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Abstract

As teaching methods and content develop variously, assessing English educational ability has
become a crucial component of English education and a key research focus. The traditional English
educational ability evaluation model has problems such as low accuracy and efficiency. To address
these issues, the study proposes an English educational ability evaluation model based on a big
data-improved K-means Clustering Algorithm (KCA). The study first uses big data indicator
coefficients to perform cluster analysis on educational ability data. Then, based on clustering
analysis, the KCA clustering algorithm is improved using the Least Squares (LS) method, and the
improved method is used to construct an English educational ability evaluation model. The results
indicated that the weight values and data cleaning errors of this model in the educational ability
assessment were 0.29 and 5.13 %, respectively. Concurrently, enhancements were made to the KCA
method, noise reduction by 36.19% and fitting distribution error by 3.59%. The average amplitude
and distribution coordination of its waveform fluctuations were 1.63 % and 91.26 %, respectively. Its
test results were superior to the comparison methods. This indicates that the constructed model has
better clustering performance and higher classification accuracy in English educational ability
evaluation. This helps to provide more objective and scientific evaluation methods for English
education. The research aims to provide more reliable data to support the development of English
education.
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Introduction

With the development of society and the popularization of education, English education is receiving
increasing attention worldwide. Given the complexity and diversity of English education, effectively
utilizing big data for English Education Ability (EEA) assessment presents a significant challenge.
Traditional EEA evaluation methods still have problems such as high computational complexity and
slow convergence speed [1-3]. To address these issues, the study utilizes big data technology and a KCA
to evaluate EEA. Big data technology can process vast volumes of data and extract latent information,
which ca n comprehensively understand the level and development trends of EEA from multiple
dimensions [4-5]. KCA is an unsupervised learning method based on the distance between samples. By
dividing samples into K non-overlapping clusters, samples within the same cluster tend to be similar,
while samples between different clusters tend to be dissimilar [6-7]. In EEA evaluation, KCA is used to
divide students into different groups to understand their EEA and characteristics, providing a scientific
basis for educational decision-making. The study first utilizes big data technology to process a large
amount of data in English education and conducts research on educational ability data through indicator
coefficient clustering analysis. Then, the LS and improved KCA are fused, and the fused method is used
to construct a comprehensive and accurate EEA evaluation model. The research aims to use the
constructed EEA evaluation model to provide a scientific basis for English education decision-making
and teaching improvement.

The first part of this study introduces the current research status of EEA evaluation and clustering
algorithms. Secondly, the study first uses big data index coefficients to perform clustering analysis on
the data, and then integrates LS and KCA to construct an educational ability evaluation model. Next, the
performance of the constructed EEA evaluation model is verified through simulation experiments.
Finally, the experimental results are summarized, and the advantages and disadvantages of the research
methods are analyzed.

Related works

The arrival of the big data era poses unprecedented challenges and opportunities for education. As a
vital skill in global communication, the assessment of English proficiency for both students and teachers
is crucial. Therefore, numerous scholars have conducted extensive research on the evaluation of
educational ability. Teemu T et al. constructed a multi-standard evaluation measurement model to
evaluate academic and professional abilities using reliable predictive indicators. This model evaluated
the personnel involved in testing through methods such as low redundancy, high reliability, and external
evaluation. These results confirmed that the evaluation measurement model could effectively assess the
abilities of specific personnel [8]. Familyarska L et al. designed a method to evaluate the adaptability of
teachers to challenges in educational environments using information and communication technology.
This method aimed to understand the collaborative communication ability of teachers by describing their
information and communication mobility. These results confirmed that this method could provide an
effective evaluation of teachers' adaptability in different educational environments [9]. Kartowagiran B
et al. designed a cognitive and technology-based assessment learning method to investigate students'
ability to combine knowledge with reality. The research was evaluated through a combination of
scientific thinking models and reliability tools. The study evaluated 289 high school students using this
model. The effective evaluation capability of this model reached 0.923, and the composite reliability
range was 0.88-0.90. This indicated that the model had good evaluation performance [10]. Ohashi Y et al.
constructed a self-evaluation standard model to analyze the self-evaluation ability of students. The study
utilized four different classification methods to analyze students' self-assessment abilities, namely
problem analysis, originality of thinking, collaboration and sharing, and reflection. After unifying and
standardizing these four classification methods, students in the same grade were evaluated. These results
confirmed that 90 % of students could complete the evaluation content, indicating that the model had
high evaluation feasibility [11].

Ke X proposed a training model for accounting professional courses based on big data analysis to
transform accounting education and teaching using big data. This model completed the construction of
the cultivation mode by revising the curriculum outline, strengthening textbook construction,
strengthening curriculum construction, reforming curriculum assessment plans, and strengthening the
construction of "curriculum ideological and political theory teaching". These results confirmed that the



model could significantly enhance the practical skills of accounting students [12]. Fischer et al. proposed
a behavior research method based on big data to analyze student behavior during the teaching process.
This method could discover the patterns of student behavior by collecting and classifying digital traces
of student behavior, thereby providing effective assistance for teachers to tailor their teaching to their
individual needs. These results confirmed that the method could effectively induce and analyze student
behavior, greatly improving teaching quality [13]. Li Y et al. proposed an education data mining model
based on 2D and 3D clustering evaluation to improve the quality of education. This model could
calculate students' regular exam scores and provide educators with their learning status based on
clustering analysis of exam scores at different periods. These results confirmed that 2D and 3D
clustering evaluation could greatly enhance teachers' assessment of student learning status, thereby
providing effective support for teaching decision-making [14]. Wei J et al. proposed an open interactive
education algorithm based on cloud computing to enhance self-learning ability and big data scheduling
ability in interactive education. This method found corresponding feature data through parallel
scheduling and association rule mining, and then effectively analyzed it using cloud computing. These
results confirmed that this algorithm could significantly improve the clustering accuracy and feature
parsing ability of feature information [15].

Overall, the analysis of KCA based on big data improvement is of great significance in the EEA
evaluation. A synthesis of numerous studies reveals that the conventional educational evaluation
paradigm is constrained by three primary limitations: the necessity for extensive computation, the
slowness of convergence, and the inaccuracy of information classification. Therefore, based on
summarizing the existing research, this paper constructs an EEA evaluation model by using big data
and KCA. Compared with the traditional model, the innovation and contribution of this model lie in
three aspects. First, the singular value decomposition method is used to analyze the characteristics of
EEA in big data. Subsequently, a clustering analysis of educational ability data is carried out by using
big data analysis, so that the data can be changed from complex to simple and easier to be understood
and processed. Second, the constraint parameters utilized in exponential coefficient analysis serve to
limit the generalization capacity of the educational system. Quantitative recursive analysis is
employed to furnish data substantiation for decision-making processes, whereby association rules are
mined to enhance the convergence and precision of the model. Third, based on quantitative recursion,
the LS method is introduced to improve the KCA, which is used for cluster analysis of big data and
information fusion of educational ability. The evaluation of the EEA is transformed into a solution
for the LS value of the KCA clustering objective function, thus further improving the accuracy and
convergence speed of the English assessment model. This study aims to improve the assessment
performance of EEA, thus providing a more objective and scientific assessment method for English
education.

3. Construction of an EEA evaluation model based on big data-improved clustering algorithm
In English education, data-driven decision-making can be used to improve teaching strategies,
personalized learning paths, and EEA evaluation. The study first uses big data methods for clustering
analysis of indicator coefficients, and then improves KCA using LS based on clustering, and applies the
improved method to the construction of the EEA evaluation model.

3.1 Educational ability data research based on cluster analysis of big data index coefficients

Effectively evaluating EEA requires clustering and analyzing the big data involved in English
education. The study samples EEA data based on time series and assumes that the data used for EEA
evaluation have linear Gaussian features [16-17]. At this point, the linear fitting value of EEA can be
obtained, which can be represented by formula (1).
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In formula (1), ¢, represents the inversion coefficient of the i -th data in the EEA time series. 6,

represents the average coefficient value of the j -th sliding time window in the process of EEA. P
represents the time series sampling coefficient. N represents the number of data points in the time



series. 9 represents the number of sliding times. To obtain simplified linear fitting values, the study
sets educational ability data in a 2D space. In this space, the high-dimensional phase space
reconstruction method is used to reconstruct the features of the data. A matrix of the feature distribution
of educational ability data can be obtained, which can be represented by formula (2).
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In formula (2), N represents the total amount of data collected on educational ability. 7
represents the time interval during which educational ability data is sampled. M represents the
numerical value of the correlation dimension of feature information. After completing the construction
of linear fitting and feature distribution matrix, it is possible to analyze the characteristics of educational
ability data. Fig.1 shows the process of linear fitting and feature distribution.
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Fig.1 Flowchart of linear fitting and feature distribution.
The resulting matrix is then decomposed using the principal components of educational ability, and
the singular value decomposition method will be used for feature analysis of big data EEA. At this point,
a linear relationship matrix can be obtained, which can be represented by formula (3).

C=(Cl,CZ,-~,Cn) (3)

In formula (3), C, represents the number of elements in the linear relationship matrix. Applying
singular values to big data eigenvalue analysis can obtain their attribute set descriptions. After
completing the relevant attribute description, the obtained matrix can be used for orthogonality to obtain

the attribute feature matrix of teaching ability. Using big data analysis to cluster educational ability data,
the reconstructed educational ability matrix can be represented by formula (4).
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In formula (4), a) represents the matrix coefficients. Through the processing of EEA big data
mentioned above, the preliminary data processing of EEA has been completed. Meanwhile, the study



also investigates the data classification and processing capabilities of traditional EEA evaluation
methods. The research has found that traditional data classification and processing methods suffer from
low accuracy and poor classification performance [18-20]. Based on the preliminary processing of big
data, the study further utilizes the constraint parameter analysis in exponential coefficient analysis. In
this context, constraint parameters are introduced to regularize the model, preventing overfitting and
ensuring the generalizability of the EEA evaluation, usually associated with the performance indicators
of the model or system. In optimization problems, constraint parameters are used to represent constraint
conditions, such as boundary constraints, resource constraints, etc. Therefore, constraint parameters are
applied to EEA data analysis [21-22]. To apply constraint parameters to the evaluation of applied
educational ability, it is necessary to first obtain indicator parameters in the time series, which mainly
include English teacher ability, English teaching facilities, and attention to education. Fig.2 shows the
evaluation process of educational ability using constraint parameters.
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Fig.2 Flow chart of evaluating educational ability with constraint parameters.
To describe the parameter indicators more directly, mathematical differentiation is used, and the
constraint parameters can be represented by formula (5).
X, =h(z(t, + nAt)) + o, (5)
In formula (5), h() represents the evaluation of the value of a multivariate function. @,
represents the measurement function value in the process of EEA. In the high-dimensional feature
distribution space, it is necessary to obtain a solution vector for capability evaluation to complete
correlation fusion. There are multiple variables in the process of EEA evaluation, which can affect the
accuracy of the evaluation process. Therefore, based on the preliminary processing, this study constrains
the generalization ability of educational ability to ensure that the educational ability evaluation model
has good convergence performance [23-24]. The constraint condition at this point can be represented by
formula (6).

v (@0)=InD, (o) :—%a)zaz (6)

In formula (6), o* represents variance. @ represents the convergence coefficient. @, represents
the generalization value of educational ability in the constraint. After completing the generalization
process, through a large amount of data preprocessing analysis, there are still certain shortcomings in the
mining of association rules in the processing of big data indicator coefficients. Quantitative recursive
analysis is a method used to analyze time series data. It analyzes the recursive graph of time series
data qualitatively and quantitatively to reveal the complex dynamic characteristics in the data.
Therefore, quantitative recursive analysis is introduced, which can provide data support for
decision-making through mining association rules. This can be used to construct an objective function for
educational ability evaluation, represented by formula (7).

F(a)=(SP, AB, LB, IH, DP) @)

In formula (7), SP represents the quality of teaching by the teacher. AB represents the student's
grades. LB represents learning behavior. IH represents participation. DP represents the frequency



of interaction. After obtaining the objective function, the probability density functional of EEA
prediction estimation can be expressed using formula (8).
u, (t) = Kx_(t) (8)

In formula (8), AA U, (t) is the probability density functional. K represents the number of clusters.

X, (t) represents the element value corresponding to the X -th element in the data at time t. In a

high-dimensional feature space, by integrating big data information, exponential relationships in
educational capability big data information can be found. According to the exponential relationship,
quantification can be carried out to find the extracted values of quantitative recursive features in the
process of EEA, which can be represented by formula (9).

K K
Xa = aO +;aixn—i +Zobn—j (9)
i= j=

In formula (9), @ represents the sampling amplitude during the initial EEA evaluation process.
X, represents the time series value of a scalar during the evaluation process. b, ; represents the

attenuation value in the EEA evaluation. By utilizing big data for effective analysis of EEA data
information, reliable input data can be provided for the evaluation of educational capabilities. To
visualize EEA, the study subdivides it into evaluation target, indicator, and element layers. Table 1
shows the system structure of EEA.

Table 1 The system structure of EEA

Target layer Indicator layer Element layer
Teaching level

Teachers ] .
Teaching attitude

Teaching level

. Teaching content
Classroom teaching )
Educational Teaching method

ability Teaching attitude

. Teaching content
Practice ] .
Teaching equipment

) Management level
Teaching management )
Managing

3.2 Design of EEA evaluation model based on LS and improved KCA

Based on the cluster analysis mentioned above, the study has identified the key elements of EEA
assessment. This section will delve into the design of an EEA assessment model that integrates these
elements. Through clustering analysis of EEA data, the elements that can be used for EEA evaluation
can be divided into teachers, students, and teaching resources. These three elements are essential in EEA
evaluation, and they also contain numerous factor factors, which can play a decisive role in EEA [25-26].
To more intuitively reflect the significance of the three elements in EEA, an analysis model integrating
the three elements is designed in Fig.3.
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Fig.3 Analysis model diagram of educational ability integrating three elements.

Based on the analysis in Fig.3, the study can provide a deeper understanding of the evaluation of
educational abilities. In the coordinate system, the x-axis is teaching resource elements, the y-axis
represents student elements, and the z-axis means teacher elements. Each point on these three coordinate
axes may correspond to a factor, which together form a cube. The volume of this cube represents the
overall strength of educational ability. A large cube area means strong educational ability. On the
contrary, if the area is small, the educational ability is relatively weak [27-28]. They study further
introduces the LS to improve KCA, aiming to optimize the determination of cluster centers. KCA is a
commonly used unsupervised learning algorithm whose principle is to group data points according to
feature similarity to form different clusters. The distance between data points within each cluster and the
mean within the cluster is minimized, while the distance between different clusters is maximized. The
algorithm exhibits high computational efficiency, rendering it suitable for processing large amounts of
data. It is therefore widely used in data mining and other fields. However, KCA is difficult to determine
the number of central values. LS method is a mathematical optimization technique, which can find the
best function matching of data by minimizing the sum of squares of errors. It can make up for the defect
of KCA. Therefore, the evaluation of EEA is transformed into the solution of the LS value of the KCA
objective function, which minimizes the squared error between the predicted value and the actual value
to find the optimal solution. Fig.4 shows the system diagram of EEA.
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Fig.4 System diagram of EEA.



For EEA evaluation, by replacing it with the LS value of the KCA objective function, the evaluation
results can be quantified into specific numerical values for better comparison and evaluation of EEA.
When using LS for evaluation quantification, it is necessary to find the relationship between evaluation
elements and objectives. Considering the complexity and operability of relationships, multiple linear
variables are used in this study to balance their connections. In the evaluation of educational ability, both
the evaluation elements and objectives are subjectively influenced by teachers and students, which can
increase evaluation errors [29-30]. To reduce this part of the error, LS is applied to cluster data
processing, and multiple linear regression equations are found in the processing using LS. Through this
equation, the sum of squares with the minimized error is obtained, thus enabling the identification of the
optimal model for the data, which in turn allows for more precise prediction and analysis, which can be
represented by formula (10).

Yi =By +bX; +b,% +-- 4B X + & (10)

In formula (10), Y; represents the target value of the i-th measurement data in the data. Xy

represents the evaluation element value. b, represents the connection between goals and elements. &
is the residual value of the i-th measurement data. In the regression equation, the evaluation of factors
is used to determine the evaluation objectives. Fig.5 shows the relationship between the evaluation
factors and the objectives.

Evaluation
results

Fig.5 The relationship between elements and goals in educational ability evaluation.

In Fig.5, the EEA evaluation consists of three parts: evaluation elements, results, and model. The
input evaluation elements are measurable quantities, and the evaluation model can associate the input
and output to establish effective evaluation performance. At this point, the evaluation of EEA can be
converted into LS solutions that can be calculated using formula (11).

z(t) = x(t) +iy(t) 11)

In formula (11), X(t) is the real part value of the time series in educational ability big data. y(t)
represents the imaginary part value of the time series. By transforming the evaluation of educational
ability and utilizing the random processing ability of LS, corresponding k-class subsets can be obtained.
Based on this, the distribution utilization rate of EEA can be solved, the distribution utilization rate is
English teaching resources, and the utilization rate of teaching resources reflects the EEA, which can be
represented by formula (12).

v (12)
Ug =7X

In formula (12), 7 represents the utilization coefficient. X represents the resource value. The
fusion of LS and KCA can establish a principal component feature quantity for EEA evaluation, which
can be used to solve the similarity of educational resources . By using similarity, each point of the same
data cluster can be more closely connected, the boundary between different data clusters can be clearer,
and the clustering quality can be improved, as represented by formula (13).
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In formula (13), d; represents the vector value of the prior feature. d; is the cluster center vector

value corresponding to the first layer of educational ability big data. M means cluster value. W
represents the distribution of resources. By combining the fusion values of the linear features mentioned
above, clustering and integration of EEA indicator parameters can be completed. At this point, the fused
information can be obtained, which can be represented by formula (14).
P(w/ x) = P(wX) ! P(X) (14)
In formula (14), P(@X) is the total amount of information. P(X) is the pre-fusion information. By
integrating information from indicator parameters, educational capacity can be more comprehensively
evaluated and effective allocation of resources can be achieved. This method can improve the accuracy
and reliability of evaluation. The combination of multiple indicator parameters can provide a more
comprehensive and accurate representation of an individual's educational ability. In EEA evaluation, a
model is established by calculating the parameter set of LS. The method sets the residual squared as the
minimum value and solves the parameter set using the reconstructed matrix after clustering to obtain a
more accurate and reliable evaluation model, which better guides educational practice. The parameter set
at this point can be represented by formula (15).

B=(XX)"'XY (15)
In formula (15), X' represents the parameter values of the reconstruction matrix. Y is the
parameter value of the vertical axis of the matrix after clustering reconstruction. After completing the

parameter set technique, an educational ability evaluation model can be obtained, which can be
represented by formula (16).
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Based on the above research, Fig.6 shows an educational ability evaluation model based on LS and
improved KCA.
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Fig.6 Educational ability evaluation model process based on LS method and improved KCA.

4. Performance analysis of EEA evaluation model based on improved mean clustering algorithm
To verify the performance of the EEA evaluation model based on improved KCA, the study
compared KCA and Novel Global KCA Clustering Algorithm (NGKCA) with improved KCA. The
specific performance of the EEA evaluation model was validated by comparing three methods.

4.1 Data processing performance analysis of EEA evaluation model

To verify the data processing ability of the constructed EEA evaluation model in educational ability
big data, simulation experiments are conducted using Matlab to evaluate the analytical performance of big
data in EEA. Simulation experiments were conducted using Matlab. The dataset, comprising student
scores, was imported and analyzed. The database consists of student tables, teacher tables, class
schedules, and grade tables. The fields in the student table include student number, name, gender,
date of birth, and class. The fields in the teacher table include teacher number, name, date of birth,
and department. The score table includes student number, course number, and grade. The curriculum
table includes course number, course name, and teacher number. According to the content of the
study, the EEA of students is evaluated by using the data set of students' English achievement. The
study sets the threshold for EEA to 1.5, the correlation parameter to 0.6, a frequency of 500Hz, and an
adaptive step size of 0.95. Then, KCA, NGKCA, and improved KCA are compared. Using the weight of
student grades as an indicator, three methods are compared and analyzed for their processing weights in
EEA evaluation of student performance data. Among them, NGKCA is a new clustering algorithm.
Firstly, Normalized Cuts and Spectral Clustering (NJW) algorithm is used for column reduction and
normalization of large data sets. Then the temporary cluster center set is obtained by using the
particle swarm optimization algorithm to reduce the dimension of the data set again. Finally, KCA is
used to cluster the optimal center set to get the cluster center point, and particle swarm optimization
algorithm is used to adjust the cluster center point to get the cluster division. Fig.7 shows the
comparison results of weight values for three methods.
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In Fig.7, as the weight index increases, the assigned weights from the three methods exhibit distinct
trends. In the processing of educational ability data, weight values were used to determine the
importance level of different indicators or data. The weight value of the improved KCA was 0.29,
NGKCA was 0.22, and KCA was 0.19. This indicated that improved KCA had better evaluation
performance in the analysis of student performance data. To verify the cleaning and noise reduction
performance of the evaluation model in educational ability data, the cleaning and noise reduction results
after data clustering were used as validation indicators for performance verification. Fig.8 shows the
comparison results of data cleaning and noise reduction using three methods after data clustering.
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Fig.8 Comparison of data cleaning and noise reduction results of three methods after data
clustering.

In Fig.8 (a), as the experiments increased, the cleaning error of educational ability data changed. The
data cleaning errors of the three methods were all below 10 %, with the lowest error being the improved
KCA, followed by NGKCA and KCA. The data cleaning errors of these three were 5.13 %, 7.26 %, and
7.83 %, respectively. In Fig.8 (b), in the denoising of educational ability data, the improved KCA had a
stable denoising ability of 36.19 %, which was stable and efficient throughout the entire process.
Although the NGKCA and KCA algorithms occasionally achieved higher peak denoising values than the
improved KCA, their performance fluctuated considerably and was overall less stable. Their minimum
values were significantly lower than the minimum values of the improved KCA. The noise reduction
performance of NGKCA and KCA was 31.85 % and 29.79 %, respectively. This indicated that improved
KCA had a more stable cleaning and noise reduction ability in big data processing of educational
capabilities. To verify the performance of data clustering fitting in EEA, the study also used the above
three methods to verify the clustering fitting performance. Fig.9 shows the comparison results of
clustering fitting distribution errors for three methods.
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Fig.9 Comparison results of clustering fitting distribution errors of three methods.

In Fig.9, although there is some overlap in the clustering distribution of different methods, there are
still certain differences in the overall clustering fit. The improved KCA clustering fitting distribution is
the most uniform and effective, with a fitting distribution error of 3.59 %. NGKCA s less effective than
KCA, with distribution errors of 6.08 % and 7.51 %, respectively. This indicates that improved KCA has
better performance in reducing data complexity and understanding data structures in EEA, which is
beneficial for enhancing model evaluation ability. To further verify the performance of EEA model in
data analysis, a study is conducted to verify and analyze the waveform and waveform coordination of
data in the perspective of big data to reflect its performance in processing data. Fig.10 shows the
comparison results of waveform distribution and waveform distribution coordination in the big data field
of view.
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Fig.10 Comparison results of big data view waveform distribution and waveform distribution
coordination.

In Fig.10 (a), in the distribution of big data field waveforms, the amplitude fluctuation was more
pronounced with the increase of sampling points. The improved KCA had the smallest average amplitude
of waveform fluctuations among the three methods, with an amplitude of 1.63. The average amplitude of
waveform fluctuations between NGKCA and KCA was 0.89 and 0.76. In Fig.10 (b), for the coordination
of waveform distribution, the difference between the three methods was not significant when the sampling
points were below 50. However, when the sampling points exceeded 50, the coordination of waveform
distribution changed significantly. The best coordination effect of waveform distribution was achieved by
improved KCA, followed by NGKCA and KCA, which were 91.26 %, 87.23 %, and 81.05 %, respectively.
This indicated that in the perspective of big data on educational ability, the improved KCA used for model
construction had better coordination performance, which can provide reliable data support for the
evaluation of educational ability. The results demonstrate that the performance of the improved KCA is
markedly superior to that of KCA and NGKCA in the comparative experiment with data cleaning and



noise reduction, cluster fitting, waveform distribution, and waveform distribution coordination in the

context of big data. Compared with other algorithms, the method that fuses the LS method with the
improved KCA is more novel and effective.

4.2 Application performance analysis of EEA evaluation model

To verify the application performance of the EEA evaluation model, simulation validation was
conducted on the dataset. Using the accuracy of capability assessment and resource utilization as
indicators, experiments were conducted using three methods: KCA, NGKCA, and improved KCA.
Fig.11 shows the comparison results of evaluatlon accuracy and utilization of three methods
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Fig.11 Comparison results of evaluation accuracy and utilization rate of three methods.

In Fig.11 (a), as the number of sampling points increased, the accuracy of these three methods did
not change much. This indicated that the influence of sampling points on ability assessment was not
significant in EEA. The most accurate evaluation among them was the improved KCA, with an
evaluation accuracy of 94.81 %. The evaluation accuracy of NGKCA and KCA were 89.06 % and
83.76%, respectively. In Fig.11 (b), there were also certain differences in resource utilization rates
among these three methods in EEA. For resource utilization, the improved KCA was 93.59 %, and the
NGKCA and KCA were 88.69 % and 87.92 %, respectively. This indicated that the evaluation model in
EEA had higher efficiency and stability in evaluating educational ability. To verify the clustering ability
in EEA, the clustering ability of three methods was compared using the clustering center point as the
standard. Fig.12 shows the clustering comparison results of three methods for evaluating educational
abilities.
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Fig.12 Cluster comparison results of three methods on the evaluation process of educational
ability.

In Fig.12, in the educational ability evaluation, the cluster centers were all distributed at the center.
The improved KCA had the closest distance to the cluster center point, followed by KCA, and the
farthest distance was NGKCA. Optimizing clustering parameters could provide more accurate and
reliable evaluation results for EEA, guide educational practice, and improve educational methods. To
verify the difference between the calculated values of EEA model and the actual values of educational
ability, the study compared the calculated values of this model with the actual values in the training and



testing sets, respectively. Fig.13 shows the comparison between the calculated and actual values of this

evaluation model.
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Fig.13 Comparison of the calculated value of the evaluation model with the actual value.

In Fig.13 (a), a large number of calculated values are distributed around the actual values, and the
distribution is relatively uniform. This indicates that there is not much difference between the calculated
and actual values of educational ability in this model in the training set. In Fig.13 (b), the comparison
results of these two values in the test set are slightly worse. However, the calculated values are still
distributed around the actual values, which also indicates that the educational ability evaluation model
constructed in the study has good performance. To further verify the performance of the educational
ability evaluation model, based on different evaluation indicators of educational ability, effective
comparisons are made between the calculated values of the model and the actual values. Table 2 shows

the comparison results.

Table 2 Comparison of the calculated value of the evaluation model with the actual value
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Comparative

Validation group

Categorize ..
indicators 1 2 3 4 . 5 , .
I 79 79 76 80 71 67 81
level
e 76 81 80 80 81 76 7479
attitude
Telachlng 82 l 78 77 76 79 65 80
evel
Tt 80 79 80 79 71 68 70 77
Measurement content
data .
Toethote 9 81 80 72 76 71 778
methods
T &2 75 81 73 80 70 69 81
attitude
Tt ” 79 76 78 69 75 63 74
content
Uil 75 73 69 78 79 7

equipment



Management

80 76 76 71 73 69 70 70
level
Management .4 78 80 70 77 70 68 73
attitude
Actual value 78 80 81 76 79 74 72 78

Comparisons  Calculated
value

Error/ % 2.62 2.56 3.44 2.01 3.81 1.65 3.75 156

80.1 78.0 78.3 74.5 76.1 72.8 69.4 76.8

According to the comparative analysis in Table 2, the errors between the calculated values of the
evaluation model and the actual values in the 8 validation groups were 2.62 %, 2.56 %, 3.44 %, 2.01 %,
3.81 %, 1.65 %, 3.75 %, and 1.56 %, respectively. All error values were less than 5%. By comparing
specific educational indicators, the constructed model could quickly and effectively complete the
educational ability evaluation and had good applicability.

The study only evaluates the educational ability of English, and there is data singularity when
evaluating, which may have a certain impact on the evaluation. In the future, more interdisciplinary data
can be collected for evaluating the performance analysis of models. For example, the proposed model
can be applied to the evaluation of computer educational ability. First, the questionnaire survey
method is used to collect students' evaluation of teachers' classroom teaching. The evaluation of the
questionnaire is divided into five grades: excellent, good, intermediate, pass, and fail. The
evaluation direction mainly includes ten aspects: 1. Strict classroom discipline, including good
classroom management, both imparting classroom knowledge and conducting moral education; 2.
Very familiar with the teaching content, with a good spirit and vitality during lectures, and carefully
preparing the teaching plan; 3. Carefully correct homework and answer students' questions
seriously; 4. The lecture content is clear and concise, with prominent knowledge points; 5. The
classroom atmosphere is lively and the teaching methods are humorous, which enhances students'
enthusiasm for learning; 6. Be good at understanding, easy to comprehend, and logically clear when
answering questions; 7. The teaching content is novel and innovative; 8. Teach students according
to their aptitude, provide diverse educational methods, and cultivate students' personality, creativity,
and practical abilities; 9. Make full use of multimedia teaching resources; 10. Be good at inspiring
students and guiding students to think. Second, the results of the questionnaire survey are collected
for statistics. Then, big data technology combined with KCA is used for evaluation.

5. Conclusion

To address the limitations of low efficiency and high error in traditional EEA evaluation models, this
research proposes a novel model based on using big data technology combined with KCA to construct an
EEA evaluation model. This model fully utilized big data index coefficients and LS to optimize KCA,
aiming to better process large-scale data in the evaluation model and improve the accuracy and efficiency
of the evaluation. These results confirmed that in the application performance analysis of the EEA
evaluation model, its accuracy and resource utilization rate were 94.81 % and 93.59 %, respectively. In the
8 validation groups, the errors between the calculated values of this evaluation model and the actual values
were 2.62 %, 2.56 %, 3.44 %, 2.01 %, 3.81 %, 1.65 %, 3.75 %, and 1.56 %, respectively. The difference
between the calculated and actual values of this evaluation model in the simulation experiment was less
than 5%. This indicated that the improved KCA evaluation model had better clustering performance and
higher classification accuracy in EEA evaluation, providing a more objective and scientific evaluation
method for English education. Although this research has achieved good results, there are still certain
shortcomings. The limitations of this study lie in the following aspects. Firstly, the focus of the study is
solely on the English discipline, which may restrict the universal applicability of the evaluation model.
Secondly, the data sources used in the evaluation process are relatively limited, which may affect the
comprehensiveness and accuracy of the evaluation results. To enhance the generalization ability of the
model and the accuracy of the evaluation, future research could consider collecting more interdisciplinary



data to achieve a more comprehensive analysis of the model's performance. Furthermore, although this
study proposes an evaluation method combining questionnaire surveys and big data technology, it does not
elaborate on how these technologies are specifically applied in the evaluation process and how they
improve the accuracy and effectiveness of the evaluation. Therefore, future work could further explore and
optimize these evaluation techniques to ensure the reliability and practicality of the evaluation results.
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