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Data science has expanded at an exponential growth with the advancement of big data technology. (e data analysis techniques
need to delve deeper to find valuable information (Sarac 2017). (e notion of edge computing is broadly acknowledged. Edge-
enabled solutions provide computing, analysis, storage, and control nearer to the edge of the network, which support the efficient
processing and decision-making. Machine learning has also attained significant attention in this context due to its flexibility and
its ability to provide a variety of supervised, unsupervised, and semisupervised techniques. (is research presents a specific model
to evaluate the potential correlation of piano teaching using machine learning. (e data analysis is performed at the edges of
network for efficient results (Tan et al. 2017). (e association rule mining technique of machine learning is utilized with the
integration of improved T-test method.(e improved T-test is performed for the measurement of association rules and proposed
a new measure and influence degree of association rules. It is evident from the results that the use of the degree of influence as a
measure of association rules to find the potential relevance of multimedia-assistant piano teaching evaluation data is extremely
feasible. It overcomes shortcomings of existing measurement standards and reduces the generation of redundant rules. (e
existing literature highlights the concepts of evaluation of potential correlation and evaluates the advantages. However, there is a
lack of an effective strategy for piano teaching. (e proposed model performs efficient calculation and storage. (e feasibility and
effectiveness of the proposed framework are verified using the analysis of the actual dataset. (e verification results show that it is
feasible and valuable to find the potential relevance of multimedia-assisted piano teaching evaluation.

1. Introduction

(e emergence of Internet of (ings (IoT) and the prolif-
eration of machine learning have improved the way we act
and think. Entering the new era of machine learning, an
effective strategy for data analysis has become a challenging
task. (e existing models face challenges to have efficient
data analysis and evaluation. Educational technologies (e.g.,
multimedia technology) improve the popularity of the
modern educational system. Multimedia technology im-
proves the quality of teaching in various applications.
Among these applications, piano teaching is one such ap-
plication that has benefitted from using multimedia tech-
nology.(e use of modern educational technologies in piano
teaching has been popularized in recent years. In fact, these
technologies have promoted the application of modern

education to a new horizon. Due to the continuous devel-
opment of multimedia technology, various educational
theories and teaching models have been put forward, so that
multimedia piano teaching also faces some new problems.
(e intersection of these aspects is the need to scientifically
evaluate and analyze the quality and effectiveness of mul-
timedia piano teaching. At present, the existing evaluation
system can realize the functions of data entry, query, and
statistics but cannot discover the relationships and rules
existing in the data and cannot predict the future devel-
opment trend based on the existing data. (erefore, the big
data mining technology based on machine learning is ap-
plied to the analysis of multimedia piano teaching evaluation
data, which provides decision support for teaching man-
agers, which is of great significance to the improvement of
multimedia piano teaching quality [1].
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(e idea of edge computing is gaining prominence with
the rise of complex data analysis. Edge-enabled solutions
provide efficient processing and control nearer to the edge
for scalability and latency management. Edge computing
offloading technology uses computing-intensive that is hard
to handle by mobile devices. (e relocation of jobs to the
servers nearby the edge device not only advances the pro-
cessing capability of the devices. (is paper proposes a
multimedia-assisted piano teaching model based on big data
machine learning. (e data analysis is performed at the
edges of network for efficient results. (e association rule
mining technique of machine learning is utilized with the
integration of improved T-test method.(e improved T-test
is performed for the measurement of association rules and
proposed a new measure and influence degree of association
rules. (e paper proposes an improved T-test-based model
using the traditional support degree, confidence framework,
validity, and relevance. (e influence degree model analyzes
the influence degree measurement and verifies its effec-
tiveness using a specific case study [2].

2. Data Analysis and Evaluation of Multimedia-
Aided Piano Teaching

(e evaluation of multimedia-assisted piano teaching is not
the purpose of evaluation activities. (e ultimate goal of
evaluation is to improve the work, scientific management,
and research decision-making by evaluating the information
obtained. (is evaluation can be improved by using the
edge-commuting. (e edge-enabled analysis will improve
the efficiency of the data analysis process. (e evaluation
information data do not spontaneously play a role. It is
necessary to properly process the evaluation information
along with its feedback.(e feedback evaluation information
exerts its comprehensive role as much as possible to make
the evaluation activity effective. (e data analysis factors are
described in the coming sections.

2.1. "e Factors Affecting the Quality of Multimedia-Assisted
Piano Teaching. (e development of multimedia-assisted
piano teaching is a complex systematic project, which is
closely related to the corresponding theoretical research,
technological progress, teaching practice, and so forth. Its
teaching effect is influenced by many factors such as the
information literacy of teachers and students, the quality of
teaching courseware, and the teaching support platform. At
present, multimedia-assisted piano teaching is still in the
exploration stage in terms of teaching mode, teaching
methods, and teaching strategies. (erefore, through the big
data and machine learning technology to analyze the factors
affecting the effect of multimedia teaching, it provides
various links for improving multimedia-assisted piano
teaching. Valuable information is of great significance to
improve the quality of multimedia teaching.

2.2. Feedback onEvaluation,Analysis, andTimelyAdjustment
in Teaching Methods and Processes. In this information
society, the efficiency of information transmission and the

timeliness of feedback accelerate the process of social
development. In the evaluation process, we must allow the
advantage of using computer network technology in data
processing and information transmission. (e computer
processing is made more efficient with the help of edge
computation where the processing unit is provided with
the network edges. (e collected data are sorted and an-
alyzed to obtain the distribution state of the data. (e
characteristics, rules, and relationship of the data is utilized
at the edges and useful information is extracted for im-
proving the quality of multimedia-assisted piano teaching
and contributing to teaching management. According to
the evaluation feedback information, solve various prob-
lems in the teaching in time, further optimize various
aspects of multimedia-assisted piano teaching, give full
play to the advantages of multicoal-assisted piano teaching,
and lay the foundation for improving the quality of piano
teaching.

2.3. Teachers’ Information Literacy and Teachers’ Self-Im-
provement Promotion. Multimedia-assisted piano teaching
combines the advantages of multimedia teaching and tra-
ditional teaching and plays a big role in improving teaching
quality. However, at the same time, it also puts forward
higher requirements for the quality and ability of teachers
engaged in multimedia piano teaching. In the evaluation
process, we must strive to provide teachers with useful
information through the orientation, diagnosis, and timely
feedback of the evaluation system with the help of edge
computing. (rough the analysis of the evaluation data, we
find out the problems and deficiencies of teachers in all
aspects of multimedia piano teaching and help teachers
improve their multimedia information, emergency tech-
nology, and classroom integration ability to promote the
self-improvement and improvement of piano teachers. (e
evaluation index of multimedia-assisted piano teaching
model is shown in Figure 1.

2.4. Guarantee the Reliability of the Evaluation Data.
Evaluation is a subjective activity, and the evaluator’s atti-
tude is direct or not, which has a direct impact on the
evaluation results. Scientific processing of the obtained
evaluation data is important and an important issue to
ensure the quality of the evaluation. Since the evaluation
indicators are derived from the same target, there must be an
intrinsic link between various indicators, which also leads to
some correlation between the evaluation data of different
evaluation indicators. We can find out that through the
association rules. (e correlation between the evaluation
data is used, and it is checked whether the obtained eval-
uation data are reliable based on the correlation.

3. Machine Learning-Based Association
Rule Metrics

In this section, the machine learning-based association rule
metrics are designed. (e overall process is applied to the
multimedia-aided piano teaching techniques considered as
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the edge of the networks. Initially, the standard is discussed
in the context of association rules. A detailed description is
provided in the subsection.

3.1.Machine LearningAssociationRule Standard. In the past
few years, there have been many controversies about the
problems of traditional support and credibility models, and
many improvements have been proposed. Various new rule
evaluation criteria have been proposed and added to the
mining algorithm. (e generation of association rules is
restricted and constrained to obtainmore novel and effective
association rules. (ere are broadly two different categories.
(e first category is to try to find alternatives to the measure
of credibility and to improve the objective evaluation
method of extending the support threshold limit.(e second
category is to try to increase the subjective measure. Mul-
timedia-assisted piano teaching data mining process dia-
gram is shown in Figure 2.

Data mining of multimedia-assisted piano teaching data
is first performed. (e data mining process can be divided
into the following steps:

(1) Data cleansing: eliminating noise and data not re-
lated to the mining theme.

(2) Data integration: integrating data frommultiple data
sources.

(3) Data selection: selecting data related to mining
topics.

(4) Data transformation: using data such as normali-
zation to transform data into a form suitable for data
mining.

(5) Data mining: the core steps to mine knowledge using
methods such as classification, fusion, and associa-
tion rules.

(6) Mode evaluation: evaluation of the effect of the
model, the commonly used indicators have accuracy,
recall rate, and so on.

(7) Knowledge representation: the model represented by
a technically understandable model and the
knowledge obtained by the mining presented to the
user.

3.2. Relativity. Relativity [3–5] is the ratio of confidence to
expected confidence, and its expression is defined as

relativity (X⇒Y) �
P(Y|X)

P(Y)
�

P(XY)

P(X)P(Y)
, (1)

where P(Y) is the expected confidence of the rule X⇒Y,
indicating that the transaction in D contains the percentage
of Y. (e relevance of the rule X⇒Y describes the influence
of the item set X on the item set Y. When the degree of
correlation is equal to 1, it indicates that X has no effect on
the Y; that is, X and Y are independent, and the rule is called
an irrelevant rule. At 1 o’clock, it indicates that the oc-
currence of X is lower than the possibility of occurrence of Y,
and the rule is said to be a negative correlation rule; when it
is greater than 1, it indicates that the appearance of X in-
creases the possibility of occurrence of Y, which is called a
positive correlation rule [6]. (rough the analysis of the
correlation, the misleading strong association rules can be
effectively filtered out. (e relevance definition of associa-
tion rulesX⇒Y fully considers the directionality of the rules.
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(e greater the correlation, the greater the positive corre-
lation between Y and X and the greater the positive effect of
X on Y; the lesser the correlation (less than 0), the greater the
intensity of negative correlation between Y and X; and the
greater the inhibition of X to Y, the bigger the effect. (is
correlation is utilized in the proposed model for data
analysis of piano teaching evaluation. In addition, the rel-
ativity is computed at the edges of the computing [7].

3.3. Interest Level. (e interest of the basis difference is
defined as follows:

Interest (X⇒Y) � P(Y|X) − P(Y). (2)

According to the definition of interest, there are three
possible scenarios for the metric of interest (X⇒Y):

(1) If the degree of interest is > 0, then X and Y are
positively correlated.

(2) If the degree of interest is <0, then X and Y are
negatively correlated.

(3) If the degree of interest� 0, then X and Y are ir-
relevant and independent of each other.

In fact, there are many definitions of the interestingness
of the rules. (e interestingness is defined in the literature
[8–11]:

Interest (X⇒Y) �
P(Y|X)/P(X) − P(Y)

max(P(Y|X)/P(X), P(Y))
. (3)

(is definition makes the interest level between −1 and
1, and the interestingness of a rule is greater than 0, in-
dicating that the more interested in the rule (the greater its
practical value), the more unreasonable the rule, and the
more interested people are in the negative rule of the rule
(that is, the greater the actual use value of the reverse rule).
Among the factors influencing the quality of rules, in
addition to the three factors that affect the degree of in-
terest, such as coverage, implementation, and confidence,
there are also rule complexity factors. In addition, Alex also
analyzed several other factors that may affect the quality
and interestingness of the rules, including the size of the

rule front, the imbalance of class distribution, the influence
of rule attributes, the cost of misclassification, and the
classification rules.

3.4. Relative Confidence. (e literature [8] introduces the
concept of relative confidence. If the probability P(X) is
used to represent the percentage of transactions in D con-
taining X, P(X) is used to indicate that the transaction in D
does not contain the percentage of X, P(Y|X), which means
that Y appears in transaction D when D appears. In the
calculation of conditional probability, P(Y|X), when
transaction X does not appear, the conditional probability of
appearing in D is Y. If X is a frequent item set, then
min sup≤P(X)≤ 1 . (e definition of X⇒Y relative con-
fidence is as follows: if min sup≤P(X)≤ 1, relative confi-
dence is P(Y|X) − P(Y|X).

If P(X) � 1 or P(X) � 0 and P(Y) � 1, relative con-
fidence is 1.
If P(X) � 1 or P(X) � 0 and P(Y)< 1, relative con-
fidence is 0.
If P(X) � 1, this means that each transaction in D
contains X. If each transaction contains Y at the same
time, the relative confidence is defined as 1; otherwise,
the relative confidence is defined as 0. Confidence due
to strong association rules P(Y|X) ≥min confidence.
(erefore, the value range of relative confidence is
[−1 +min confidence, 1].

Introducing a threshold of relative confidence R1andR2,
they are all positive numbers greater than 0 and less than
one. (e relative confidence of strong association rules must
be one of the following three situations:

R1 ≤ relative confidence ≤1
−R2 < relative confidence <R1

−1< relative confidence ≤ − R2.

According to the value of relative confidence, strong
association rules can be divided into three categories: pos-
itive association rules, invalid association rules, and negative
association rules [12].
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3.5. Effectiveness. (e concept of validity is introduced in
[13]. If P(X) is used to indicate the probability of occurrence
of transaction X, P(X) is the probability that transaction X
does not occur. (e support and confidence of association
rules X⇒Y can be expressed as P(XY) and P(XY)/P(X),
respectively. (e validity of defining X⇒Y is

Validity �
P(XY)

P(X)
∗
P(X)

−
P(XY)

P(X)
∗
P(X)

. (4)

(e intuitive meaning of the above formula is as follows:
validity� (probability of simultaneous occurrence of X and
Y in the D database)− (probability of simultaneous occur-
rence of Y in the D database). Since the value intervals of
P(XY) and P(XY) are both at (0, 1), it is obvious that the
value range of the validity is (−1, 1) [14].

It can be seen from the definition of validity that if the
validity of X and Y is less than zero, it means that the
probability of occurrence in the D database is less than the
probability of occurrence; if the validity of X⇒Y is equal to
zero, the probability of occurrence in the D database is equal
to the probability of occurrence [15]. (erefore, when
mining association rules, if the validity of X⇒Y is less than
or equal to zero, even if the support and confidence are
satisfactory, the extracted association rules are still useless
association rules [15].

3.6. Suitability. Considering the possibility of Y appearing
when X does not appear and whetherX and Y are related, the
concept of matching is proposed, which is defined as follows.

For example, P(X) denotes the probability of occurrence
of X, P(Y) denotes the probability of Y, P(XY) denotes the
probability of simultaneous occurrence of X and Y, P(XY)

denotes the probability of simultaneous occurrence of XY,
and P(X) denotes the probability that X does not appear;
then, the matching degree of X⇒Yis defined as follows: (the
confidence of X⇒Y )− (confidence of X⇒Y ); namely,

match �
P(Y|X)

P(X)
−

P(Y|X)

P(X)
. (5)

If match >0, then P(XY) >P(X)P(Y), explaining that
X and Y have positive correlations.
If match� 0, then P(XY) � P(X)P(Y), explaining that
X and Y are irrelevant, that is, redundant rules.
If match <0, then P(XY)<P(X)P(Y), declaring that
the negative rules of the rules may have research value.
If match� 0, then P(XY) � P(X) � P(Y), noting that
X and Y appear simultaneously or not in the record set.

As can be seen from the formula, the definition of
matching not only includes the relevance factor but also
includes the factor of P(Y). (erefore, the degree of
matching can fully reflect the validity of the ruleX⇒Y.

3.7. Metric Improvement. (e matrices can be improved in
two different ways that are (1) insufficient measures of some

association rules and T-test. A detailed description is pro-
vided as follows [16].

3.7.1. Insufficient Measures of Some Association Rules. In the
pattern of generating association rules, the classic support
and confidence framework are generally used to generate
association rules. However, when the framework is used to
generate rules, a large number of redundant and irrelevant
rules are generated, which affects the user’s choice of rules
and even misleads the judgment [17]. Many researchers now
use a variety of metrics to filter the association rules they
have acquired to obtain effective rules. As illustrated in the
example shown in the following table, this is a project set of
length 2. (e well has minimum support and confidence of
0.2 and 0.5, respectively. A set of transaction data are shown
in Table 1 [18, 19].

From the table, it can be said that I and J always appear or
do not appear at the same time, which is a valid association
rule. When I⇒J, the support and confidence are 0.4 and 1,
respectively. In the network sample, when G⇒E, support
and confidence are also 0.4 and 1. I⇒J and G⇒E have the
same support and confidence and should be valid association
rules. However, as can be seen from the table, E always
appears regardless of whether G appears [20]. Obviously,
G⇒E is not a valid association rule [21].

3.7.2. T-Test. (e idea of the T-test can be introduced into
the measurement of association rules. (e test can be in-
troduced in the following ways.

(a) One-Sample T-Test. A one-sample T-test tests if there is a
difference between the mean of a single variable and a given
constant. For example, the researcher wants to know the
difference between the average score of a group of students
and the score of 85. If the population mean is known, the
difference significance test between the sample mean and the
population mean is also a single sample T-test.

Let the overall X obey the normal distribution N(μ, σ2),
where σ2 is unknown, from which the sample
(X1, X2, X3, . . . , Xn) ) is extracted; it is now necessary to test
the hypothesis H0: μ � μ0, H1: μ ≠ μ0, where μ0 is a known
constant. When making a hypothesis test on the population
mean and when the variance 2

σ is known, choose the statistic:

U �
X − μ0( 

(σ/
�
n

√
)

. (6)

But now σ is unknown, so you cannot directly use U as
the test statistic. Usually when the standard deviation σ is
unknown, the subsample standard deviation S is used in-
stead of the overall standard deviation to get a new statistic.

T �
X − μ0( 

(S/
�
n

√
)

. (7)

It can be known from the sampling distribution theorem
that if H0 is established, the statistic T obeys the t distri-
bution with a degree of freedom of n − 1. For a given a, the
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critical value ta(n − 1) that can be checked by the t distri-
bution table makes

P |T|> ta(n − 1)  � a. (8)

(b) Independent Sample T-Test. (e independent sample T-
test compares the two-sample means, requiring the two
samples to be independent of each other, the samples are all
from the normal population, and the mean is a descriptive
statistic that is meaningful for the test.

(e first case: when the two population variances are
unknown and equal, σ1 � σ2, the combined variance is used
as an estimate of the two population variances, mathe-
matically defined as

SP2 �
n1 − 1( s

2
1 + n2 − 1( s

2
2

n1 + n2 − 2
, (9)

where s21, s22 are the variance of the first and second sets of
samples, respectively; n1, n2 are the number of samples of the
first and second sets of samples, respectively. At this time,
the variance σ212 of the sampling distribution of the differ-
ence between the two samples is

σ212 �
SP2

n
2
1

+
SP2

n
2
2

. (10)

(e second case: when the two population variances are
unknown and unequal, that is, σ1 ≠ σ2, respectively, the
respective variances are used, and the variance σ212 of the
sample distribution of the two-sample mean difference is

σ212 �
S
2

n
2
1

+
S
2

n
2
2
. (11)

(us, the test statistic of the two population mean dif-
ference test is t statistic, and the mathematical definition is

t �
X1 − X2 − μ1 − μ2( 

���

σ212
 . (12)

(c) Paired Sample T-Test. In practice, some data are naturally
related in pairs. In order to be necessary, it is sometimes
necessary to design experiments so that the data become
related pairs. Innocent is naturally related or artificially

designed.(e variance between the two samples is not equal.
At this time, the test of the two population averages with no
significant difference is to use the paired sample T-test
process, and the T-test of the paired sample is required to
make the two samples compared have a pairing relationship.
Both samples are required to come from a normal pop-
ulation, and the mean is a descriptive statistic that is
meaningful for the test.

(e paired sample T-test can be considered as an ex-
tension of the one-sample T-test, but the test object is the
difference between a group of observations from a normal
assignment independent sample to a two-group paired
sample. If the difference between the two paired samples x1i

and x2i is di � x1i − x2i independent and comes from the
normal allocation, whether the maternal expected value μ of
di is μ0 can be obtained by the following statistics.

Among them i� 1,2, . . .. . ., n, X, Y, and Z all follow a
normal distribution, where μz � E(Z) constructs a new
statistic:

T �
Z

Si

�����
n − 1

√ . (13)

If the assumption is true, according to the sampling
distribution theorem, the statistic T obeys the t distribution
with a degree of freedom of n� 1. For a given a, a critical
value can be obtained from the t distribution ta/2(n − 1);
then

P |T|> ta/2 n1 + n2 − 2(   � a. (14)

4. Instance Simulation

(e evaluation of multimedia-assisted piano teaching is not
the purpose of evaluation activities. (e ultimate goal of
evaluation is to improve the work, scientific management,
and research decision-making by evaluating the information
obtained. (e evaluation information data do not sponta-
neously play a role, and it is necessary to appropriately
process the evaluation information, give feedback on the
evaluation information, and exert its comprehensive role as
much as possible to make the evaluation activity effective.
(is is also the purpose of multimedia-assisted piano
teaching evaluation data analysis. (is chapter uses the
LIBSVM toolkit and modifies it accordingly and then uses
MATLAB to perform multimedia-assisted piano teaching
modeling on real datasets.

4.1. Proposed Multimedia-Assistant Piano Teaching (MAPT)
Model. (e model mainly uses the association rule algo-
rithm in data mining to sort and analyze the data and related
data in the teaching evaluation database to obtain the dis-
tribution state of the data, the characteristics of the data, the
change law of the data, and the model between the data.
Provide useful information to improve the quality of
teaching and provide decision support to managers. (e
model function diagram is shown in Figure 3.

Table 1: A set of transaction data.

TID Items
1 E, G, I, J, M
2 E, F, H, K, L, M, J
3 E, F, G, L, I
4 E, I, J, M
5 E, L, M, K
6 E, F, H, K, L, I, J
7 E, G, I, L, M
8 E, G, L, M
9 E, F, H, I, J, K, L
10 E, F, H, K, L, M, J
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4.2. Implementation of Proposed MAPT Model. (e model
adopts an association rule mining (ARM) algorithm. ARM is
a rule-based technique for identifying fascinating relations
among variables. (e relationship is discovered in the huge
dataset. It is envisioned to recognize robust rules. (e model
adopts Apriori algorithm as the ARM algorithm of the
system and adds the function of attribute selection based on
Apriori algorithm. (en, in the association rule generation
algorithm, the influence measure based on T-test is added to
the traditional confidence measure, in order to provide more
interesting and useful association rules. In the execution
process, the algorithm first opens the database, reads the
original data in the database, and converts the original data
into an instance object by calling the application. Initialize
the instance object, and display the attributes in the instance
object in the form of a table. (e user can select the item of
interest and reedit the instance object according to the item
selected by the user. Items that are not of interest and records
are deleted, and the instance class object is reformed as in
Algorithm 1.

4.3. Results Analysis and Discussion. (is section provides
the detail about results of the proposed model. (e data
collected at the edges of the network are analyzed using the
machine learning approach. (e mining algorithm of the
above association rules is applied to the evaluation system of
MAPT in a university. According to the existing evaluation
result data of the school, some association rules can be
obtained. Taking all the data of the multimedia-assisted
piano teaching effect evaluation of the university from 2005
to 2007 as an example, the association rules of the teacher’s
title, the teacher’s highest age, the teacher’s age, and the

teacher’s multimedia-assisted piano teaching evaluation
results are used. Association rule analysis result 1 is shown in
Table 2.

(1) Minimum support: 0.3
(2) Number of iterations: 9
(3) (e generated large item set:
(4) Size of the big data item L(1): 11
(5) (e size of the big data item L(2): 11
(6) (e size of the big data item L(3): 1
(7) (e best rules have been found.

If we set the minimum confidence level to 80% and the
minimum impact degree to 4, we can get the association rules
“professor, doctoral⇒ excellence” and “professor⇒ excellent.”
(e data of the association rule show that the higher the title,
the higher the education and the student evaluation, the better
the result, and the quality of the teacher’s multimedia-assisted
piano teaching has a lot to do with the academic qualifications
and professional titles, which shows that the school’s teacher
training is very important.

(e data of the piano teaching effect from 2005 to 2007
are considered as a case study. (e evaluation of the mul-
timedia auxiliary piano teaching effect is considered in the
case study. (e first-level indicators of the multimedia
classroom teaching evaluation standard in the multimedia-
assisted piano teaching effect evaluation system are adapted.
(emajor attributes are teacher quality, teaching design, and
teaching process. (en the association rules between the
teaching environment and the teacher’s multimedia-assisted
piano teaching evaluation results are extracted. Before the
analysis of association rules, we quantified the evaluation
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Figure 3: Model function diagram.
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scores of teacher quality, teaching design, teaching process,
teaching courseware, and teaching environment. (ere are
four grades of excellent, good, medium, and poor. Associ-
ation rule analysis result 2 is shown in Table 3.

(1) Minimum support: 0.3
(2) Number of iterations: 7
(3) (e generated large item set:
(4) Size of the big data item L(1): 12
(5) (e size of the big data item L(2): 27
(6) (e size of the big data item L(3): 6

If we set the minimum confidence level to 70% and the
minimum impact degree to 4, we can get the association
rules “teacher quality (excellent), teaching process
(excellent)⇒ excellent” and “teacher quality (excellent)⇒
excellent.” (e data of the association rule show that the
quality of multimedia-assisted piano teaching has a lot to do
with the quality of teachers and the teaching process. It
should be noted that the “teaching environment” does not
appear in the excavated rules.(ere are two possibilities.(e
construction of multimedia-assisted piano teaching envi-
ronment has little effect on the quality of multimedia-
assisted piano teaching. Secondly, the score of “teaching
environment” is too low, which does not promote the quality
of multimedia-assisted piano teaching. We believe that the
second possibility is very likely to occur, indicating that the
construction of multimedia-assisted piano teaching envi-
ronment is now a weak link, and construction should be
stepped up to provide good support for multimedia-assisted
piano teaching. Practice has shown that, in the analysis of
multimedia-assisted piano teaching evaluation data, the use
of association rules technology to dig can obtain useful

information for teachers’ own quality improvement and
teaching management decision-making.

(e exhaustive and comprehensive experiments are
carried out. (e dataset of the year 2005 to 2007 of the local
university is considered. Experiments were conducted on the
validity of the impact of the multimedia teaching evaluation.
It is verified whether the use of influence can reduce the
generation of redundant rules. (e experiment was carried
out in Lenovo computer 8g memory, 3G frequency, Win XP,
MATLAB environment. (e degree of influence is used to
filter the association rules generated under the traditional
support and confidence framework. When the minimum
confidence is set to 0.5, the total number of association rules
generated before and after filtering will be tested with the
support threshold. (e support degree verification diagram
is shown in Figure 4. (e scatter plot of support is shown in
Figure 5. (e scatter diagram of the confidence association
rules is shown in Figure 6.

After filtering from the above figure, it can be seen that
the number of effective association rules measured by the
degree of influence to the association rules generated under
the support and confidence framework has been significantly
reduced. (is shows that the use of influence can effectively
negate irrelevant rules and filter out redundant rules. In
order to reflect the superiority of the model, the more
popular model based on traditional correlation and effec-
tiveness is selected. In order to increase the contrast, the
same set of experimental data is selected. Comparison of
traditional relevance validity models is shown in Table 4.

Produce Get_ValidRuls (min_effect)
Begin
ValidRules� null;
For each rule in A
begin
effecti�(confidence_rule� Py)/SQRT(Py)/n)

if effect>min_effect
then add rule to ValidRules

return ValidRules;
end

End

ALGORITHM 1: Proposed algorithm.

Table 2: Association rule analysis result 1.

Association rules Confidence Influence degree
Professor, doctor⟶ excellent 0.88 4.87
Professor⟶ excellent 0.83 4.32
Elderly⟶ professor, excellent 0.67 9.98
Doctor⟶ professor, excellent 0.52 2.16
lecturer⟶master 0.69 6.87
Doctor, excellent⟶ professor 0.56 3.57

Table 3: Association rule analysis result 2.

Association rules Confidence Influence degree
Teacher quality (excellent),
teaching process (excellent)⟶
excellent

0.78 9.87

Teacher quality (excellent)⟶
excellent 0.63 6.32

Instructional design
(excellent)⟶ teaching
courseware (excellent)

0.57 5.98

Teacher quality (excellent)⟶
teaching process (excellent) 0.42 3.16
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Table 4 describes the detail of the traditional relevance in the
context of validity.(e validation is achieved and depicted in
Table 4.

(e experimental results show that the use of influence
can not only obtain effective association rules but also divide
the obtained rules into strong association rules and weak
association rules and overcome some deficiencies of rele-
vance and validity, making the rules more objective, rea-
sonable, and convenient for users to choose. (e verification
results show that it is feasible and valuable to find the po-
tential relevance.

5. Conclusion

(is paper studies and analyzes the traditional support and
confidence framework based on edge-enabled data analysis.
(e metrics such as relevance and validity indicate the
shortcomings. On this basis, the T-test is introduced into the
measurement of association rules of machine learning, and a
new measure of the relevance of association rules is pro-
posed. (e model is utilized to assess the potential corre-
lation of piano teaching using machine learning techniques.
(e ARM technique of machine learning is utilized with the
integration of improved T-test method. (e data analysis is
performed at the edges of network for efficient results. While
the theoretical and visual analysis of the impact metric is
carried out, its effectiveness is verified by an example. (e
machine-related association rule metric impact is applied to
the analysis of multimedia-assisted piano teaching quality
evaluation data. Effectively improve the reliability, scal-
ability, reusability, and maintainability of the model. (e
feasibility and effectiveness of the proposed framework are
verified using the analysis of the actual dataset. (e verifi-
cation results show that it is feasible and valuable to find the
potential relevance of multimedia-assisted piano teaching
evaluation data by using the degree of influence as the
measure of association rules. It is evident from the results

that the use of the degree of influence as a measure of as-
sociation rules to find the potential relevance of multimedia-
assistant piano teaching evaluation data is extremely feasible.
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