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ABSTRACT

Teaching evaluation is the feedback on the teaching effect of teachers and the learning effect of students.
It has become a critical link in colleges and universities teaching management and teaching inspection.
This paper proposes and applies an improved BT-SVM multi-classification algorithm to the education
evaluation model. By calculating the relative distance between classes, the error accumulation phenomenon
existing in the traditional SVM when dealing with multi-classification problems is solved. A classifier
structure based on an incomplete binary tree is constructed to automatically classify teaching data by
gradually dividing the data set and training the SVM classifier. By calculating the decision function value
of the test sample in the binary tree, the category to which it belongs can be quickly determined. The
education evaluation model follows the principle of legal compliance to improve the quality and efficiency
of model evaluation and ensure the rule of law construction in colleges and universities. The research
results show that the error rate of the BT-SVM algorithm in machine learning is below 0.1%, the fairness
index is between 0.1-2, and the prediction accuracy is 96%. It shows that the machine learning algorithm
can eftectively improve the efficiency of education evaluation work and has the principle of fair legal
compliance.

Keywords: educational evaluation; classifier structure; decision function; legal compliance; machine learning;
BT-SVM

1. Introduction

Educational evaluation is an affirmation and basis for judging teachers' teaching. It is a value evaluation
activity and can also judge whether students' learning outcomes meet expected requirements. Therefore,
the causes of problems in educational evaluation are very complex. They are restricted by students'
cognitive abilities, as well as the value standpoints, value standards and value ideals of the teaching subjects
[1-27. The classroom is the main battlefield of school education. Classroom teaching is an interactive
process in which teachers and students conduct dialogue and collaboration in this main battlefield.
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Classroom teaching evaluation measures and evaluates the gap between the actual interactive eftect and
the desired design goal, and finds improvement measures to narrow this gap [37. In the context of modern
information technology accelerating the digital transformation of education, constructing new features and
methods of teaching evaluation and formulating classroom teaching improvement plans more scientifically
is a forward-looking research work [47]. With the rapid development of educational evaluation models and
the deep integration of intelligent algorithms, while fully demonstrating the dividends of intelligent
technology, the risks of privacy leakage, violation of property rights and ethical violations are also
increasingly prominent, triggering widespread concern and worry among educational researchers [57].
To accurately judge educational effectiveness, this paper proposes an improved BT-SVM multi-
classification algorithm to divide teaching samples in view of the error accumulation problem in traditional
machine learning algorithms. The algorithm process is described in detail to ensure the working efficiency
of the education evaluation model, and it is pointed out that the evaluation model should follow the
compliance principle. The constructed teaching evaluation model is divided into evaluation and
classification modules. All regulatory issues of the model are assumed to be independent. The degree of
compliance of the education evaluation model is judged based on the integrity of the evaluation indicators
contained in the privacy policy. Four first-level and eight second-level indicators are constructed, and the
privacy protection port structure of privacy and non-privacy is designed. The education evaluation model
can not only weigh the evaluation quality but also reduce information loss, ensure data privacy, etc., to
ensure the comprehensive effect of the evaluation model while meeting the legal compliance requirements.

2. Related Words

With the changes in education in recent years, many scholars have conducted a lot of research on teaching
methods as well as educational evaluation. Lu, L et al. conducted a user characterization test by obtaining
user data from the web. Tian, Y et al. pointed out the publicizing of educational resources to realize an
educational evaluation system which is equivalent to a learning system through which learning programs
are improved and the user's characteristics are accurately evaluated [6-77]. He, H et al. concluded that
automated scoring of physical tests for college students could be achieved with Deep BelietNetworks with
more desirable accuracy [87]. Gu, J et al. tracked learning related variables and analyzed the role of existing
findings future related research and provided recommendations for the practice process [ 97]. Kawaguchi,
O processed textual information on the basis of machine learning, constructed an educational model by
extracting feature words, and obtained evaluation results [ 107. Cresci, S et al. argued that personalized
needs of all users can be achieved through online learning [117. Li, C et al. argued that the online learning
process can be extracted from the user's characteristic information data, through which the user's
characteristics can be analyzed as a way to assist the reform of online teaching [127. Wang, D et al.
constructed an evaluation model for online learning in their study, through which the learning process can
be evaluated eftectively [137. Sacco, M. A. et al. believe that online teaching needs the assistance of
educational evaluation model, in which the class real-time mastery of the user's learning status, and based
on this proposed corresponding educational strategies. All of the above studies belong to the theoretical
research in the field of education, not down to the specific implementation level [ 147.

The field of education has a huge amount of data, but with the opening of educational data, data security
and ethical issues have gradually come to the fore, and the fragmentation, siloing and privatization of data
have become increasingly prominent. At present, the legal regulation of education evaluation models has
not yet formed a completely clear understanding, so how to promote the legal normative opening of
education evaluation models in a focused and step-by-step manner, identify the risks brought about by the
opening of education governmental data, and carry out effective supervision and prevention has become a
hot and difficult issue that needs to be solved urgently at the present time.
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3. Machine Learning in Education

3.1.  Application of machine learning algorithms in educational evaluation

In the process of constructing educational evaluation models, support vector machines in machine learning
algorithms are mostly used in classification problems. However, due to the combination of multiple binary
classifiers, data redundancy and many evaluation errors will occur. In this paper, an improved binary tree
support vector machine multi-classification algorithm is proposed for the existing algorithm, which is
referred to as BT-SVM in the following text [157].

3.1.1.  Fundamentals of the BT-SVM classification algorithm. The BT-SVM multiclassification
algorithm first divides all educational data into two subclasses. Further, it divides the subclasses into two
sub-subclasses, and so on, until all nodes contain only one class [ 167]. Then, a binary SVM classifier is
trained at each non-leaf node. The algorithm's training speed and classification accuracy will be optimal
when the structure of the binary tree is close to normal. The BT-SVM algorithm is described as follows:

1) In the early stages of training, set the training education set as A, and remember the category
number of A as N.If n=1, the category number of the sample data of the data set is used as the leaf
node, and is added to the bifurcation classification. The training set A is randomly divided into B, C
two subsets, so that the data subset B for the positive class, C for the negative class, construct the
classification function SVM, . construct the bifurcation classification tree with SVM, as the root node,
repeat the steps of training for B, C two subsets to B as the classification function generated by the
training set SVM, for the left sub-tree, C as the classification function generated by the training set
SVM, for the right sub-tree. The category number of the sample data of this dataset is added to the binary
classification tree using the category number of the sample data of this dataset as the leaf node.

2) In the testing phase, input the test education data into the root node of the binary classification tree
constructed in the training phase. If the node is a leaf node, output the category number of the leaf node,
i.e., the category to which the test evaluation results belong. Calculate the value of the decision function of
the test data, if the value is +1, go to into the left subtree of that node, otherwise into the right subtree of
that node [17].

3.1.2.  Improved BT-SVM multi-classification algorithm. Due to the limitations of sample quantity and
training time, using Euclidean distance to classify sample attributes is simple in educational evaluation.
However, if there is a low or high overlap between categories, the traditional algorithm cannot make a
good evaluation, which will lead to differences in evaluation results. Therefore, this paper uses inter-class
distance to divide and evaluate samples, and the established evaluation model is more suitable for different

situations and has higher applicability [157.
Let X be the sample set containing the k educational evaluation categories, and X; be the training

set of the first class, then the sample center of the i th class is:
1
C==>x (1)
ni xeX;

where 1=12---,K let N; be the sample size of class i.
Assuming GC;,C;is the cluster center of teacher i1 and student ], the Euclidean distance between
teachers and students is:

e g
Based on formula (2), the minimum hypersphere radius between samples is calculated:
R = max{|ic; - x|} (3)

where X, is a sample of class 1.
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Assuming that the minimum hypersphere radius of i and J satisfies R;,R; and the Euclidean
distance satisfies Ddij the relative distance between the teacher and the student is:

D, - %
IR+ R (4)

From formula (4), we can see that the relative distance of the education sample includes two indicator
classes, namely the Euclidean distance and the minimum hypersphere radius, to divide the evaluation
attributes and evaluation object clusters. In the evaluation model, the Euclidean distance between the two
column centers reflects the attribute degree of the education data of the evaluation object in the model.
The larger the Euclidean distance, the lower the correlation between the education object and the
evaluation attribute, and it does not belong to the evaluation category. At the same time, the minimum
hypersphere radius indicates the number of clusters of the evaluation object in the model [ 197. So that the
relative distance can simultaneously reflect the distance between two educational attributes and the degree
of intersection of their sample distributions, i.e., the larger D;; indicates that the degree of separability of
class i andclass ] is better and easier to be divided, otherwise it indicates that the separability between
the sets of educational samples is less.

3.1.3.  Algorithm description. The educational samples in the training phase are normalized, and all
evaluation criteria are stored in set C in ascending order. The flow of the algorithm is shown in Fig. 1,
where the relative distance matrix between classes (I 7 Jf

containing K classes D, the

is computed for an evaluation problem

1 D12
1 3 D

p=| (5)
k=1 k Dy

The first two columns represent the category attributes of class I, J, and the third column is the
evaluation index between class I, ].In D find the two classes 1, ] in set C that have the largest
relative distance, and deposit them in set C;,C, according to the size of the class labels,
c=C —(Cl UCZ) If C=¢, thenuse C;,C, as theleft and right subtrees of the binary tree, respectively,
to complete the selection of a binary classification of positive and negative classes. Find the minimum
distance D, and D, of class m(meC) to each class in C,,C,, respectively, in D, and if
Dict < Dpezs add M to C,, otherwise go back to C,, and train an SVM classifier at each non-leaf node
of the binary tree.
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Fig. 1. Algorithm flow

In the test phase, the decision function D, (X) =0 of the unevaluated sample X at the root node of the
binary tree is calculated. If D, (X) >0 1is satisfied, the root node is entered to calculate the D, (X) value.
When the result is greater than 0, it is still transferred to the left subtree for calculation. If D, (X) <0, go
to the right subtree of the root node and calculate the value of D, (X) If the result is greater than 0, go
to the left subtree for calculation. Otherwise, go to the right subtree and continue calculating until the leaf
stops. At this time, output the category attribute of the unrated sample and divide it into the evaluation
label [207]

This paper proposes a teaching quality evaluation model based on an incomplete binary tree support
vector machine. In this model, the evaluator does not need to give an evaluation result for the teacher's
teaching quality but gives a score for each evaluation indicator. Then, the incomplete binary tree support
vector machine classifier is called to automatically classify the teacher's teaching quality and improve the
efficiency of the evaluation work.

3.2.  Principles of laws and regulations involved in educational evaluation

With the development of educational evaluation theory and the deepening of evaluation practice, the laws
and regulations involved in educational evaluation are also being emphasized. The one-dimensional
evaluation executed by the government and education administration is gradually developing into a joint
three-dimensional evaluation by the government, society and schools. Based on the BT-SVM multi-
classification algorithm, each type of evaluation has its own characteristics in terms of form, organizational
settings and functions. However, among the different subjective views, should the ethical principles of
evaluation be unified to make the educational evaluation system legally compliant [217. Figure 2 shows
the principles of evaluation model compliance, and justice and fairness are the bases of'legal compliance of
educational evaluation. Educational evaluation needs the principle of truthfulness, needs to be trusted and
recognized, the subject of educational evaluation contains two main categories, one is the subject of
evaluation system development, and the other is the subject of evaluation implementation, which is also
the members of the expert group in the educational evaluation activities [227]. With the concept of the
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legal system of educational evaluation as the core, the six ethical principles of fairness, truthfulness,
effectiveness, rationality of interests, plurality of subjects, and human-centeredness of equal educational
evaluation are proposed.

The
principle of

faimess

The
principle of
authenticity

People-
oriented
principle

The
principle of
rationalizati
on of
interests

The
principle of
effectivenes
s

The
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subjects

Fig. 2. The compliance principle of evaluation model
4. Legal compliance analysis

4.1.  Evaluation modeling

Legal compliance of educational evaluation takes cultivating students' vocational ability and professional
ethics as the teaching goal and purpose, which is an important model and method to promote the
transformation of educational evaluation to the transformation, and itself has a very strong vocational
education characteristics. Therefore, the evaluation model legal compliance will be used as a perspective to
provide the corresponding standard basis for constructing a scientific and effective education teaching
evaluation system. Figure 3 shows the model principle based on the BT-SVM multi-classification
algorithm, the legal compliance detection model assumes that each base learner is a voter, and uses the
training set and test set to train and test the corpus of the base learners respectively. Unclassitfied privacy
policy statements are fed into the base learners as input variables, and the learners automatically make
judgments about their compliance based on the measurement metrics to determine which metrics the
statement meets [23-247. The three learners output their respective judgment results, and then the
classified values output by the base learner are sent to the integrated classifier, which votes on the classified
values, and the indicator with more than half of the votes is the corresponding evaluation indicator of the
unclassified policy statement, so as to determine the evaluation criteria one by one, and whether the legal
compliance meets the specified requirements.
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Fig. 3. Evaluation principle based on machine learning

In the above evaluation principle based on machine learning, the teaching quality evaluation model is
shown in Fig. 4, which mainly includes the evaluation module and the classification module, and the figure
shows the general workflow of the whole teaching quality evaluation system, in which the basic data set
contains the basic information of the teacher, the course information, and the grade table, etc., and the
evaluation result data set includes the output results of each module [25-267. In the evaluation module,
the BT-SVM algorithm is used to preprocess the data of the teaching subject, complete various evaluations,
and obtain the final score. The evaluation of the teaching object is first divided into categories, and then
evaluated from large to small according to the clustering results. In the classification model, the evaluation
results of the teaching subject and teaching object are gradually output through the classifier. Considering
that the evaluation model should be more in line with legal compliance requirements, the classifier
established using the BT-SVM algorithm can better protect data privacy[277].
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Fig. 4. Teaching evaluation model

In the model constructed in this paper, the classification module introduces relative distance under the
premise of applying binary trees, giving full play to the advantages of binary support vector machines and
solving the problem of limited classification conditions of traditional machine learning algorithms. It
ensures the performance of the education evaluation model and data security by reducing redundant data
generated by the model. At the same time, because the education evaluation model is applied in the campus
network, it is less affected by the outside world, which not only improves the efficiency of the evaluation
process but also ensures the legal compliance of the model [28-297.

4.2.  Model Legal Compliance Testing

4.2.1.  Evaluation Model Processing and Classification. In order to test the legal compliance of the
educational evaluation model, the labeled values of the samples in the training set need to be converted
into different category values. In this paper, the label Y, which indicates the degree of compliance of the
model after normalization, is divided into 4 categories according to
y<0.6,06<y<7,07<y=<0.8,y>0.8.

The category of test model X is predicted as the category value C that maximizes the conditional
probability P(C|X), Le., the value of the said marker Y category [V J. If model X has 4 possible
violation markers, for simplicity, the numbers 1, 2, 3, and 4 can be used to denote the different categories
in the algorithmic program and in the sample array. Where 1i.e. ¢=1 corresponds to the aforementioned
y<<0.6, the model has a legal security problem.

P(C|X) is the conditional probability, and here is the a posteriori probability, which refers to the
probability that the value of its indicator is C, provided that X is known. For example, it is known that
the normalized sample eigenvalue of evaluation model A is X, =(0.5,0.6,0.4,0.6,0.7,1), and in order to
predict the category to which it belongs, the a posteriori probability of P(C=1|XA), P(C=2|XA),
P(C =3|XA), and P(C=4|XA) is calculated using the data in the training set, in which the category
corresponding to the maximum value is the predicted value of the index of model A. In the case of a
limited number of samples in the training set, the above calculation is really an estimation. The value of
P (C|X) is usually not directly estimated and needs to be transformed into P (X|C) as follows:

P(xfe)P(c)
P(x)

P(x|c)= (6)
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where P(C) is the probability that the indicator is C. If the total number of samples in the training set
is M, and the number of samples in which the indicator valueis C is N, then the estimate of P(C) is:

Ple)=1r (7)

P(X) is the probability of observing a sample X with the same P(X) value corresponding to all
category markers. Therefore, P(X) can be disregarded in the process of predicting category values by
comparing the P (C |X) values corresponding to different categories.

For a limited number of training sets, P (X|C) is also usually difficult to estimate directly. To make it
estimable, assuming that all regulatory problems of the model are independent of each other, there are:

P(x|c):1i[P(xi c) (8)

where X, denotes the ird eigenvalue of the model book X. If the number of samples in which the ith
eigenvalue takes the value of X; is ; outof the N, class ¢ samples, then the estimate of P(Xi |C) is:

P(x|c) = ©

c

Equation (4) corresponds to the case where the sample eigenvalues are discrete, e.g., the A1 indicator is
categorized and converted to a category value so that the number of samples with an eigenvalue of X; can
be counted. In the case of continuous values of the characteristics, such as the above normalized scores, it
is necessary to use the great likelihood estimation to obtain the value of the probability density function

P(X[c). Assuming that all Type C samples conform to a certain distribution, e.g., normal, i.e., there are
p(xlc)~ N(,ui,aiz),then:

p(x0) = —e—exp| -5 44) (10)

270, 20;

where (4 and Giz are the mean and variance of the eigenvalues X; of the sample cases of class C in the
training set, in that order.

The features used for legal compliance are still continuous values after normalization, and the probability
density of the output results of the evaluation model is usually consistent with a normal distribution. After
the categorized level 1 metrics distinguish the full training samples into certain categories, it is likely that
one of these categories will no longer conform to a normal distribution. Especially in the case of the
classification of the second-level metrics, the distributional state of the model is uncertain and dynamically
changing [317]. Therefore, it is not possible to estimate the value of p(Xi |C) assuming that the samples
of category C conform to a certain definite form of distribution, but only to estimate P (Xi |C) by
classifying the individual features of the model.

In the case of a limited number of samples in the training set, it is possible that the process of calculating
P (X | C) the number of samples for a certain metric is zero, i.e., a certain P (Xi |C) =0 situation where the
feature classification result is zero, thus wiping out the information contained in the other non-zero
P(Xi |C) values as well. To avoid this situation, the Laplace correction formula can be used as:

1

P(c) =2 (1)
+1

P(x[e)= (12)

where N describes the number of labeled compliance and N; describes the number of categorizations
for the 1rd indicator.
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4.2.2.
of the constructed educational evaluation model, this study uses the completeness of the measurement
indicators included in the privacy policy as a judgment standard to calculate the compliance score. Table 1

Legal privacy compliance indicator system. In order to further quantity the degree of compliance

shows that this paper lists four first-level indicators and eight second-level indicators, and the more the
evaluation model complies with the requirements of legal norms, the higher the compliance score.

Table 1. Evaluation index of compliance of educational evaluation model

Primary index Secondary index Description of compliance

) ) Whether functional services and aging time are
B1 Policy scope, time

A1 Privacy Policy specified

Information

B2 Amendments and updates to
the Privacy Policy

Whether to clearly look at the revision and update

methods

A2 Educational
information collection

and use

B3 Purpose, method and scope of

collecting educational information

Whether the purpose, method and scope of

collecting educational information are clearly defined

B4 Consent to collect educational

Whether the collection and use of educational

information has obtained the authorization and consent

information . . . . .
of the educational information subject

B5 Location of educational Whether the server and geographic location for

information storage storing educational information are specified

A3 Rules for storing - — ) .‘ -
. o . . . . Whether the time limit of educational information
educational information B6 Storage period of educational ) . o .
e ) storage and its basis, and the special circumstances for
information

extending the storage period are specified

B7 External sharing, transfer, Whether the purpose and scenario of external

A4 Educational public disclosure of personal sharing, transfer and public disclosure of personal
4 ILducationa

information information are clear

information sharing, - - - — -
X . B8 Exceptions for sharing, Whether it is clear that the APP shares, transfers and
transfer, public o ) ) ) ) ] o ) ) )
. transferring, and publicly disclosing | publicly discloses personal information without seeking
disclosure rules > ] ) ) o ]
personal information with prior authorization according to relevant laws and

authorized consent

regulations and regulatory requirements

In the education system evaluation model, there are strict regulations on data privacy protocols that do
not conform to the norms, and normal access and querying are tampered with by human attacks and thus
do not conform to the norms, thus preventing the correct evaluation system information from being
delivered to the destination station. Non-compliant protocols are deleted, generating a large amount of
garbage data in the entire educational evaluation model, making the model become congested resulting in
packet loss and other phenomena. Therefore, it is crucial to establish a legal privacy compliance index
system before constructing a privacy protection structure.

4.2.8.
account, Figure 5

Privacy protection structure. Taking the constructed primary and secondary indicators into
shows the data privacy protection structure of the evaluation model. For the query
request made by the user, the BT-SVM algorithm is used in satistying the user query service, which
effectively protects the evaluation data privacy. Therefore, oriented to the legal compliance of the model,
the goal of privacy protection structure design is to provide users with query results to achieve the
coordination and unity of the three quality assurance, security and trustworthiness, and efficient service.
Quality assurance means that the evaluation service results that can eventually be provided to users are
accurate and meet the requirements of laws and regulations. Security and trustworthiness means that
sufficient protection is provided for private data, and efficient service means that the system overhead,
response time and time complexity are small. These three requirements are often contradictory in the real
evaluation model, and the pursuit of balance and conciliation is the key to the realization of the algorithm.
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Fig. 5. Model privacy protection structure

In this paper, we establish a privacy-preserving structure that reflects the brand new utility matrix of
different quasi-identifiers for different sensitive attribute values, and gives a relatively perfect guarantee
metric that reflects the loss of information in anonymized data. A port structure that fully considers privacy
and non-privacy is proposed. The educational evaluation model is made to weigh the evaluation quality,
information loss, running time and data privacy protection in order to enhance the comprehensive eftect of
the evaluation model.

5. Educational evaluation modeling and legal compliance testing

5.1.  Data sources

In this paper, it is assumed that all input data in the experiments are pre-processed canonical data and most
of the training and datasets belong to online teaching resources, so the simulation experiments adopt the
public education dataset as the training and testing dataset. The public education dataset includes 500 data
records, 30 indicator evaluation contents and 100000 evaluation result outputs. The above feature labels
and data volume are sufficient to support the experimental requirements of this paper. The specific
parameters of hardware and software configurations of the experimental platform are shown in Table 2,
and the BT-SVM algorithm is applied on an Inteli7-11700 desktop computer with 16GB of RAM to process
the data relevantly in order to verify the performance of the evaluation model built in this paper and the
legal compliance.
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Table 2. Experimental hardware and software configuration parameters

Category Disposition Parameter value
CPU Inteli7-11700
GPU GeTForceRTX3060
Hardware configuration Internal memory 16GB
Video memory 12GB
Computing equipment Desktop computer
Operating system Win10x64
. Programming language Pythons.8.8
Software configuration
Data set TMDB
Machine learning algorithm BT-SVM

5.2.  Evaluation of model performance in legal compliance

5.2.1.  Data privacy protection. Data sharing is an unavoidable part of educational evaluation modeling,
and many of these data contain users' private information. Although some data can guarantee that their
private information will not be disclosed, in some cases, these data can be associated with other data, and
the associated data may expose their private information. For example, there are two sets of data, student
performance and school curriculum, the school curriculum is publicly available, and the student
performance data is not publicly available. However, there are shared attributes between the data on
student grades and the data on school course schedules, including student names and class markets.
Through the records associated with attributes in these two batches of data, every piece of student personal
information can be extracted, which destroys the privacy of the educational evaluation model. Figure 6
shows the comparison of the error rate under different evaluation samples, the error rate of BT-SVM
algorithm in machine learning are all below 0.1%, and the four algorithms of decision tree, random forest,
support vector machine, and neural network are all above 18%, which clearly shows that the proposed
algorithm has the advantage of low data error rate, and it can ensure the privacy performance of the
educational evaluation model better.

20
4;.4;qumwwmL‘A‘A‘{,‘%‘{}‘ébﬁb‘%&‘#i N NENENZ- NNV LN
18 3 B VA N e S A Y
16
<
S 14+
b 12 -
'g BT-SVM algorithm
=3 10 | —@— Decision tree
g gl —4A\— Random forest
o —7— Support vector machine
o o —<&— Neural network
4
2 -
0 ¢ ! ! ) :
0 100 200 300 400 500

Sample size
Fig. 6. Error rate under different evaluation samples

5.2.2. Fairness test. All along, due to the large gap between urban and rural education development,
different education investment, and irrational layout of curriculum, it has caused problems such as the
waste of education resources or the impact on education quality. The legal fairness research on the
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education evaluation model constructed based on machine learning algorithm, selecting the school area,
the number of teachers and the number of teaching classes as the capacity influencing factors, and
calculating the capacity of the school. By comparing the difference in educational resources between
elementary school and the quality of education, the efficiency assessment index set at 1 is used to analyze
the efficiency of educational resource utilization in elementary school in each district and between districts
and districts. Figure 7 shows the capacity fairness indices of the three resources, and the efficiency indices
of the number of teachers, school area, and the number of teaching classes are between 0.7-1, 0.5-1.6, and
0.1-2. Most of the schools have a very reasonable allocation of educational resources, and the schools have
a good efficiency and fairness in their utilization, which verifies that the evaluation model constructed is
able to maintain the compliance of the educational evaluation to a certain extent.

B Number of teachers
20 | School area
Number of classes
re otm T oaa u "
x ' @
o 15 D] -
= a0 : d, - o T4 1 .
= ) o ta 4 1 o ol o 1
(&)
D10k
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00 1 1 1 1
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School ID

Fig. 7. Capacity equity index for three resources

5.2.8.
based on the constructed compliance metrics, and the results of the measurements on each of the secondary

Compliance Score. The legal compliance of the BT-SVM educational evaluation model is assessed

metric dimensions are shown in Table 3. In the privacy policy information dimension, the constructed
educational evaluation model focuses on data privacy and security, with only one non-compliant clause,
while the neural network exists with 10 clauses, failing to meet the compliance standard. In the dimension
of collection and use of educational information, the constructed educational evaluation model exists up to
2 non-compliance clauses, which is the least compared to the other four algorithms, indicating that the
algorithm in this paper focuses on unhidden vulnerabilities and follows the principle of legal compliance.
In the dimension of educational information storage rules, the BT-SVM algorithm has up to 3 non-
compliant articles, and 7 articles less compared with neural network, in the educational evaluation model
accumulates a huge amount of user data, and it should pay attention to the standardization of the
development of relevant privacy policies. In the dimension of educational information sharing, transmission,
and public disclosure rules, BT-SVM algorithm still performs the best, and there are at most 2 non-
compliance clauses, compared with 8 non-compliance clauses in the decision tree, which is more capable of

ensuring the safety of user information.

Table 8. Compliance Testing on Secondary Indicator Dimensions

Non compliant clauses/clauses
Algorithm Al A2 A3 A4
B1 B2 B3 B4 B5 Bé B7 B8
BT-SVM (0] 1 1 2 1 3 2 1
Decision tree 6 7 9 10 9 9 10
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Random forest 9 6 10 6 12 6 12 10
Support
PP ) 9 6 6 9 6 9 10 6
vector machine
Neural
10 10 12 6 10 10 10 12
network

5.8.  Advantages of machine learning algorithms in educational evaluation

5.3.1.  Model Iteration. By selecting and decoding historical binary messages in the packet parsing
module for historical packets in the evaluation model, the system state information in the network data
stream is obtained completely, and attribute labels are added to the evaluation classification in combination
with the protocol format. Although the educational evaluation data contains a lot of information that can
reflect the characteristics of different events. However, the data itself 1s not structured. The attribute set is
established through the basic features and is able to complement and categorize the relevant information
on the basis of the known protocol format to form complete indicator information. Model iteration is a
prerequisite for data analysis, if we want to structure the historical evaluation data and verify the
effectiveness of the educational evaluation model based on machine learning algorithms, we need to iterate
the model, Figure 8 shows the iteration process under 33 training cycles, and after 100 iterations, we meet
the requirements for evaluation accuracy.
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Fig. 8. Iterative process of educational evaluation model

5.3.2.  Performance comparison. In addition, data on the evaluation of teaching effectiveness of freshman
and sophomore students in a university for the past five years were collected. The dataset is normalized
before the model starts training. In order to better understand the advantages of machine learning in
educational evaluation, the BT-SVM multi-classification algorithm proposed in the paper is compared with
the decision tree, random forest, support vector machine, and neural network algorithms in terms of model
performance, and the performance comparison results of different methods are obtained as shown in Figure
9. The boxes in the figure indicate the accuracy intervals of each algorithm, which are BT-SVM
multiclassification algorithm, decision tree, random forest, support vector machine, and neural network
from left to right. The horizontal line in the middle of the box indicates the median accuracy, with 50% of
the intervals less than this value. The upper and lower horizontal lines indicate the maximum and minimum
values of the algorithm's extension, respectively, and the rectangle in the middle of the box is the 50%
range in the middle of the accuracy results. In the comparison process, attention needs to be paid to its
legal compliance to ensure that the use of the algorithm meets the requirements of the relevant laws and
regulations, as well as the assessment results of the algorithm are fair, objective and accurate, to avoid any
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adverse effects on students. The small squares in the figure indicate the accuracy of different algorithms
under 5, 10, 15, 20, 25, and 30 features. In this paper, the prediction accuracy of the BT-SVM multi-
classification algorithm in machine learning is 96% on average, which is able to eftectively capture the
complex patterns and features in the educational evaluation data, thus providing more accurate prediction
results. The accuracy of several other commonly used algorithms averages no more than 82%, and the BT-

SVM multiclassification algorithm ensures the privacy protection of student data and the impartiality of
the algorithm.
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Fig. 9. Performance comparison results

6. Discussion

As education develops and progresses, it is affected by the complex environment in many ways and at many
levels, and its values are embodied in many different ways, so the purposes and standards of education are
correspondingly many and varied. In the future, while focusing on improving the operational efficiency
and legal compliance of educational evaluation, it is necessary to explore the complexity of the issues
involved in educational evaluation. Future research on educational evaluation models will focus on the
tollowing aspects:

1) Focusing on the plurality of evaluation objects, many teachers, many subjects, many schools have their
own nature and characteristics, and different evaluation objects should have different applications for the
same evaluation index system.

2) Focus on the subjectivity of the evaluation subject, the evaluation subject's knowledge structure and way
of thinking there are differences, and subject to a certain worldview, methodology and values, so the
evaluation of the same evaluation object will produce different evaluation results, to be considered in the
model construction of the subjectivity.

3) The evaluation subject has constraints between the evaluation subject and the evaluation object and the
decision maker, on the one hand, the evaluation subject must understand the relevant situation of the
evaluation object, and even make some kind of contact with the evaluation object. On the other hand, the
evaluation subject must also understand the purpose and intention of the decision maker, and the value and
role of the evaluated object, but cannot be swayed by the decision maker, which requires a balanced
relationship between the evaluation subject and the decision maker.

7. Conclusion

With the development of information technology and big data, the use of machine learning to evaluate the
quality of higher education has become a research hotspot in academia and education. The purpose of this
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paper is to explore the evaluation of education quality based on machine learning and to study its legal
compliance. The selected public education dataset includes 500 data, 30 index evaluation contents and
100000 evaluation results, and the error rates of BT-SVM algorithm in machine learning are all below
0.1%. In the compliance test, the BT-SVM algorithm has up to 38 non-compliant clauses in the secondary
indicator system, which is the least compared to the other four algorithms. After 100 iterations, the
prediction accuracy is 96%. The four algorithms of Decision Tree, Random Forest, Support Vector
Machine, and Neural Network all have an error rate of 18% or more, and the evaluation model cannot play
a good role in data privacy protection. The school area, the number of teachers, and the number of teaching
classes are selected as the capacity influencing factors, and after being processed by the evaluation model,
the efficiency indexes are between 0.7-1, 0.5-1.6, and 0.1-2, and most of the schools have a very reasonable
allocation of educational resources, and the schools have a good efficiency of utilization and fairness, which
verifies that the constructed evaluation model is able to maintain the compliance of the evaluation model
to a certain extent. Although the good performance of the machine learning algorithm is proved, due to
the limited time of the study, more targeted evaluation models, as well as legal compliance evaluation
indicators, will be constructed in future studies.
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