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Abstract: In this study, feature mapping and dimensionality reduction analysis of raw educational data was
performed based on the identification of eight influential factors, combined with sparse principal component analysis
(sparse PCA) method. Afterwards, the kernel ridge regression method was used to calculate the multiple regression
results of the processed principal component data to guide the transformation of digital teaching. The principal
component regression equation for the effect of digital transformation of foreign language education is

Y =4.093+0.394P1+0.231P2+0.202P3+0.103P4+0.070P5

application, equipment acquisition, equipment acceptance, students' learning attitude, and teachers' professional

. P1-P5 represent resource

attitude, respectively, and targeted improvement of these aspects can effectively improve the effect of digitization of
foreign language education and increase the success rate of its digital transformation.
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1. Introduction

With the rapid development of information technology, digital transformation has become an
important trend in the development of all industries, and the field of education is no exception [1].
Digitalization is the historical process of using modern information technology to promote the sharing of
high-quality educational resources, the transformation of teaching methods, and the reconstruction of
teaching processes [2]. Digital transformation, on the other hand, refers to the comprehensive change and
optimization of traditional business processes, service models, and organizational structures through the
wide application of digital technologies to enhance efficiency, create value, and strengthen
competitiveness [3-4]. Digital transformation in the field of education not only involves the digitalization
of teaching resources, but also includes the innovation and reconstruction of teaching models, evaluation
systems and learning environments, and this transformation process emphasizes learner-centeredness,
and makes full use of technological means to realize personalized and flexible learning experiences [5-7].

In the context of education globalization, digital transformation has entered a critical acceleration
period. 2024, the World Alliance for Digital Education was formally established, reflecting the fact that
digital transformation has gradually become a common action for world education change. As an integral
part of the education field, foreign language education has an important role in promoting high-level
opening up to the outside world, disseminating ideas and culture, etc. The integration of instrumental and
humanistic innovation and synergistic promotion need to be strengthened urgently, and the digital
transformation has become an urgent and realistic need [8-9].

Internationally, the digital transformation of education is mainly focused on higher education as the
main field, but with a different emphasis.Bond et al [10] suggest that the digital transformation of higher
education views digitization as a way to enable the transfer of scientific knowledge and innovation,
which requires teachers and students to be digitally literate and to be fully integrated into the educational

@«:-(;)J Copyright: © 2025 by the authors




and pedagogical process. Abad-Segura et al. [11] found when studying the trend of digital transformation
in education that the main keywords of the articles published in their research field included
"sustainability”, "sustainable development”, "higher education", "innovation", "technology",
"environmental technology", "technology development" and "environmental management". This means
that there is a certain interconnection between the digital transformation of education and sustainable
management. According to Mohamed Hashim et al [12], digital transformation strategies in education
through the introduction of innovative or disruptive digital concepts and technologies aim to improve the
quality of higher education, provide a world-class educational experience, and prepare students to adapt
to the needs of globalized industries.Trevisan et al [13], in a review study, stated that digital
transformation provides sustainability in education, smart and sustainable campuses by providing a
reliable technological, strategic guarantee to guide the smooth progress of sustainability and digital
practices in higher education institutions. The drivers of digital transformation of foreign language
education are the key conditions and forces to promote the transformation of foreign language education
from the traditional model to the digital and intelligent model, and these drivers, which mainly include
the innovative leadership of technology, open sharing of resources, and deep changes in roles, will
promote the systematic creation of foreign language education [14-15].

Technological innovation is an important driving force for the change of the times [16]. Foreign
language teaching has experienced from audio-visual education represented by multimedia technology,
to networked education represented by network technology, to intelligent education represented by
artificial intelligence technology. The continuous breakthroughs and innovations in digital technology
will lead us gradually from the "Anthropocene" to the "human-machine age", an era of collaborative
updates and knowledge co-creation between humans and machines. The new round of technological
revolution and industrial transformation represented by artificial intelligence technology is reshaping the
social form [17-18]. Intelligent recommendation technology can tailor the appropriate foreign language
learning paths and methods for students to achieve personalized learning and targeted tutoring [19]. Hsu
et al. [20] designed a language learning system based on personalized recommendations, which
incorporates a reading material recommendation mechanism to recommend articles for students that
meet their preferences and knowledge levels, and demonstrated the superiority of the proposed system in
an evaluation experiment. Xia et al. [21] developed a data-driven personalized foreign language learning
model that uses real-time data processing technology to analyze learners' dynamic needs, based on which
they are provided with customized learning paths and instructional content that meets their preferences,
and the model significantly improves the learners' language learning efficiency, classroom engagement,
etc. Chiriboga et al. [22] studied the impact of intelligent chatbots and virtual assistants on foreign
language learning by designing a quasi-experiment and dividing 200 language learners into intelligent
and traditional teaching groups, and found that the students in the intelligent teaching group showed
significant improvements in vocabulary retention as well as language fluency.

The flow and sharing of educational resources are profoundly changing the mode of foreign language
education and becoming an important factor in the innovation of foreign language education [23]. At
present, people's demand for high-quality educational resources is becoming more and more urgent,
online education, open courses, digital libraries and other shared educational resources are expanding,
and the way of acquiring knowledge and information is gradually changing from the previous closed
education to an open and shared model [24-25]. Dyakova et al [26] built an online course platform and
applied it to the Russian language online education system, through the use of e-learning tools to achieve
positive and active interaction between teachers and students, effectively promoting the digital
transformation of Russian language learning. Martyushev et al. [27] analyzed the advantages and
shortcomings of online educational platforms and conducted a study on the effectiveness of online
platforms in teaching foreign languages as an example.The survey included 928 students and 76 foreign
language teachers, who believed that digital tools have a facilitating effect on the formation and
development of written communication skills in a foreign language. Osipo et al [28] established an online
foreign language learning platform that allows the the transfer of digital resources between learners,
enables foreign language speaking practice as well as knowledge exchange through interactive processes,
and supports the implementation of teaching and learning in English, Spanish, German, and Russian.
Zhang [29] developed an online foreign language teaching platform with the help of ASP.NET and other
programming technologies, which can safely and stably teach English at the university level, and realizes
the cultivation of skills such as listening, speaking, and improves the foreign language teaching quality
and digitalization level. Resource sharing based on the online platform enables students to choose
appropriate learning resources and paths according to their interests and needs, and realize personalized
learning [30].

Teaching and learning paradigm shift to promote digital transformation,Teaching and learning
paradigm shift in the era of artificial intelligence is an endogenous driving force to promote the digital
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transformation of education [31]. With the acceleration of globalization and cross-cultural exchanges, the
need for innovation in foreign language education has become more and more urgent, and the positioning
of the role of teachers and students has a direct impact on the effect of the transformation of education.Li
et al. [32] with the help of digital tools for real-time feedback on the learning situation and performance
of the learners, to provide targeted teaching and counseling the role of the teacher to change the role of
teachers of foreign languages is no longer just a provider of knowledge and the transmitter, but also
interactive classroom facilitators and catalysts to improve learner engagement. They are no longer just
providers and transmitters of knowledge, but also facilitators of interactive classes and catalysts for
increased learner engagement. Digital transformation offers new possibilities and opportunities to meet
this need.

Multiple regression analysis is the use of regression equations to portray the linear dependence
between a dependent variable and multiple independent variables [33]. Although there is no clear
functional relationship between multiple independent variables and the dependent variable, multiple
linear regression can be used to find a mathematical expression that best describes the connection
between them, so as to predict the changing law of the dependent variable under the combined influence
of the respective variables [34-35]. By constructing a multiple regression model, the relationship
between digital teaching tools and variables such as students' performance and learning behaviors can be
quantitatively analyzed, providing reliable data references for the digital transformation of foreign
languages. Esponda-Pérez et al [36] used multiple regression to track the learning status of students in
E-learning environments and revealed the relationship between the students' academic performance and
their knowledge and correlation between time spent in E-learning courses. Elbadrawy et al [37]
constructed a multivariate regression prediction model based on student performance using historical
data on students' classroom behaviors, engagement, and classroom-related characteristics, which was
effective in identifying students at risk of failing the course, so that individualized corrective actions
could be provided to them in a timely manner.

The digital transformation of education relies on the promotion of digital technology, which also
reflects the value of technology for educational innovation. The popularization of the mobile Internet has
led to the rapid development of online learning platforms, and most foreign language education platforms
have broken through the time and space limitations, providing a wide range and variety of teaching
resources, but there are still many shortcomings [38-39]. The effectiveness of the digital transformation
of education depends on the digital literacy of teachers, and at present, the digital literacy of many foreign
language teachers needs to be improved. From the point of view of the current situation of foreign
language teaching, more teachers are difficult to flexibly and skillfully use digital tools to support
teaching and learning activities, the enabling role of technology for teaching models and methods has not
been demonstrated, and the teaching means have not been able to realize the organic fusion with
linguistic intelligence [40-41].

The digital transformation of foreign language education is affected by teachers, students, equipment
and other subjects, how to analyze the degree and direction of the influence, and explore the best
transformation path is the focus of this study. Through classroom observation and interview practice, this
study preliminarily identifies multiple factors affecting the effect of digital transformation in foreign
language education. Principal component analysis was utilized to perform downscaling and principal
component projection on the raw data. Due to the linear structure assumption premise of principal
component analysis, there are situations where complex data are difficult to handle. On this basis,
sparsity constraints are introduced to maintain the data characteristics and complete the data
dimensionality reduction to enhance the interpretability of the calculation results. Further combined with
the kernel ridge regression method, the nonlinear multiple regression from low to high dimensions is
performed on the principal component analysis results to solve the specific path of digital transformation
of foreign language education in the process of international communication.

2. Research on Factors Affecting the Effectiveness of Digital Transformation in
Foreign Language Education

2.1. Classroom Observation and Interview Practices

Classroom observation method is the most intuitive and effective way to test the classroom teaching
situation and the effect of resource application, and it is also an important way to investigate and conduct
empirical research, with the advantage of being able to be present in the classroom and observe the
complete teaching and learning process in the most direct way.From February 2024 to July 2024, the
author carried out a five-month educational internship at A Foreign Language University in G. During
this period, the author walked into the foreign language education digital classroom to observe and listen
to the digital lectures of different subjects, classes, and teachers. And based on the phenomenon of

3



classroom observation and interviews with different types of students, the factors affecting the effect of
digital transformation in foreign language education were identified.

In the practice of classroom observation method, the author designed three steps for the study.

In the first step, the author goes into the classroom, observes and collects students' and teachers'
classroom activities and behaviors in the field, observes the classroom teaching sessions and completes
the classroom observation records.

In the second step, the content of the record is organized and refined, and the observed teaching
behaviors in the digital classroom, the application of digital teaching resources, the use of digital teaching
equipment and the overall atmosphere of the teaching process are summarized;

The third step is to analyze and determine the influencing factors of the effect of the digital
transformation of foreign language education by communicating with the frontline teachers and taking
into account their own personal experience in the classroom.

After obtaining the consent of the lecturers, the following aspects were focused on during the
observation process:

First, the overall atmosphere of the classroom during the digital teaching process;

Second, the effect of teachers and students communicating with the help of digital teaching devices
during the teaching process;

Third, the presentation of digital teaching resources by teaching equipment and the level of
functionality;

Fourth, the construction of the digital classroom environment and the proficiency of teachers and
students in the use of equipment.

2.2. Preliminary Identification of Impact Factors

Based on the classroom observation method as well as the post-class interview method, the
influencing factors of the effect of digital transformation in foreign language education were initially
organized. The influencing factors include eight categories: teachers' concept of teaching, teachers'
equipment application, teaching preparation, students' learning attitude, students' response to digital
teaching resources, students' equipment use, digital teaching equipment, and teaching resources.

3 Research Methodology for Digital Transformation of Foreign Languages under
Multiple Regression

3.1. Sparse Principal Component Analysis

Sparse Principal Component Analysis (PCA) is an important exploratory data analysis tool as a
classical and widely used method for data degradation and feature extraction.The main goal of PCA is to
identify the so-called principal component directions, which are the directions with the highest variance
in the data.PCA serves as an important data manipulation tool that is capable of mapping the
high-dimensional data to the low-dimensional space. In this mapping process, it can retain as much
variability of the original data as possible. Not only that, PCA also has a multifaceted role, it helps to
reveal the intrinsic structure of the data, reduce the computational complexity, and can play a key role in
data visualization as well as noise removal.

We denote the covariance matrix of the data as 2 € RY , and from a mathematical point of view,
PCA can be described as the following optimization problem:

méler(UTZU) st. U'U=1I (1)

where U =[u,,u,, --,u,]e R“ is the direction of the first 7 principal components that make up
this matrix. By means of a translation transformation, in order to facilitate the subsequent analysis, in
practice, we can reasonably assume that the data {x,}’, have a mean value of zero, so that there is

T =XX"/n . After some simple algebra, it is not difficult to show that equation (1) is in fact
equivalent to the following optimization problem:

, 2
min| X -UV"| seUTU=1 @)
Uy F
where here V =[v,v,,---,v,]€ R™ refers to the projection of the data in the direction of the

principal components. Eq. (2) is essentially a computational procedure for optimal recovery of U and
V' under the assumption that the errors F in the observation model follow a Gaussian distribution while

4



the U columns are orthogonal. Taken together, we can see that PCA is capable of being regarded as a
low-rank matrix analysis problem.

Although PCA is a commonly used technique for data dimensionality reduction, it has some
drawbacks and limitations. First, PCA assumes that the structure of data is linear, so it is weak for
nonlinear relationships. And for complex nonlinear data, PCA may not be able to downsize effectively.
Second, PCA is very sensitive to outliers in the data, and outliers may significantly affect the selection of
principal components, leading to poor dimensionality reduction. Although traditional PCA performs well
in many aspects, it also has some shortcomings. One of the more significant drawbacks of PCA is that the
principal components it computes are actually linear combinations of all the variables in the original data.
This property makes the principal component vectors often not sparse because all elements in the
direction of the principal components are usually non-zero. In order to effectively solve this problem,
introducing sparsity constraints into the optimization model becomes a common means, based on which
sparse principal component analysis, also known as sparse PCA method, is developed. In this way, sparse
PCA is able to retain important features on one hand and reduce the dimensionality of the data on the
other hand when dealing with high-dimensional datasets. In this way, the model has stronger
interpretability. Based on the above idea, we are able to propose the corresponding sparse PCA basic
model based on equation (2):

min,, , HX—UVTHi stouju, =18w) <t (i=1,2,-7) 3)

where S(-) is some sparsity measure such as L, L, and L, paradigms. Notice that Eq. (3) does not

include the orthogonality constraint for the pairs in Eq. (2), the reason being that satisfying both
orthogonality and sparsity of the principal components significantly increases the complexity of the
solution and may create unnecessary difficulties.

3.2. Kernel ridge regression method

3.2.1. Ridge regression

Ridge regression is an improved algorithm of least squares that adds a regularization term to the least
squares optimization objective to solve the covariance problem in multiple regression. Ridge regression
is a biased regression algorithm that improves the performance of fitting the pathology matrix by
sacrificing regression accuracy. The optimization problem of multivariate ridge regression can be
described as

min |y =W x ]+ 2 @

where the ridge parameter A > 0.0 . The optimal solution W is easily solved by
. -1
w'=(A1+xX") Xxy" (5)

The size of the ridge parameter is set according to the actual data, and the commonly used setting
method is to control the ridge parameter to a suitable value by limiting the size of the sum of squares of
the residuals, and when the ridge parameter is taken to 0.0, the ridge regression degenerates into ordinary
least squares.

3.2.2. Kernel ridge regression

KRR is a nonlinear regression algorithm that combines the kernel method and ridge regression to
improve the performance of the regression by projecting the independent variables to higher dimensions,
where the independent and dependent variables are more likely to show a linear relationship in the higher
dimensional space. The results of parameter estimation based on the kernel method are:

o~ R — -1__
W:(zlhm)xq)i) D' ©)

However, 5)( cannot be represented explicitly, and Eq. (6) still requires further treatment. Let

— —T
A=A1 P Cc=1 v, U=Dx, V' =®x, and according to the inverse formula for the sum of matrices

(Lemma 1) and its generalized form (Lemma 2), there are
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-1
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Thus, V/I; is rewritten as
~ — N
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The estimate of the dependent variable at moment # can be expressed as:
A~ ~T — 1 —T — —
Y() =W §(x)=Y (AL, +K) Prd(x)=Y (A1, +K) 'k, ©)
Among them:
T
by, =[kipokypon sy, (10)

So far, in the case of the nonlinear mapping is unknown, realize the projection of the original data
from low-dimensional to high-dimensional, and then execute the ridge regression algorithm in the
high-dimensional space, which can be a good solution to the nonlinear regression task.

Lemma 1: Inverse formula for sum of matrices: suppose A, C and A+ UCV are non-singular
matrices satisfying

(A+UCVY' =4~ AU (C +VAU) VA (1)

Lemma 2: A generalized form of the inverse formula for the sum of matrices: Suppose that 4, C
and A+ UCYV are non-singular matrices that satisfy

(4+UCrY' =4 —A'UCY (I + 4"'UCY) " A7 (12)

4. Foreign Language Education Digital Transformation Path Exploration
Practice

4.1. Data collection and principal component analysis
4.1.1. Questionnaire-based statistics

Based on the classroom observation method and the post-class interview method, eight factors
influencing the digital transformation of foreign language education were initially identified (teachers'
conception of teaching, teachers' use of equipment, preparation for teaching, students' attitudes to
learning, students' reactions to digital teaching resources, students' use of equipment, digital teaching
equipment, and teaching resources). After that, the evaluation data of a total of 500 students and teachers
from freshmen to seniors majoring in small languages at A University of Foreign Languages in G City on
the factors influencing the digital transformation of foreign language education were collected by means
of a questionnaire. In the questionnaire design, two items were set for each influencing factor, totaling 16
items. Each item is set with five options: "Very consistent", "relatively consistent", "Consistent",
"inconsistent", and "very inconsistent", and will be scored step by step according to 5, 4, 3, 2, and 1.
Table 1 shows the statistics of the scores of the questions related to the influencing factors. Among the 16
questions, the highest mean score was A9 Acceptance of digital resources (4.80), and the lowest score
was A8 Level of classroom discipline compliance (3.81).



Table 1. Statistical results of the scores for the items related to influencing factors.

resources(A16)

Item Mean value Standard deviation N
Basic teaching and
educational skills(A1) 3.94 0.01 >00
Professional theory and
application level(A2) 3.87 0.02 >00
Application of modern
innovative teaching 4.01 0.10 500
technologies(A3)
Acceptance of digital
devices(A4) 4.02 0.05 500
Teachers' preparation
situation(A5) 3.93 0.09 500
Teaching
Responsibility(A6) 389 0.23 500
Student learning
initiative(A7) 4.36 0.01 >00
Degree of compliance
with classroom 3.81 0.32 500
discipline(AS8)
Acceptance of digital 430 001 500
resources(A9)
Application degree of
digital resources(A10) 4.69 0.02 >00
Using electronic
devices for assisted 4.66 0.03 500
learning(A11)
Using electronic
devices for classroom 4.71 0.01 500
interaction(A12)
Prevalence of digital
teaching 4.52 0.04 500
equipment(A13)
Accessibility of digital
teaching 4.10 0.10 500
equipment(A14)
Diversification of
digital resources(A15) 4.63 0.09 500
Accessibility of digital 450 012 500

4.1.2. Principal component analysis

Using sparse principal component analysis, the standardized questionnaire data were subjected to
principal component analysis to obtain the corresponding eigenroots and variance contributions of each
principal component in Table 2. As can be seen from the table, the final five principal components
extracted have a cumulative contribution rate of 94.840%. It can be seen that the five principal
components extracted by using sparse principal component analysis have a certain explanatory strength
for the study of factors influencing the effect of digital transformation of foreign language education in

the process of international communication.

Table 2. Principal component analysis results.

Initial eigenvalue Extract sum of squares and load
Item
Variance Cumulative Variance Cumulative
components Total Total
(%) (%) (%) (%)
1 17.49 35.255 35.255 17.49 35.255 35.255




2 10.28 20.722 55.977 10.28 20.722 55.977
3 9.73 19.613 75.590 9.73 19.613 75.590
4 6.51 13.122 88.712 6.51 13.122 88.712
5 3.04 6.128 94.840 3.04 6.128 94.840
6 0.45 0.907 95.747
7 0.42 0.847 96.594
8 0.39 0.786 97.380
9 0.37 0.746 98.126
10 0.25 0.504 98.630
11 0.20 0.403 99.033
12 0.19 0.383 99.416
13 0.18 0.363 99.779
14 0.07 0.141 99.920
15 0.03 0.060 99.980
16 0.01 0.020 100.000

4.1.3. Analysis of principal component extraction results

According to Table 2, the original 16-item data are reflected by these 5 principal components.S
principal components i.e.: 5 new variables with different information extracted from the 16-item data, a
principal component represents the role of 1 or more original items, and its relationship is reflected in the
rotated factor loading matrix in Table 3. The highest correlation of principal component 1 is A10 digital
resource application degree (0.928), named as resource application principal component P1. The highest
correlation of principal component 2 was A13 digital teaching equipment penetration (0.802), named as
equipment acquisition principal component P2. The highest correlation of principal component 2 was
Al3 digital teaching equipment penetration (0.802), named as equipment acquisition principal
component P2. The highest correlation of principal component 4 was A7 students' initiative in learning
(0.610), named as principal component P4 of students' attitudes towards learning. The highest correlation
of Principal Component 5 was A5 Teacher Preparation Status (0.598), named as Principal Component P5
of Teachers' Professional Attitude.

Table 3. Rotated component martix.

1 2 3 4 5

A10 0.928

All 0.924

Al2 0.919

Al3 0.802

Al4 0.793

Al5 0.756

Al6 0.721

A4 0.653

A7 0.610

A8 0.605

A6 0.598

A3 0.576




A5 0.559
Al 0.543
A2 0.527
Eigenvalue 17.49 10.28 9.73 6.51 3.04
Contribution
rate(%) 35.255 20.722 19.613 13.122 6.128
Cumulative
contribution 35.255 55.977 75.590 88.712 94.840
rate(%)

4.2. Test of principal component extraction results
4.2.1. Distinguishing Validity

The Fornell-Larcker criterion was used to test the discriminant validity of the five extracted principal
components to determine whether the five extracted principal components are reasonably related and
maintain the necessary independence. Figure 1 shows the results of the discriminant validity test of the
five principal components. It shows that the correlation coefficients between all principal components
and other principal components are within an acceptable critical value range (0.650-0.750) and are lower
than the square root of the corresponding latent variables. It indicates that the nature of the problems
among the principal components is different and well differentiated, which can better reflect the
influencing factors of the digital transformation of foreign language education.

ia ' 0.652  0.643 0.641

Principal Component
g
8}

~
]

Pl

I
— S n < e
A o o A o
Principal Component

Figure 1. Results of the discriminant validity test for the 5 principal components.

4.2.2. Descriptive statistics and normality tests

In order to gain a deeper understanding of the overall situation of the impact factors of digital
transformation of foreign language education, the data related to the 5 principal components were
analyzed descriptively and tested for normality. Figure 2 shows the results of the normality test of the 5
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principal components descriptive statistics and measurement question items of digital transformation of
foreign language education.The mean value of the impact effect score of the 5 principal components is
4.513, which is at a good level. The mean value of skewness is 0.063, and the mean value of kurtosis is
0.044. The data of each question item meets the requirement of approximate normal distribution, and the
extracted principal components have credibility.

P5
— P4 - Mean value
§ |: Standard deviation
2 I Deviation degree
E P3- B skewness
@)
=
£
2 p2]
&

PI A

1 0 I 2 3 4 5

Mean score

Figure 2. Principal component descriptive statistics and normality test results.

4.2.3. Correlation analysis

The correlation coefficients between the five principal components are calculated to quantify the
degree of their linear relationship and to reveal the closeness of the interdependence between the
principal components. Table 4 shows the results of the principal components correlation analysis for
digital transformation of foreign language education.All five principal components are significantly
positively correlated at the 0.05 level, but the correlation coefficients are closer to 0.00 and farther away
from 1.00, which suggests that although these five principal components break through the boundary of
0.00, their degree of correlation with each other is still within a reasonable range. This may be related to
the fact that sparse principal component analysis introduces sparsity constraints, which reduces the linear
relationship between principal components, and at the same time, this also makes the extracted principal
components more comprehensive and diverse in reflecting the factors influencing the digital
transformation of foreign language education.

Table 4. Principal component correlation analysis results.

Pl P2 P3 P4 P5
Pl 1 - - - -
P2 0.209* 1 - - -
P3 0.315% 0.300% 1 - -
P4 0.288* 0.224%* 0.271* 1 -
P5 0.194* 0.201* 0.183* 0.106* 1

Note: * indicates a significant correlation at the 0.05 level (two-tailed)

4.3. Kernel Ridge Multiple Regression Analysis

Using kernel ridge regression analysis, the extracted principal component factors were modeled by
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regression analysis and subjected to ANOVA. Table 5 shows the ANOVA results. Table 6 shows the
regression coefficient results. The significance level of variance and the significance level of regression
coefficient are 0.001, which means that there is a significant linear relationship between the five principal
component factors and the effect of digital transformation in foreign language education. The regression
equation is: ¥ =4.093+0.394P1+0.231P2+0.202P3+0.103P4+0.070P5 . The meaning
is as follows: with other variables fixed, for every 1 unit increase in the resource application principal
component P1, the effect of digital transformation in foreign language education will increase by 0.393
units, and so on.

Table 5. Analysis of variance results.

Sum of Mean
Model Df F Sig.
Squares square
Contains 5 Return 109.594 5 15.482 264.752 0.001
principal Residual 40.291 498 0.019 - -
component
Total 149.885 251.5 - - -
factors

Table 6. Regression coefficient.

. ) Coefficient of ]

Non-standardized coefficient o t Sig.
Precision(Beta)
Model
Standard
B - - -
error

(Constant) 4.093 0.012 - 203.382 0.001
P1 0.394 0.015 0.401 19.494 0.001
P2 0.231 0.015 0.322 18.296 0.001
P3 0.202 0.015 0.303 18.775 0.001
P4 0.103 0.015 0.156 15.483 0.001
P5 0.070 0.015 0.104 10.442 0.001

5. Conclusion

This study utilizes sparse principal component analysis with kernel ridge regression to investigate the
digital transformation method of foreign language education. The data obtained from the questionnaire
survey were extracted into five new principal component factors through principal component analysis.
After a series of tests to ensure that the linear relationship between the principal component factors is
only significant at the 0.05 level, the modeling calculation yields a regression equation of
Y=4.093+0.394P1+0.231P2+0.202P3+0.103P4 +0.070P5 . The greatest influence on
the effect of digital transformation in foreign language education is the resource application principal
component, followed by the equipment acquisition principal component. When innovating the path of
digital transformation of foreign language education, relevant education administrators should mainly
help students improve their ability and enthusiasm in applying foreign language digital resources, and
also provide students with sufficiently accessible digital devices to clear the obstacles to their learning.
At the same time, teachers should also be urged to learn new digital teaching methods and the use of
digital devices in a timely manner to provide students with more help.
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