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ABSTRACT

How can we ensure teachers receive precise evaluations to excel in classrooms? This study addresses inaccuracies in

traditional English teaching competence evaluations by introducing a big data-driven estimation algorithm that employs

fuzzy K-means clustering and information fusion. First, we build a model that analyzes key indicators of teaching ability

with certain constraints. These constraints help us focus on the most important factors. Then, we use a step-by-step

quantitative method to evaluate the teaching competence in our data model. This allows us to extract valuable “fingerprints”

of teaching ability. Think of it like finding unique patterns that help us understand teaching effectiveness better. Ultimately,

by combining big data information fusion with the K-means clustering algorithm, we cluster and consolidate the indicator

parameters of English teaching competence, devise tailored teaching resource allocation strategies, and conduct English

teaching competence assessment. Experimental findings indicate that the utilization of this approach for evaluating English

teaching competence demonstrates robust information fusion analysis capabilities, thereby enhancing the precision of

competence assessment and optimizing the utilization efficiency of teaching resources.
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1. Introduction

The use of information processing technology and big

data analysis for teaching evaluation and resource allocation

plays a crucial role in enhancing the overall efficiency and

precision of educational management [1]. This not only im-

proves the quantitative management capabilities of teaching

processes but also aids in effective planning and decision-

making by providing accurate data insights [1, 2]. Conse-

quently, addressing the challenges in English teaching ability

assessment through big data analysis has become an im-

portant focus of research. With the increasing complexity

and diversity of teaching environments, traditional assess-

ment methods are often inadequate to capture the nuanced

performance metrics of English teaching [3]. Firstly, tradi-

tional assessment methods predominantly rely on simplistic

quantitative metrics, such as students’ test scores or teacher

performance ratings. Secondly, these methods often lack

adaptability to dynamic changes. Teaching environments are

continuously evolving, influenced by emerging instructional

technologies, policy shifts, and changing societal demands,

all of which impact teaching competence. Furthermore, a

significant limitation of traditional assessment approaches

lies in their inability to integrate multiple data sources ef-

fectively. The evaluation of teaching competence requires

a comprehensive analysis of diverse information, including

student feedback, classroom observations, and the utiliza-

tion of teaching resources. To overcome these limitations,

advanced quantitative techniques are required to evaluate

and optimize teaching strategies effectively.

Specifically, this paper aims to explore solutions for

assessing English teaching abilities using big data analysis

frameworks. Imagine holding a large collection of puzzle

pieces that represent different aspects of teaching. Traditional

methods may struggle to assemble these pieces accurately.

With big data analysis, it becomes possible to create a clearer

picture of teaching abilities. One of the key approaches

involves constructing parameter models and big data analy-

sis models [4] that constrain and reflect the actual levels of

English teaching. Imagine sorting apples and oranges to en-

sure similar items are compared, leading to accurate results.

Sophisticated methods such as data fusion and clustering

algorithms make this possible. Data fusion works like blend-

ing different fruit juices to create a complete flavor profile,

combining multiple information sources to provide a com-

prehensive view of teaching dynamics. Clustering works

like grouping similar fruits together, identifying patterns and

trends in teaching performance by organizing similar data

points. Additionally, developing objective functions and sta-

tistical analysis models is like creating a recipe to ensure

consistency and accuracy in assessments. These models

play an important role in standardizing and enhancing the

accuracy of English teaching assessments These models not

only enable precise evaluation of teaching abilities but also

improve the reliability of prediction capabilities, which are

crucial for future planning and interventions [3, 5].

Moreover, these analytical models contribute to a better

understanding of the strengths and weaknesses in English

teaching practices. Through parameter modeling and the ap-

plication of big data techniques, teaching performance can be

mapped and measured effectively. For example, data-driven

insights can identify areas requiring improvement, such as

curriculum design, pedagogical approaches, or teacher train-

ing programs. By leveraging these insights, it becomes pos-

sible to optimize teaching methods and allocate resources

more strategically. Ultimately, the integration of parameter

models, big data analysis, data fusion, and clustering meth-

ods enhances the overall framework for English teaching

ability assessment. This comprehensive approach enables

not only a better understanding of the existing teaching land-

scape but also the development of actionable strategies to

improve it [6].

To further refine the accuracy of English teaching abil-

ity assessment, it is essential to establish robust information

sampling models that effectively capture the key factors in-

fluencing teaching ability [7, 8]. These models serve as the

foundation for conducting in-depth analyses of teaching ef-

fectiveness. By combining nonlinear information fusion tech-

niques with time series analysis methods [9, 10], the statistical

properties of English teaching ability can be systematically

explored. The constraint indicator parameters of English

teaching ability, which represent a set of nonlinear time se-

ries, provide critical insights into the factors influencing

teaching performance. For instance, the temporal analysis of

teaching practices can reveal patterns in instructional quality

over time, while nonlinear fusion methods integrate these

patterns to derive meaningful conclusions.

To represent the complex relationships between these

parameters, a high-dimensional feature distribution space
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is constructed. This space allows for the visualization and

modeling of parameter indicators associated with English

teaching ability assessment. Key constraint indicators in-

clude teacher qualification levels, the quality and extent of

investment in teaching facilities, and the alignment of teach-

ing practices with relevant policy frameworks. Each of these

indicators significantly impacts the overall effectiveness of

teaching and must be evaluated in conjunction with others

to derive a comprehensive assessment. To quantify these

relationships, a differential equation is developed to model

the flow of information within the key factors that influence

teaching ability [11, 12]. This equation serves as a mathemati-

cal representation of the dynamic interactions between vari-

ous factors influencing English teaching ability, offering a

structured approach to analyzing and optimizing teaching

performance (Figure 1).

dC (t)

dt
= k • (T (t)− C (t)) (1)

Figure 1. Information flow model of key factors influencing En-

glish teaching capabilities.

The equation: Let h(.) be the multivariate value func-

tion for English teaching ability assessment, and [13] be the

error measurement function for evaluation. The solution

vector for English teaching ability assessment is calculated

in the high-dimensional feature distribution space using cor-

relation fusion methods, Subset of characteristic training for

obtaining teaching ability assessment Si (i = 1,2,...,L), Meet

the following conditions:∑
= diag(δ1, δ2, ..., δr), δi =

√
λi,∀i 6= j⋃L

i=1 Si = V − vs

Commandxm+1 = µxm(1− xm)

(2)

The conjugate solution of a statistical information

model for English teaching ability assessment satisfies the

initial value characteristic decomposition condition.

U = {u( t )|u (t) ∈ X ||u || ≤ dt ∈ I}
among them (Ii)i∈N

= {x1x2...xn}
(3)

Data Information Flow Model for English Teaching

Ability Assessment is constructed based on the statistical

feature distribution sequence x(m) of a set of multivariate

variables for English teaching ability assessment, using pre-

vious statistical measurement values:

C1x (T ) = E {x(m )} = 0

C2x (T ) = E {x(m )x(m+ T )} = r (T )

Ckx(T1T2...Tn−1) ≡ 0n ≥ 3

(4)

When q = 2, The level of teaching ability assessment

and distribution of teaching resources in English meet the

(2+1)-dimensional continuous functional condition, that is,

the English teaching ability assessment has a convergent

solution, subject to constraints.

Ψx (ω) = lnϕx (ω) = −1

2
ω2σ2 (5)

The control objective function for predicting and esti-

mating English teaching ability is constructed using quanti-

tative recursive analysis method in the big data information

model for English teaching ability assessment [14] based on

the data flow model built for English teaching ability assess-

ment.

max
xa,b,d,p

∑
a∈A

∑
b∈B

∑
d∈D

∑
p∈P

xa,b,d,pV p (6)

s.t.
∑

a∈A

∑
d∈D

∑
p∈P

xabdpR
bw
p ≤ Kbw

b (S) ,  b ∈ B

(7)

Quantitative recursive evaluation of English teaching

ability level is conducted using the grey model. The histor-

ical data representing the distribution of English teaching

ability is assumed to be {xi}Mi=1, The probability density

functional [15] for estimating the predictive ability of English
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teaching, given a certain initial value of perturbation features,

is as follows:

uc (t) = Nxc (t) (8)

In the high-dimensional feature distribution space, the

continuous function for predicting the English teaching abil-

ity estimation statistical model is… u : I × IRd→IR, After

N-1 iterations, where N ≥ 1, the grayscale sequence of En-

glish teaching ability assessment satisfiesM(N) <Y. By using

quantitative recursive analysis method, the N neighboring

sample values of the output indicator distribution big data

information flow for English teaching ability assessment are

obtained:

P1J =
∑

di∈NMM
Sim(x, di )y( di, Cj) (9)

Using the big data information fusion method, we con-

struct an inter-domain classification objective function [16]

for the distribution of big data information flow in English

teaching ability assessment. Specifically, the objective func-

tion is the big data clustering objective function [17]:

Jm(U, V ) =
∑m

N=1

∑c

i=1
µz
iN (din) (10)

Distribution sequence of the correlation of indices re-

lated to the assessment of English teaching ability in research

{xm}Mm=1. Quantitative recursive feature extraction results

for teaching ability evaluation are obtained through quantita-

tive analysis combined with N-value optimization methods

(Figure 2):

xm = a0 +
∑ZAR

i=1
aixm−j +

∑NNA

j=0
bjηm−j (11)

In the equation: ZAR is the sampling amplitude for ini-

tial English teaching ability assessment; NV A is a scalar time

series; bj is the oscillation decay value for English teaching

ability assessment.

Figure 2. The Process of teaching capability assessment.

2. Optimization of English Teaching

Ability Evaluation Model

In order to improve the quantitative evaluation ability

of English teaching level, this study is based on the analy-

sis of the English teaching ability evaluation research based

on big data information model. It adopts the quantitative

recursive analysis method. Imagine trying to measure the

height of a tree while only seeing part of it. Quantitative

recursive analysis acts like a ladder, providing a better view

with each step and refining measurements. In order to further

improve the accuracy of English teaching ability evaluation,

this study proposes an English teaching ability estimation

method based on big data fuzzy K-means clustering and infor-

mation fusion. Clustering works like sorting a pile of mixed

seeds into groups of similar types, while fuzzy K-means

clustering allows some seeds to belong to multiple groups

if they share similarities. This captures nuances in teaching

abilities. This method transforms the problem of English

teaching ability evaluation into the problem of solving the

least squares estimation problem of the objective function of

K-means clustering. The so-called least squares [18] problem

is to find the consistency estimation value of the English

teaching ability evaluation resource constrained vector to
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minimize the Euclidean norm of F-. The extracted value

of the entropy characteristic of the English teaching ability

constraint feature information is obtained as:

Ploss = 1− 1− p0
ρ

=
p0 + ρ− 1

ρ
=

∑M

m=1
PM,z (12)

The estimation equation for English teaching ability is

transformed into finding the least square solution, given di

as the perturbation feature vector for teaching ability assess-

ment:

B (t) = x (t) + iy (t) = a (t) eiθ(t) +m (t) (13)

In the equation, x(t) represents the real part of the time

series for evaluating the distribution of big data, while y(t)

represents the imaginary part of the constraint indicator se-

quence for evaluating English teaching ability.

The utilization rate of English teaching resources can

be calculated based on the subset of the Nth category ob-

tained through amplitude randomization using the alternative

data method for assessing teaching abilities in English. This

can be achieved by perturbing the empirical distribution data

of teaching abilities in the Nth category [19]:

Uutil = γX (14)

Building a hierarchical tree, using big data analysis

methods to establish the principal component features for

assessing English teaching abilities, and utilizing fuzzy prox-

imity filling to solve the similarity of teaching resource dis-

tribution:

Sim1(di, d1j) =

∑Z
N=1 Win ×W1jn√∑Z

k=1 W
2
in ·

√∑Z
n=1 W

2
1jn

(15)

3. Simulation Experiment Analysis

By using Matlab simulation analysis methods to test

the big data analysis performance of English teaching ability

assessment, and using statistical analysis methods to sam-

ple data for English teaching ability assessment, the deci-

sion threshold value for teaching ability assessment is ob-

tained. The associated parameters for setting the distribu-

tion of English teaching resources are ξd2
c1 = 3/5, ξd2

c2 =

2/5, ξd2
c3 = 2/5, maxgc1 (d2) = 6/5, maxgc2 (d2) = 3/8,

maxgc3 (d2) = 1/10, The sampling frequency f0 = 600Hz,

the initial step size for adaptive learning is ρ = 0.97, and

the correlation coefficient for the distribution of teaching

resources’ features is B = 1.14. Based on the above parame-

ter settings, the big data reconstruction focuses on the key

factors influencing English teaching ability assessment. The

time-domain waveform of the big data distribution is shown

in the figure below (refer to Figure 3).

Figure 3. Temporal distribution of big data temporal waveform.

Figure 3 illustrates the temporal waveform of the big

data distribution, which captures how teaching competence

metrics evolve over time. Key observations include: Rising

peaks, these indicate periods of enhanced teaching resource

allocation, showcasing the effectiveness of the proposed

clustering and fusion approach. Sudden drops, these may

highlight moments of underutilization or disruptions in the

resource distribution process, requiring further analysis. Uti-

lizing the statistical outcomes of the indicator parameters for

English teaching competence assessment illustrated in Fig-

ure 3 as the focal point of investigation, data clustering and

information fusion procedures are employed to facilitate the

assessment of teaching proficiency. The evaluation accuracy

and other pertinent indicators are presented in Table 1 to

showcase the test outcomes. Examination of these findings

demonstrates that the methodology adopted in this study ex-

hibits superior accuracy in assessing teaching proficiency

and enhances the efficient utilization of teaching resources.

4. Discussion

This study introduced an innovative methodology for

assessing English teaching competence by integrating big

data fuzzy K-means clustering and information fusion tech-

niques. The experimental findings demonstrate that this

approach significantly enhances the accuracy of competence

assessment while optimizing the allocation of teaching re-

sources. Compared to traditional evaluation methods, the

model not only achieved higher evaluation precision but also

exhibited improved efficiency in resource utilization, as evi-
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Table 1. Performance test comparison.

Evaluation Cycle

Methodology of This Article Literature [20] Literature [21]

Evaluation

Accuracy/%

Utilization

Rate/%

Evaluation

Accuracy/%

Utilization

Rate/%

Evaluation

Accuracy/%

Utilization

Rate/%

1 98.22 98.03 87.44 89.13 83.24 86.34

2 97.10 97.68 86.56 87.35 82.13 87.01

3 96.34 99.04 88.77 89.32 86.10 79.32

4 98.55 96.35 89.44 87.68 88.24 78.93

denced by the comparative results presented in Table 1. The

methodology shows great promise for addressing the chal-

lenges of evaluating teaching competence in an increasingly

data-driven educational environment. This section discusses

the implications, potential applications, and limitations of

the proposed approach, while offering suggestions for future

research directions to build upon and enhance its effective-

ness.

4.1. Implications of the Study

Artificial intelligence (AI) has significantly impacted

education by enhancing personalized learning, improving

accessibility, and supporting innovative teaching practices.

AI-driven systems create adaptive learning environments tai-

lored to individual students’ needs, enabling more effective

engagement and understanding [22]. In higher education, AI

applications like ChatGPT and other tools support academic

tasks such as data analysis, writing assistance, and personal-

ized feedback, fostering greater efficiency and accessibility.

Additionally, AI-powered solutions like virtual reality, big

data analytics, and cloud-based platforms revolutionize tra-

ditional teaching by enabling collaborative, immersive, and

data-informed learning experiences [23, 24].

The successful application of big data analysis and

clustering algorithms to teaching competence evaluation car-

ries several noteworthy implications for both educational

research and practice. First, the study underscores the critical

role of advanced data processing methods in enhancing edu-

cational research methodologies. The use of fuzzy K-means

clustering effectively tackles the challenge of analyzing high-

dimensional and complex educational datasets, which are

often difficult to interpret using traditional methods. This

approach allows for the identification of underlying patterns

in the data that may otherwise remain hidden. Addition-

ally, the integration of information fusion further strength-

ens the model’s ability to synthesize multiple, diverse data

sources, leading to a more comprehensive assessment of

teaching capabilities. This capability is particularly valuable

in a rapidly evolving educational landscape, where decision-

makers require accurate, real-time insights to guide policy

and practice. The model’s ability to integrate and process

diverse data sets is consistent with current trends in education

technology, which increasingly emphasize the role of data-

driven decision-making in improving teaching outcomes and

resource management.

Second, the research contributes to the field of edu-

cational assessment by introducing a quantitative recursive

analysis framework that facilitates dynamic, real-time ad-

justments in teaching competence evaluation. This recur-

sive approach is crucial because it ensures that the evalu-

ation process can adapt to the continuously changing na-

ture of educational environments. As teaching conditions

evolve—whether due to technological advancements, shifts

in educational policy, or changes in societal needs—the

model remains flexible and responsive. For example, if

a new pedagogical approach is introduced or if there is a

shift in policy that affects teaching standards, the model can

accommodate these changes by adjusting its constraints and

assessment criteria. This adaptability is particularly valu-

able for education administrators and policymakers, as it

enables them to optimize resource allocation and make in-

formed decisions in real time, improving overall educational

outcomes [25].

Third, the study emphasizes the potential of combin-

ing machine learning techniques with traditional statistical

methods to enhance the robustness of educational evalua-

tion models. By transforming the assessment problem into

a least-squares optimization task, the methodology ensures

consistency and reliability in the results. This hybrid ap-

proach represents a significant advancement in the field,

bridging the gap between theoretical research and practical,
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real-world applications. The ability to apply both machine

learning algorithms and traditional statistical techniques to

teaching competence evaluation not only strengthens the ac-

curacy of assessments but also facilitates a more nuanced

understanding of educational dynamics.

4.2. Practical Applications

The proposed methodology offers several promising

practical applications in the context of English teaching and

beyond. One of the key applications is in the formulation of

data-driven resource allocation strategies. By clustering and

consolidating various indicator parameters, the model en-

ables educational administrators to identify areas in need of

improvement and strategically allocate resources. For exam-

ple, regions or institutions with lower teaching competence

scores can be prioritized for additional teacher training pro-

grams, infrastructure upgrades, or targeted policy interven-

tions. This data-driven approach ensures that resources are

used efficiently and effectively, promoting equitable access

to quality education across different regions and institutions.

Imagine a school district that has implemented the pro-

posed model to assess the teaching competence of its English

teachers. The model identifies that one particular school has

a lower competence score compared to others in the district.

Upon further analysis, the clustering algorithm reveals that

the underperformance is primarily due to inadequate teacher

training and outdated teaching materials. Using this infor-

mation, the school district can take targeted actions, such as

providing specialized professional development workshops

for the teachers at that school and updating their teaching re-

sources. Over time, the model can track the progress of these

interventions and adjust the resource allocation as needed.

This approach not only improves the teaching quality at

the underperforming school but also ensures that resources

are used effectively and efficiently. Additionally, while the

methodology relies on big data and advanced computational

techniques, it can still be adapted for use in rural schools or

areas with limited data infrastructure. In rural schools with

limited data infrastructure, the model could be implemented

using a phased approach. Initially, the focus could be on

collecting basic data manually and using simplified cluster-

ing techniques to identify key areas for improvement. For

example, teachers could be trained to collect data on student

performance and classroom interactions using simple tools

like spreadsheets or mobile apps. This data could then be

analyzed using a basic version of the clustering algorithm

to identify patterns and allocate resources more effectively.

Over time, as more data becomes available and infrastruc-

ture improves, the model could be expanded to include more

sophisticated data sources and clustering techniques. For in-

stance, as schools gain access to more advanced technology,

they could start incorporating data from online learning plat-

forms [26], student surveys, and classroom observation tools.

This would allow for a more comprehensive assessment of

teaching competence and the development of more targeted

interventions [27].

Another promising application lies in the development

of personalized teaching strategies. The fuzzy K-means clus-

tering algorithm can identify distinct patterns in teaching

competence, allowing for the segmentation of educators into

groups with similar strengths and weaknesses. Once these

groups are identified, tailored professional development pro-

grams can be designed to address specific needs within each

group, fostering continuous improvement in teaching qual-

ity. Furthermore, this approach could be extended to student

performance analysis, enabling the creation of personalized

learning plans that cater to the unique needs, learning styles,

and preferences of individual students. This personalized

approach would not only improve teaching outcomes but

also enhance student engagement and success.

The methodology also has significant potential appli-

cations in monitoring and evaluation processes within edu-

cational systems. By providing a quantitative and objective

framework for assessing teaching competence, the model can

serve as a benchmarking tool for evaluating the effectiveness

of various educational reforms, teacher training programs,

and resource allocation initiatives. Furthermore, the integra-

tion of information fusion allows for the inclusion of diverse

data sources—such as student feedback, classroom obser-

vations, and test scores—thereby enriching the evaluation

process [28]. This multidimensional approach enhances the

validity of assessments, ensuring that teaching competence

is measured from a variety of perspectives.

4.3. Limitations

Despite its many advantages, the proposed methodol-

ogy has certain limitations that warrant further exploration.

One of the major limitations is the dependency on algorith-

994



Forum for Linguistic Studies | Volume 07 | Issue 02 | February 2025

mic parameters, such as the initial cluster centers and the

number of clusters. These parameters can have a significant

impact on the outcomes of the clustering process, potentially

leading to variability in assessment results. While the fuzzy

K-means algorithm partially mitigates this issue by allowing

for overlapping clusters, the reliance on subjective parameter

selection remains a challenge. The sensitivity of the model

to these parameters highlights the need for further work on

optimizing the clustering process to ensure more consistent

and reliable results.

Another limitation concerns the model’s reliance on

historical data for competence evaluation. While the recur-

sive analysis framework enhances the model’s predictive

capabilities, it may struggle to account for sudden, disruptive

changes in teaching environments or educational policies.

For example, unprecedented events such as the COVID-19

pandemic or other global crises could render historical data

less relevant, requiring the model to incorporate real-time

data to maintain its accuracy and reliability. This issue un-

derscores the importance of continuously updating the data

used for evaluation and ensuring that the model is capable

of adapting to unforeseen disruptions.

Additionally, the computational complexity of the

methodology may present challenges for its implementation

in resource-constrained educational settings. The integra-

tion of big data analysis and clustering algorithms requires

significant computational resources, which may not be read-

ily available in all institutions, especially those with limited

technological infrastructure. This limitation highlights the

need for further research into optimizing the algorithm’s ef-

ficiency and exploring alternative approaches that balance

computational demands with assessment accuracy.

4.4. Future Research Directions

To address the limitations discussed above, future re-

search should focus on several key areas. First, efforts should

be directed toward enhancing the robustness of the cluster-

ing algorithm by developing automated parameter selection

methods. Techniques such as grid search, cross-validation,

or metaheuristic optimization algorithms could be employed

to identify the most optimal parameter configurations. This

would reduce the reliance on subjective inputs, improving

the consistency and reliability of the clustering process, and

ultimately enhancing the quality of assessment results.

Second, the model’s adaptability to dynamic educa-

tional environments could be further enhanced by incorporat-

ing real-time data streams. The integration of sensors, Inter-

net of Things (IoT) devices, and real-time analytics platforms

could enable continuous monitoring of teaching competence,

providing decision-makers with timely feedback for more

agile decision-making. This approach would ensure that the

evaluation process remains relevant and responsive to chang-

ing educational conditions, allowing for quick adjustments

in resource allocation and teaching strategies.

Third, future research could explore the application of

advanced machine learning techniques, such as deep learning

and natural language processing, to enhance feature extrac-

tion and pattern recognition capabilities. For example, senti-

ment analysis of student feedback or automated assessment

of classroom interactions could provide valuable additional

data that could further enrich the teaching competence evalu-

ation process. Incorporating these techniques into the model

would improve the precision and depth of the analysis, offer-

ing a more comprehensive view of teaching performance.

Finally, the methodology could be extended to other ed-

ucational contexts beyond English teaching. Future studies

could explore its application in assessing teaching compe-

tence in non-English language subjects or evaluating insti-

tutional performance. Comparative studies across different

cultural and educational settings would provide valuable in-

sights into the generalizability and scalability of the approach.

Moreover, interdisciplinary collaborations with experts in

education, computer science, and policy studies would con-

tribute to refining the methodology and expanding its applica-

tions, further advancing the field of educational assessment.

5. Conclusions

This study aimed to address the challenges in eval-

uating English teaching competence by introducing an in-

novative methodology combining big data fuzzy K-means

clustering and information fusion. The proposed approach

demonstrated its ability to process high-dimensional data,

cluster and integrate indicator parameters, and provide pre-

cise teaching competence assessments. By extracting mean-

ingful patterns from the relevant feature information and

leveraging recursive quantitative analysis, the methodology

achieved high accuracy and resource utilization efficiency,
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as validated by simulation experiments.

The significance of this research lies not only in its abil-

ity to enhance assessment precision but also in its broader

implications for educational resource management. The clus-

tering and fusion techniques facilitated the development of

targeted resource allocation strategies, ensuring that teach-

ing resources are effectively utilized to address disparities in

teaching quality. This advancement underscores the role of

data-driven approaches in promoting equitable education and

optimizing teaching outcomes. However, while the proposed

methodology showcases robust analytical capabilities, it is

essential to acknowledge its reliance on algorithm parame-

ters and historical data. These dependencies may limit the

model’s adaptability in dynamic educational settings, espe-

cially when confronted with sudden shifts or incomplete data.

Furthermore, the computational complexity of big data clus-

tering techniques poses potential challenges for widespread

adoption, particularly in resource-constrained environments.

Addressing these challenges will require further refinement

of the methodology, such as the incorporation of automated

parameter tuning and real-time data integration mechanisms.

The findings from this research open several avenues for

future exploration. For instance, integrating advanced ma-

chine learning techniques like deep learning or graph neu-

ral networks could enhance the model’s capacity to extract

meaningful patterns from unstructured data sources, such as

teacher feedback or classroom recordings. Additionally, ex-

panding the scope of this methodology to other educational

domains, such as STEM education or multilingual teaching

environments, could further validate its versatility and scala-

bility. Collaborative research across disciplines, involving

education professionals and data scientists, could also play a

significant role in refining the methodology and addressing

its current limitations.

In conclusion, this study contributes a novel framework

for English teaching competence assessment, combining in-

novative algorithmic approaches with practical insights for

resource optimization. The results highlight the transfor-

mative potential of big data analysis to address complex

educational challenges. By leveraging data-driven insights,

we can move beyond traditional limitations and create more

equitable and effective education systems. Imagine a world

where every classroom, regardless of location or resources,

has access to the tools and strategies needed to thrive. This

research is a step towards that vision—a vision where data

empowers educators, informs policymakers, and ultimately,

enriches the learning experience for every student. By build-

ing upon these findings, future research can further bridge the

gap between educational theory and practice, paving the way

for adaptive, inclusive, and data-driven educational systems

that unlock the full potential of both teachers and learners.
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