimension member is a specific
value of a dimension, if the dimension has more than
one level, the dimension member consists of the values
of each level.

4) Slicing and Chunking: In a multidimensional data struc-
ture, slicing is to take out the plane formed by any two
dimensions, which is a two-dimensional true subset of
the multidimensional data structure, and chunking is to
take out the cube formed by three dimensions, which is
a three-dimensional subset of the multidimensional data
structure.

5) Rotation and Drilling: In the three-dimensional array,
rotation mainly refers to the three dimensions to ex-
change positions with each other, that is, the data cube
produces rotation, drilling is to refine or generalize a
variable value in a certain dimension.

6) OLAP structure: OLAP is based on the data analysis
and processing system between the user and the data
warehouse, the server structure of OLAP is shown in
Figure 3. Multidimensional analysis and processing of
data from the data warehouse, usually use a three-tier
client-server structure, in which the structure of the data
warehouse, the server and the client to make a strict
distinction between the system’s processing is mainly
carried out on the server.

lll. Calculation of the Association Between Dance and
Artistic Quality Education

A. Association rule mining for educational data

1) Association rules

Let I = {i1,i2,...,%m} be a set of terms and D be a set
of transactions, where each transaction 7" is a set of terms,
T C I.Let X be a set of terms, X C I, and transaction T’
contains X if and only if X C 7. An association rule is an
implication of the form X => Y, where X C I Y C I, and
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X NY = ¢. The degree of interest of an association rule can
be measured in terms of support and confidence.

Support: If the percentage of transactions in D that contain
X UY is s%, then we say that association rule X => Y has
support $% in transaction set D, denoted by support(X =>
Y):

It

support(X =>Y) =
0

D

Confidence: We say that association rule X => Y has
confidence ¢%, denoted by con fidence(X => Y'), in trans-
action set D if the percentage of the number of transactions
in D that contain both X and Y to the number of transactions
that contain X is ¢%:

confidence(X = Y) = @ (2)
]

Or:
support(X = Y)

confidence(X = Y) =
support(X)

x* 100% = c%.
3)

Strong association rules: association rules that satisfy both
the minimum support threshold and the minimum confidence
threshold are called strong association rules.

Mining of association rules is a two-step process:

o Step 1: Find all the frequent itemsets. The number of
occurrences of these itemsets is greater than or equal to
the predefined minimum support count.

o Step 2: Generate strong association rules from the fre-
quent itemsets. These association rules must satisfy the
minimum confidence level.

2) Apriori frequent item set based mining
Finding the best of the association rule mining algorithms is
Apriori algorithm.

The Apriori algorithm has been leveraged to enhance a
crucial property, aiming to improve the hierarchical search
capability and, consequently, streamline the processing of
frequent itemsets.

The Apriori algorithm mines frequent itemsets, a highly
intricate problem. To facilitate clear exposition in this paper,
we introduce the notation Lk to signify a frequent itemset, and
Lk-1 as a representative example of the generation process of
Lk. Elucidating the specific application method necessitates
an explanation of how Lk is derived from Lk-1, involving two
crucial processing steps: the join operation and the pruning
operation.

Joining step: from the above joining step will be Ck, which
is a superset of k. However, some of the itemsets are not
frequent itemsets, and two itemsets in k-1 can be joined to
obtain a candidate set Ck for k. However, all frequent k-
itemsets are present in Ck. By scanning the database, the
support frequency can be determined and the elements of LK
can be fully captured. Two itemsets are set in Lk-1, specifically
p and q. The ith item in p is denoted by the notation p.itemi.
By the same reasoning, the notation q.itemi denotes the ith
item in g. Denote if the first (k-2) terms in p and q are the

same, we denote the Lk-1 joining operation as Lk-1Lk-1, i.e.,
if there is: The condition p.itemk-1 < q.itemk-1 ensures that no
duplicate itemsets are created. (p.item1=q.item1)A... (p.itemk-
2=q.itemk-2). A (p.itemk-1,<q.itemk-1)A, then the contents
of p and q in Lk-1 can be joined together.

B. Educational data clustering

1) Self-organizing mapping networks

An important model of artificial neural networks is self-
organizing mapping (SOM). The basic SOM algorithm pro-
cess is described as follows:

1) Initialization: randomly initialize the weight vector of
the neurons in the output layer W. Let the total num-
ber of neurons in the output layer in the network be
l, and the dimension of the input space be m, then
Wj = [wjhwjz,wjm}T 7j = 172, s ,l.

2) Competitive process: randomly select the input pat-
tern vector from the input space, denoted as X =
[€1, 22, - ,xm]T, and compute the distance of X from
the weight vectors of all neurons. Using the Euclidean
distance as a criterion, the neuron closest to the weight
vector is the winning neuron:

i(X) = argmjinHX(t) -W;ll,j=1,2,3,---,L
“

3) Cooperative process to determine the response neigh-
borhood: winning neurons activate their topologically
adjacent neurons.

The radius of the neighborhood of the winning neuron
monotonically decreases over time, with the aim that the
overlap between the perceptual domains of the neuron’s
nodes gradually decreases over the course of the training
process, eventually becoming zero.

Let h;; denote the topological neighborhood centered
on the winning neuron ¢. The neighborhood function
usually uses a Gaussian function, i.e:

2

@,
hj,i(X)(t) — €xp <_ 20.;’@)) t=0,1,2,---, %)

where d;; denotes the lateral distance between the
winning neuron ¢ and the excitatory neuron j. and:

42, =|lri —ri|?, (6)

where, o (t) is the effective width of the neighborhood,
which shrinks with time:

o(t)=opexp(—t/m) t=0,1,2,---, (1)

where o is the initial value of ¢ and 7y is the time
constant.

Adjusting the neighborhood yields two noteworthy ef-
fects. Firstly, it mitigates the algorithm’s sensitivity to
the initial weight vector, thereby enhancing its robust-
ness. Secondly, it exerts a local smoothing influence on
the weight vectors of adjacent neurons, ultimately fa-
cilitating the establishment of a global ordering through
this localized learning process.
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Figure 4: K-means two-stage clustering algorithm based on
self-organizing mapping

When o(t) = 0, the output neurons of SOM become
completely competitive with each other, at this time
SOM is the same as K-means clustering process.

4) Adjusting the size of the weight vectors: the weight
vectors of the winning neurons and their neighboring
nodes in the SOM topological space are adjusted so that
they move towards the input pattern.

The weight vector adjustment rule is:
Wj(t +1) = W) +n()hyic) (8) (X (1) = W;(1)), (8)

where 7 is the learning rate parameter, which monotonically
decreases with time ¢ starting from an initial value 7. This
ensures the convergence of the adaptive adjustment process
of the SOM neural network weight vectors, which can be
calculated by the following equation:

n(t) :UOQXP(*t/Tz) t:07172a"' . &)
2) SOM-based k-means clustering algorithm

The K-means two-stage clustering algorithm based on self-
organizing mapping is shown in Figure 4. Its specific imple-
mentation process is divided into two stages as follows:

During the initial stage, the data intended for clustering
is fed into the SOM network for training. Initially, SOM
is employed to cluster the data samples, deriving the total
number of clusters and the centroid of each cluster, serving
as the initial clustering centers. Given that precise grouping
is not essential in the cooperative learning context, a roughly
accurate clustering suffices, allowing for a reduction in the
number of SOM training iterations. Consequently, the network
does not necessitate full convergence at the end of the training
process. Through self-organization, each node of the output
layer evolves into a neural cell sensitive to a specific pattern
class, leading to the identification of the centroid vectors for
each input pattern. These centroids are then utilized as the
initial clustering centers for the subsequent stage of the K-
means algorithm.

In the second stage, K-means takes the clustering center
made by SOM clustering as the initial clustering center, ex-
ecutes the K-means clustering algorithm, further clusters and
outputs the final clustering results.

Specific realization steps:

1) First clustering: initial clustering by the self-organizing
mapping clustering SOM, resulting in the number of
clusters and the initial clustering center. The role of
this step is to use the SOM to preprocess the data of
the samples to be clustered, the main method is to use

2)

3)

the SOM network to train the input data, and a set
of weight vectors are obtained at the end of training.
The number of times the network is trained at this
stage can be reduced a little bit, as the network is not
required to converge completely, while the number of
output neurons can be increased appropriately.The SOM
algorithm is used to form prototypes with far more than
the expected number of clusters.

Step 1: Input the original sample data for weight initial-
ization.

Set W as the weight vector of randomly initialized
output layer neurons, m = M as the dimension of
the input space, assign small random numbers to the
weights of the output layer neuron nodes and normalize
them, [ as the total number of output layer neurons in
the network, W; = [wjl, wj2, wjm]T =121
and set the initial number of loops ¢t = 1. r(0) as
the radius of the specified initial winning domain, «(0)
as the learning efficiency, and T},,x as the maximum
number of iterations.

Step 2: Input a pattern vector X = [z1,Z2," - ,ZTm
to find the winning node through a competitive process.

]T

a) Calculate the distance between X and the weight
vectors of all neurons, and the neuron closest to
the weight vector is the winning neuron. That is,
find the weight vector of W; that has the smallest
distance from X;(t = 1,2,---m).

The formula is:

i(X) = argmin | X(t) - W;|,j=1,2,3,--- 1,
J
(10)

where the Euclidean distance of any two m-
dimensional vectors A and B is calculated as:

Z (331 — wk)Q.

Jj=1

IX — W = (1)

b) The node g with the smallest distance is selected
as the winning node and Ny(t) is the winner
neighborhood. The weight vector linked to node
g is adjusted so that it is close to Xj. The learning
equation is:

Aﬂ)ij = O[(t) |CCZ'k — wij| , Wij = Wij + Awij,
12)
here i = 1,2---1,j = 1,2---m. «(t) is the
learning efficiency parameter for the ¢nd time,
which monotonically decreases with the number
of training sessions (i.e., over time) starting from
an initial value of ag: «(t) is given by:

a(t) =agpexp (—t/m2) t=0,1,2,---. (13)

Tk, is the input of the ird input node of the knd
sample data, w;; is the connection weight between
the ¢th input node and the ¢th output node, where
J € Ny(t).
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¢) Judgment of the network.

i) Judgment condition 1: Whether the weight
values of the neuron nodes have reached the
convergence state.

The judgment formula is r(t) < e.

ii) Judgment condition 2: the iteration has reached
the maximum number of times, i.e. t > Ty .
Network training can be terminated if one of
the two conditions is met, otherwise repeat step
2,ie.t=t+1.

iii) After the network training is terminated, the
clustering structure of the sample is completed
by the response of the output node.

4) Step 3 outputs the number of clusters C' and the initial
cluster centers Z = {Zy,Zs,---Z.}. The prototype
of the number of clusters generated in this step, from
which specific clusters are also generated in the second
clustering.

a) Second clustering K-means clustering: A set of
weight vectors obtained from SOM clustering is
executed for clustering using K-means algorithm.
The number of output clusters C' and the initial
clustering centers Z = {Z, Zs, - Z.}, are used
as initial parameters for secondary clustering using
K-means, and the initial clustering centers need
to be further processed to obtain suitable centers
before secondary clustering. Firstly, the prototype
with much more than expected number of clusters
is formed using SOM algorithm i.e. the first layer
of data is obtained through SOM which is the
output of the first clustering. While performing the
second clustering i.e. using K-means clustering,
first in the output of the previous layer K centroids
are identified and then specific clusters are gener-
ated using the clustering method.

C. Educational relevance analysis
1) One-way correlation analysis

There are a large number of interconnected, interdependent,
and mutually constraining quantitative relationships between
things. This relationship can be divided into two types: one
is a functional relationship, and the other is a correlation
relationship.

Correlation analysis is to determine the regularity of the
correlation between phenomena, and accordingly to predict
and control the analytical method, is the study of the degree
of closeness between the variables of a commonly used sta-
tistical methods. The correlation coefficient, also known as
the Pearson’s product-moment correlation coefficient, is an
indicator of the degree of closeness of the correlation between

two phenomena, and is expressed as r:

COV(x,y)
D(z)D(y)

_ Z?:l (mz - i') (yi - ?j) 7 (14)

VL - 2P S (i - 9)°

where T = %Z?:l x;, is the mean of the x variable; § =
% Z?:l y;, 1S the mean of the y variable, and 7 is the sample
size.

r(z,y)

2) Multi-factor typical correlation analysis

One-way correlation analysis examines the relationship be-
tween a single variable and a set of other variables, with a
particular focus on the pairwise relationship between two per-
formance variables in isolation. This analysis, which operates
on a one-to-one basis, quantifies the strength of the linear
relationship between a specific dance class and professional
artistic literacy education. However, it should be noted that
this analysis is not intended to provide a generalized picture
of such relationships.

Typical correlation analysis, a multivariate statistical tech-
nique, is employed to investigate the correlations between two
sets of variables, thereby uncovering their inherent relation-
ships. Its primary objective lies in identifying and quantify-
ing the connections between these variable sets. Moreover,
it facilitates the transformation of the analysis, shifting the
focus from the correlation between individual variables to
the correlation between linear combinations of variables from
each set.

Assuming that the two variables are X, Xo,..., X, and
Y1,Ys,---,Y,, the linear combinations of the two variables
are V and W,ie., V = a1 X + axXo + ---ap, X, W =
biY1 + boYs + ---bgY,. Since there can be many linear
combinations of a set of variables (the linear combinations are
determined by the corresponding coefficients), it is necessary
to find meaningful linear combinations. A meaningful linear
combination is one that combines a representative number
of variables from two sets of variables into a new variable.
Typical correlation analysis is to find a linear combination of
these two sets of variables and maximize the correlation coef-
ficient between the two sets of variables. The problem, then,
is to find the coefficients ai, as, ..., a, and by, ba, - - - , b, that
maximize the correlation between the new combined variables
(also known as the typical variables), which is measured by
the typical correlation coefficient.

The main problem involved here is the solution of the
eigenvalues and eigenvectors of the matrix, and the resulting
eigenvalues are directly related to the typical correlation co-
efficients of V' and W, i.e., the eigenvalues are the typical
correlation coefficients of the variables V' and W, and the
largest eigenvalues are the first typical correlation coefficients
of V and W, which indicate that V' and W are most relevant.
The next largest eigenvalues are the second typical correlation
coefficients for V' and W, indicating that V' and W are next
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most relevant. The other eigenvalues have a decreasing corre-
lation with V' and W in that order. In practice, it is sufficient
to select those for which the cumulative total contribution of
the eigenvalues accounts for the major part, and preferably the
first typical correlation coefficient extracts enough correlation
components. Typical correlation analysis makes it easy to
capture the essence of the problem by substituting the study of
a few typically correlated variables for the study of the original
correlation between the two sets of variables.

The steps for solving for typical variables and correspond-
ing typical correlation coefficients for X and Y are as follows:

1) Find X the matrix of correlation coefficients between
the variables S,,, Y the matrix of correlation coeffi-
cients between the variables S,,, X and Y the matrix
of correlation coefficients between the variables S,
and S, where S, is the S, transposed matrix, and
compute D = S, 18,5 !S,,, where S ! is the
inverse matrix of Sy, and S} is the inverse matrix of
Sz
Other formulas used:

_ i, (@i %) (y: —7)
M@Y= e
T = % E?:1 Ti, Y = % Z?zl Yi-

2) Find all non-zero eigenvalues of D. Let all non-zero
eigenvalues of D be in order A2 > A3 > A2 > .. )\2

3) Find the normalized eigenvector Z; of the correspond-
ing \?(i =1,2,...r) of D.

4) Find the typical variables and typical correlation coef-
ficients: let u; = /\i_lS;;SxyZi, so that the typical
variable of X,Y is V; = w; X, W, = Z;Y, and the
corresponding typical correlation coefficients are \? >
A3 > A2 > ... A2, respectively.

15)

IV. Analysis of the Correlation Between Dance and Art
Quality Education

The university of the arts, in which dance teaching included
folk dance (ND), jazz dance (JA), Latin dance (LD), ballet
(BA) street dance (HH), and modern dance (MD). Art educa-
tion mainly includes aesthetic concept (AR), artistic percep-
tion (AP), creativity (CR), critical thinking (CT), appreciation
(AC), and moral character (MC).

A. Cluster analysis of students’ performance in dance
and artistic qualities

In this study, the SOM-based K-means clustering algorithm
was applied to the processed data, resulting in the grouping
of students into six distinct clusters. Subsequently, these six
clusters were visually represented and subjected to thorough
analysis. Figure 5 presents the visualization of the clustering
outcomes pertaining to student performance, wherein three
distinct types of clusters exhibit varied trends in their aca-
demic achievements. Specifically:

The first category of students had scores between 3.5 and
4.7 in folk dance, jazz dance, Latin dance, ballet, street dance,

5t Excellent General Poor
4 -
23t f
3
“ I
2 -
1k
ﬂ 1 1 1 1 1 1 1 1 1 1
ND JA LD BA HH MD AR AP CR CT AC MC
Content

Figure 5: Clustering visualization of student performance

modern dance, aesthetic concepts, artistic perception, creativ-
ity, critical thinking, appreciation, and ideology and morality,
and had excellent performance results in dance teaching and
quality education in the arts, with a total of 98 students, or
56.6% of the total. This type of students’ learning ability
is stronger, and teachers are more sparing with this type of
students.

Most of the courses of the second group of student com-
munities were in the middle, and this group of students had
average academic performance. In terms of academic perfor-
mance, the grades of ethnic dance, jazz dance, Latin dance,
ballet, street dance, modern dance, aesthetic concept, artistic
perception, creativity, critical thinking, appreciation, and ide-
ology and morality of this part of the student community are in
the range of 2.5 to 3.7, with a total of 55 students, accounting
for 31.8%.

The third group of students’ community performance is
on the lower end of the scale. In terms of academic course
performance, this group of students performs poorly in folk
dance, jazz dance, Latin dance, ballet, street dance, modern
dance, aesthetic concepts, artistic perception, creativity, criti-
cal thinking, appreciation, as well as achievement in ideology
and morality, with the highest score not exceeding 3.3. There
were 20 students in this category, accounting for 11.6% of the
total. These students performed poorly and did not study hard
enough, and teachers need to focus on such students in the
teaching process.

B. Relevance of dance teaching to artistic quality
education

1) Results of simple correlation analysis

This paper employs Pearson’s coefficient as a statistical metric
to quantify the strength of the relationship between dance
teaching and art quality education. The significance thresh-
old of p<0.05, in conjunction with the absolute value of
the correlation coefficient (Irl), dictates the interpretation of
this relationship. Specifically, Ir1>0.5 signifies a statistically
significant and substantial correlation between dance teaching
and art quality education. Conversely, 0.3<Irl<0.5, though
still statistically significant (p<0.05), indicates a weaker con-
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nection. Lastly, Irl<0.3 implies a lack of statistical correlation
between the two variables. The correlation analysis was con-
ducted using SPSS software, and the outcomes of this analysis
are presented in Table 1, which details the simple correlation
between dance teaching and art quality education.

From the table, it can be concluded that statistically signifi-
cant correlation, low correlation and non-correlation between
the dance and art quality education content that showed sig-
nificant correlation. Among them, the dance instruction sig-
nificantly correlated with aesthetic perception education are
jazz dance (0.808), street dance (0.530), whose p-values are
less than 0.05. The dance instruction significantly correlated
with artistic perception education are folk dance (0.583), Latin
dance (0.646), ballet (0.697). The dance teaching contents sig-
nificantly related to creativity, critical thinking, appreciation
and ideology are all Latin dance, and their correlation coeffi-
cients are 0.873, 0.551, 0.782 and 0.519 respectively, which
indicates that the teaching of Latin dance can significantly
enhance the education of college students’ artistic quality.
In addition, there is no correlation between Latin dance and
ballet and aesthetic concepts, and the r-value is less than 0.3,
indicating that Latin dance and ballet, as the most common
types of dance, cannot cultivate students’ aesthetic concepts.
There is no correlation between ballet and the cultivation of
creativity in art quality education (r=0.269, p=0.023<0.05),
and street dance and the cultivation of appreciation in art qual-
ity education (r=0.245,p=0.056>0.05), and ballet and street
dance can’t cultivate students’ creativity and appreciation.

2) Typical correlation analysis results

Using the content of college dance teaching as the X variable
(X1=ND, Xq2=JA, X3=LD, X4=BA, X5=HH, Xz=MD), and
the content of college students’ artistic quality education as
the Y variable (Y;=AR, Y2=AP, Y3=CR, Y4=CT, Y5=AC,
Ys=MC), the typical correlation between the two sets of
variables of college dance teaching and artistic quality edu-
cation were Analysis. Table 2 shows the typical correlation
analysis of college dance teaching and art quality education.
The results show that a total of four pairs of typical correlation
variables were obtained, and the test found that the typical
correlation coefficients of the first and second pairs of typical
correlation variables were statistically significant (P<0.001),
i.e., the correlation coefficient of the first pair of typical cor-
relation variables was 0.552, with an eigenvalue contribution
rate of 65.6%. The correlation coefficient of the second typical
correlation variable is 0.313, with an eigenvalue contribution
rate of 29.8%, and the cumulative contribution rate of the first
two pairs is 95.4%, indicating that the correlation between
dance teaching and artistic quality education in colleges and
universities is mainly explained by the first pair of typical
correlation variables.

On this basis, the typical structure and redundancy were
analyzed, and Table 3 shows the typical structure and redun-
dancy analysis of dance teaching and art quality education
in colleges and universities. Among them, U; is negatively
correlated with folk dance, Latin dance, modern dance, artistic

perception, creativity, critical thinking, appreciation and ide-
ology and morality, and positively correlated with jazz dance,
ballet, modern dance and aesthetic concepts, among which
the correlation with college dance teaching is stronger. Us
is positively correlated with creativity cultivation of artistic
quality education, and negatively correlated with all other
variables, among which the correlation with jazz dance and
street dance is stronger. V; is negatively correlated with
folk dance, Latin dance, modern dance, artistic perception,
creativity, critical thinking, and appreciation, and positively
correlated with jazz dance, ballet, modern dance, aesthetic
concepts, and ideology and moral character, among which the
correlation with Latin dance, artistic perception, and critical
thinking is stronger (r>0.5). The second typical variable Vg
was positively correlated with creativity and negatively corre-
lated with the rest of the variables, with stronger correlations
with aesthetic perception and critical thinking. The results of
the typical redundancy analysis showed that U; could explain
53.84% of the within-group variation (group of X variables)
and 5.38% of the variation in the group of Y variables, and
V1 could explain 24.11% of the within-group variation (group
of Y variables) and 12.07% of the variation in the group of X
variables, which indicated that the role of the dance teaching
in influencing the quality of art education was greater than the
role of the quality of art education in influencing the dance
teaching.

C. Analysis of the rules of association between dance
teaching and artistic quality education

In the analysis of the degree of influence between the courses,
the Apriori algorithm in Weka was mainly used to find the
direct correlation between dance teaching and artistic quality
education. The correlation rule between the two is obtained
by exploring the frequency of two or more records occurring
at the same time. Just for example, the rule: dance teaching
A ==> art quality education B. Such a rule can get the
extent to which the dance teaching content A will affect
the art quality education B. Teachers can then find out the
interactions between prior and subsequent teaching according
to these rules, and find the prior teaching that may affect
the students’ subsequent learning effect, so as to instruct the
students in a more targeted way to improve the teaching effect.
Table 4 shows the correlation rules between college dance
teaching and art quality education.

Considering Rule 1 and Rule 2 as illustrative examples,
Rule 1 indicates that within a cohort of 173 students, 72
demonstrated effective learning in folk dance. Notably, among
these 72 students, 50 also exhibited excellence in aesthetic
concepts within the realm of art quality education. The support
of this rule is calculated as sup=50/173=0.29, while the confi-
dence is conf=50/72=0.69. Rule 2, on the other hand, asserts
that students proficient in jazz dance have a 68% chance of
concurrently excelling in creativity within their artistic quality
education. These findings underscore the substantial influence
of folk dance and jazz dance learning outcomes on aesthetic
concepts and creativity education within art quality education.
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ND JA LD BA HH MD
AR Pearson correlation 0.436 | 0.808 | 0.254 | 0.214 | 0.530 | 0.347
Significance (double tail) | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 [ 0.000
AP Pearson correlation 0.583 | 0.361 | 0.646 | 0.697 | 0.477 | 0.471
Significance (double tail) | 0.000 | 0.000 | 0.000 | 0.001 | 0.000 [ 0.000
CR Pearson correlation 0.661 | 0.447 | 0.873 | 0.269 | 0.771 | 0.499
Significance (double tail) | 0.000 | 0.000 | 0.000 | 0.023 | 0.000 | 0.018
CT Pearson correlation 0.662 | 0.541 | 0.551 | 0.403 | 0.877 | 0.317
Significance (double tail) | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000
AC Pearson correlation 0.559 | 0.521 | 0.782 0.72 0.245 | 0.621
Significance (double tail) | 0.000 | 0.000 | 0.000 | 0.000 | 0.056 | 0.000
MC Pearson correlation 0.467 | 0.456 | 0.519 | 0.732 | 0.321 | 0.682
Significance (double tail) | 0.000 | 0.000 | 0.000 | 0.000 | 0.337 | 0.000

Canonical correlation variables | First pair | Second pair | Third pair | Fourth pair

Canonical correlation coefficient 0.552 0.313 0.121 0.082
Eigenvalue 0.258 0.135 0.012 0.004
Contribution rate (%) 0.656 0.298 0.028 0.018
Cumulative contribution 0.656 0.954 0.982 1.000

F value 10.225 5.883 1.442

Molecular freedom 18.000 10.000 5.000

P value 0.000 0.000 0.152

Table 2: Typical analysis of dance teaching and artistic quality education

Table 1: Simple correlation analysis of dance teaching and artistic quality education

Uy Us Vi Va
National dance -0.712 -0.338 -0.339 -0.113
Jazz 0.552 -0.689 0.263 -0.222
Latin dance -0.983 -0.147 -0.467 -0.048
Ballet 0.619 -0.437 0.296 -0.14
Hip-hop -0.747 -0.628 -0.31 -0.123
Modern dance 0.813 -0.444 0.287 -0.11
Aesthetic reading 0.196 -0.253 0.398 -0.793
Artistic perception -0.399 -0.118 -0.836 -0.352
Creativity -0.076 0.094 -0.164 0.29
Critical thinking -0.258 -0.192 -0.539 -0.583
Appreciation -0.078 -0.055 -0.168 -0.168
Moral character -0.005 -0.047 0.119 -0.087
The X variable group is explained by the U percentage | 53.84 12.07 24.11 5.38
The X variable group is explained by the V percentage | 20.02 2.16 23.74 2.57
The Y variable group is explained by the V percentage | 11.28 0.11 13.62 0.21
The Y variable group is explained by the U percentage | 14.86 0.1 21.36 0.07

Table 3: Typical structure(r) and redundant (%) analysis

Serial number Rule Support Confidence
1 ND==>AR 0.29 0.69
2 JA ==>CR 0.28 0.68
3 LA =>CT 0.28 0.67
4 BA ==>AP 0.27 0.67
5 HH ==>CR 0.25 0.67
6 MD ==>MC 0.25 0.65
7 ND ==>MC 0.24 0.64
8 LD =>AC 0.24 0.63
9 MD ==>CR 0.23 0.61
10 ND, BA ==>AR 0.23 0.79
11 JA, HH ==>CR 0.21 0.81
12 LD, BA ==>AC 0.20 0.81
13 LD, MD ==>MC 0.19 0.79
14 ND, LD, BA ==>AR 0.19 0.78
15 ND, LD, BA, MD==>MC 0.18 0.78

Table 4:

The rules of association between dance teaching and artistic quality education
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Consequently, students are advised to build a robust founda-
tion in dance courses to facilitate mastery of subsequent art
quality education content. Moreover, teachers ought to closely
monitor students’ dance course performance during subse-
quent art quality education, enabling more targeted dance and
art quality education interventions.

Through the analysis of the correlation rule between the
degree of mutual influence between college dance teaching
and college students’ artistic quality education, we not only
get the correlation between the two that has been embodied
in the actual teaching, but also get some valuable information
that seems to be irrelevant but has some connection, which
can not only provide certain teaching guidance to the teachers
but also make the students more clear about the weak parts
they need to strengthen, so as to improve the teaching effect.
The information can not only provide teachers with certain
teaching guidance, but also make students more clear about
the weak parts they need to strengthen, thus improving teach-
ing effect.

V. Conclusion

This paper delves into the relationship between college dance
teaching and the quality education of college students, em-
ploying artificial intelligence in conjunction with data mining
techniques to uncover the correlation between these two do-
mains and to subsequently propose an optimization pathway
for their coordinated development.

Utilizing the SOM-based K-means clustering algorithm, the
selected samples were categorized into three groups: excel-
lent (56.6%), average (31.8%), and poor (11.6%). Teachers
are advised to prioritize attention towards the third category,
comprising students with subpar performance across all di-
mensions. The correlation analysis revealed coefficients of
0.552 and 0.313 for the first two pairs of typical correlation
variables, respectively, contributing cumulatively to 95.4% of
the total correlation. This suggests that the primary explana-
tory factor for the relationship between dance teaching and
art quality education in colleges and universities lies within
the first pair of variables, with dance teaching exerting a
more significant influence on art quality education than vice
versa. Furthermore, 15 correlation rules were derived based
on dance teaching and art quality education, with each rule
exhibiting a support degree exceeding 0.15 and a confidence
degree greater than 0.6. These findings enable the practical
application of insights into the correlation between dance
teaching and college students’ art quality education within
real-world teaching contexts.

The majority of theoretical knowledge acquired by uni-
versity students serves as a supportive framework for the
relatively limited proportion of professional skills classes
within the curriculum. To situate dance education, a cru-
cial component of holistic quality education for professional
dance students, it is imperative to simultaneously enhance
its reach among ordinary students on campus. By leveraging
the strengths and capabilities of higher education institutions,
dance education can play a pivotal role in its popularization

and contribute to the cultivation of versatile, high-quality
dance talents who exhibit comprehensive development.
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