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Technological progress has brought about significant changes in education, and the development of intelligent speech systems has
provided a new technical support and a broader resource platform for teaching and evaluating college English speaking.
Evaluation is the basis for optimizing college English-speaking instruction (ESI); this paper explores the influencing factors of
ESI and their relationship through PLS-SEM. Students’ course cognition, learning behavior, knowledge mastery, and teacher-
student communication have a significant positive relationship with course satisfaction and classroom effect. On this basis, we
make suggestions for optimizing college ESI from three aspects: resource acquisition, platform utilization, and teaching

evaluation in combination with an intelligent speech system.

1. Introduction

With the trend of globalization and the reform and opening-
up policy in the world, the role of English, as the most widely
used language in the world, has become more and more
important. The positioning of university English courses is
to meet the national strategic needs on the one hand and to
meet the needs of students’ professional learning and interna-
tional exchange on the other. Speaking ability has become the
biggest weak point and the most urgent part of English
learners’ ability in colleges and universities, and optimizing
the teaching of college English speaking is the aspect of college
English course teaching that needs to be improved. With the
progress of technology, the way of teaching and learning spo-
ken English has undergone changes. In the 1950s, computer
technology and listening method brought the speech room
to English listening courses; in the 1960s, computer-assisted
teaching began to enter the English speaking learning class-
room; in the 1990s, network technology flourished and
network-assisted language learning began to enter the English
teaching classroom. The 21st century is the era of digital infor-
mation and artificial intelligence, and intelligent speech
systems are sprouting and developing. The future reform of
college English course teaching will focus on speaking ability,

assisted by modern technology, combined with modern
information digital and artificial intelligence technology to
assist ESI.

The design of the curriculum for teaching spoken
English is the basis for the development of teaching activi-
ties. Yang et al. [1] believe that the innovation of ESI design
mainly lies in the real experience and interaction. Nation
and Macalister [1] specifically established a language course
design model that emphasizes the process of designing a col-
lege ESI. Course objectives should be determined based on
three components: course principles, course links, and
demand elements, and course content, course implementa-
tion, and course evaluation systems should be reasonably
constructed. Y. Liu and M. Liu [2] point out that the college
English teaching mode under the background of artificial
intelligence should be subject to listening teaching, speaking
teaching, writing teaching, and translation teaching.
Richards [3] divides English courses into three separate pha-
ses—before, during, and after class—based on language
input, process, and output, focusing on a circular approach
to curriculum design, in-class learning, and learning-
oriented instruction.

Research on teaching and learning English courses with
the assistance of online resources and mobile devices began
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in the 1990s and has continued to integrate with the ESI. Li [4]
fully combined ESI with information technology and pro-
posed an innovative multimedia interactive teaching mode
based on the intelligent speech system. Han and Niu [5] point
out that the goal of learning the English language is oral com-
munication; virtual scenario can enhance the students’ ability
of language expression and stimulates their learning interest.
Nguyen et al. [6] show that listening, speaking, reading, and
writing are important abilities in ESI. Through research, Yee
et al. [7] found that students prefer to use technical tools such
as PowerPoint to improve the effect of English speeches, which
also reveals that teachers should use more information tech-
nology methods in ESI.

The evaluation of college ESI depends on the compari-
son between the expectations of educational service and
the actual level of educational service perceived by the sub-
jects of educational needs. It is both related to the process
of education service and closely related to the effect of edu-
cation service, and the specific influencing factors include
teaching plan, teaching organization, teaching level,
professional ethics, etc. Based on the research of a customer
satisfaction model, this paper establishes a corresponding
evaluation model of college ESI based on the actual situation
of current college ESI. PLS-SVM is used to solve the problem
of bias caused by small survey data samples, multicollinear-
ity, and nonnormal distribution factors. On this basis, the
results of the survey were used to conduct an empirical
analysis of the evaluation of college ESI.

2. Evaluation Model of ESI Based on PLS-SEM

Like other disciplines, the teaching of college English as a
foreign language has been under constant reform and inno-
vation. In order to meet the needs of students, change the
education management mode, base the teaching decision
on the cultivation of students, refer to SCSB, ACSI, ECSI,
and the National Student Satisfaction Report of the United
States, establish the evaluation index system of college ESI
according to the actual situation in China, and build the
SEM causality concept model.

2.1. Conceptual Model. Through literature analysis, research
interviews, and other methods, this paper constructs a con-
ceptual model of causality from five dimensions, including
course cognition, learning behavior, knowledge mastery,
teacher-student interaction, and course satisfaction, with
20 items, as shown in Figure 1.

The degree of course cognition reflects the subjective value
of students’ cognition of oral English courses. Cybinski and
Selvanathan [8] conducted a survey on the learning methods
and learning effects of college students and found that subjec-
tive feelings will affect students’ learning effects. In addition,
research by Lai et al. [9] also showed that high self-perceived
value has a positive impact on the behavioral intention of
the courses studied. The research of Jiang et al. [10] has proven
that students’ perception of oral complexity will greatly affect
their oral performance, and automatic speech recognition
technology can improve the speaking mastery of students.
Therefore, this paper puts forward four measures of necessity
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awareness A,, practical awareness A,, importance awareness
Aj;, and expandability awareness A, in terms of curriculum
awareness.

Learning behavior refers to the habitual behavior of
students in the process of oral language learning, and an
evaluation index system is formed through constructivist
learning theory and cognitive learning theory. Zhao et al.
[11] and others [12-15] believed that the environment can
influence the results of formative assessments. According
to the above description, this paper proposes four measures
of learning interest B;, course difficulty B,, in-class learning
initiative B;, and extracurricular expansion learning initia-
tive B, in the dimension of learning behavior.

The degree of knowledge mastery refers to Peter’s learn-
ing level classification and learning effect evaluation [16];
combined with the actual situation of oral English learning,
the knowledge mastery degree is divided into theoretical
knowledge mastery degree C,, learning thinking formation
C,, oral proficiency level C;, and knowledge system con-
struction degree C,.

Teacher-student interaction is a requirement at all stages
of the teaching process, and the interaction between teachers
and students can establish the connection between teachers,
students, learning content, and learning methods [17].
Nguyen et al. [18] believe that teacher-student interaction
plays a very important role in students’ learning. Through
teacher-student interaction, the quality of teaching can be
guaranteed and the learning effect can be improved. In
addition, the oral learning experience of interactive commu-
nication has a positive effect on improving student
performance and contributing to student satisfaction [19].
Based on this, in this paper, the degree of participation in
theoretical learning is D, the degree of participation in oral
practice is D,, the degree of participation in communication
with classmates after class is D, and the degree of participa-
tion in communication with teachers after class is D,.

The measurement of course satisfaction refers to the
theory of customer satisfaction and evaluates it from the per-
spective of students. The quality of the course is evaluated by
the difference between the students’” subjective perception of
teaching quality and the expected level before and after
participating in college oral English teaching activities. The
relevant measures proposed in this paper include the satis-
faction of teaching content E,, the satisfaction of teaching
method E,, the satisfaction of teaching logic E;, and the sat-
isfaction of teacher level E,.

Based on the above analysis, this paper constructs an
evaluation model of college oral English teaching through
three independent variables, one dependent variable, and
one moderating variable from students’ perception. Mean-
while, the following six hypotheses are proposed according
to the relationship between variables.

H1: positive degree of course cognition has a positive
impact on course satisfaction.

H2: positive student learning behavior profile has a
positive impact on course satisfaction.

H3: positive student knowledge acquisition has a positive
effect on course satisfaction.
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FiGure 1: Conceptual model for the evaluation of ESL

H4: a positive correlation between faculty-student inter-
action and student course awareness and course satisfaction.

H5: teacher-student interaction is positively correlated
with student learning behavioral profiles and course
satisfaction.

Heé: a positive correlation between teacher-student inter-
action and student knowledge acquisition and course
satisfaction.

The relationship between the independent and depen-
dent variables is reflected in Figure 1. Each scale entry was
measured on a 5-point Richter scale (1 for “strongly dis-
agree” and 5 for “strongly agree”). Missing data in the entries
were filled by linear interpolation. The specific scales are
shown in Table 1.

At present, most of the academics use partial least
squares (PLS) to study teaching satisfaction in colleges and
universities, and PSL is also the more appropriate method
in studies in which the prediction of the relationship
between model variables is the content of analysis and theo-
retical confirmation is the goal of analysis. The latent
variables in the conceptual model of causality need to be
assessed by constructing multidimensional measurable vari-
ables. The measurables established in this paper include the
following steps.

Step 1. Establish the initial indicator system by referring
to literature relevant to the study and consulting with rele-
vant experts.

Step 2. Classification of indicators using the maximum
mathematical fuzzy clustering method.

Step 3. Nonparametric tests for each subcategory to test
for significant differences.

Step 4. For the group of indicators without significant
differences, the indicator with the largest sum of squares of
biased rank correlation coefficients for other indicators was
selected by the rank correlation coefficient method.

There is no limit to the number of observed variables of
potential variables, but the identification principle of SEM
should be satisfied.

2.2. Method of ESI Evaluation

(1) Structural equation modeling (SEM)

SEM is a technique that includes a series of multivariate
analysis methods such as regression analysis, factor analysis,
and variance analysis. It is actually a statistical model and
method for multivariate analysis by means of hypothesis
testing. In order to explore the relationship between oral lan-
guage teaching and latent variables, we can build a causal
relationship model and confirm whether the model holds
through statistical tests [20]. SEM can discover unrecognized
conceptual relationships and reflect the element informa-
tion. The main difference between SEM and path analysis
is that the complete SEM includes measurement relation-
ships, and the analysis process of SEM is shown in Figure 2.

The relationship between latent variables in our SEM
will be defined as

n=pn+I&+q. (1)

In equation (1), #,B,&¢eR I'eR”". Recursive
relations are represented by partial least squares (PLS), as
shown in

r]jZZﬁjini+Zalel+qj' (2)
i I

B;; and &, are the coefficients linking predicted endoge-
nous variables with exogenous latent variables, while ¢; is
the endogenous residual variable.

3
(’71> < 0 0) (’71) (511 P 813) (C1>
= + & |+ .
M By O M 8 8y Oy G2
3
(3)
Combining equation (2), we can get

n=(-B) ' T+ (I-P)¢= "¢ +c. (4)
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TaBLE 1: Latent variables and metrics in the model.

Latent variables Metrics

Necessity awareness A,
. Practical awareness A,
The degree of course cognition A
Importance awareness A,
Expandability awareness A,
Learning interest B,
. . Course difficulty B,
Learning behavior B T
Rn-class learning initiative B,
Extracurricular expansion learning initiative B,
Theoretical knowledge mastery degree C,
Learning thinking formation C,,
The degree of knowledge mastery C & . § 2
Oral proficiency level C,

Knowledge system construction degree C,
Degree of participation in theoretical learning D,
) ) Degree of participation in oral practice D,
Teacher-student interaction D o o )

Degree of participation in communication with classmates after class D,
Degree of participation in communication with teachers after class D,
Satisfaction of teaching content E,

o Satisfaction of teaching method E,
The measurement of course satisfaction E ] ] } ]
Satisfaction of teaching logic E;

Satisfaction of teacher level E,

Exploratory factor analysis(EFA)

Model split

l not to

standard
Confirmatory factor analysis(CFA) Path analysis

l

Structural equation modeling(SEM)

Linear regression

Set up measurement relationships

Set up influence relationships Influence relationship

adjustment

Model checking and tuning

Automatic adjustment of
covariance relations

FIGURE 2: Analysis process of SEM.

The relationship between the observed variable and the The weight relationship is shown in
latent variable is defined as

& = Zwlkxlk’ 1, = Zwihyih' (6)
x T
x=N\+te,y=/\+e,. (5)
3 n

Based on the basic idea of SEM, we can draw the specific
calculation process as shown in Figure 3.
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TaBLE 2: Descriptive statistical analysis.
Index MAX MIN SD  Average Kurtosis Skewness
Ay 5 1 1.352 3.675 -0.488 -0.358
A, 5 1 1.154 3.557 -0.460 -0.533
A, 5 1 1.315 3.699 -0.635 -0.822
A, 5 1 1.221 3.569 -0.143 -0.571
B, 5 1 1.179 3.692 -0.248 -0.624
B, 5 1 1.095 3.883 -0.577 -0.528
B, 5 1 1.122 3.865 -0.425 -0.508
B, 5 1 1.123 3.682 -0.866 -0.304
C, 5 1 1.135 3.425 -0.043 -0.177
C, 5 1 1.203 3.435 -0.149 -0.705
Cs 5 1 1.140 3.548 -0.789 -0.468
C, 5 1 1.188 3.319 -0.713 -0.377
D, 5 1 1.209 3.433 -0.724 -0.372
D, 5 1 1.185 3.468 -0.842 -0.363
D, 5 1 1.233 3.589 -0.745 -0.372
D, 5 1 1.208 3.453 -0.102 -0.381
E, 5 1 1.266 3.618 -0.683 -0.379
E, 5 1 1.153 3.879 -0.686 -0.413
E, 5 1 1.168 3.625 -0.782 -0.483
E, 5 1 1.293 3.657 -0.657 -0.535

(2) Model parameter estimation method based on PLS

PLS is a multivariate statistical data analysis method,
which projects the high-dimensional data space of the
independent variable and the dependent variable into the
corresponding low-dimensional space and establishes the
univariate linear regression relationship between the eigen-
vectors of the independent variable and the dependent
variable. Not only does it overcome the collinearity problem
but also it removes the effect of unhelpful noise on the
regression, allowing the model to contain a minimal number
of variables.

PLS is often used to compensate for the limitations of
SEM to better estimate model parameters. The external esti-
mation is that the latent variables &, and 7, are estimated by
the linear combination of the i and / groups of measurable
variables x; and y,, respectively, denoted as X, Y. Let wy,
wjy, be the external weights; then, the external estimation of
the latent variable can be expressed as

X = szkxlks Y;= Zwih)’ih- (7)

The calculation process of internal estimation P; and Q,
is shown in

Py eyX), Q) ey Vi (8)

In equation (8), cc means to compress the data. e, e,
are internal weights; they represent the sign function value
of the latent variable and its internal estimated correlation
coefficient: e, = sign (cov (X, X)), e, = sign (cov (Y, Y})).

The weight coefficient wy, and w;, are very important in
the PLS algorithm, and there are currently two methods that
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TaBLE 3: Reliability and validity analysis.
Latent Cronbach’s ~ Composite Average variation
variables o reliability extraction
A 0.863 0.823 0.521
B 0.854 0.864 0.529
C 0.878 0.814 0.543
D 0.863 0.825 0.577
E 0.907 0.680 0.442
TaBLE 4: Variable discriminant validity analysis.
A B C D E
A 0.763
B 0.425* 0.774
C 0.427*" 0.426*" 0.822
D 0.336"" 0.357** 0.224"" 0.792
E 0.531** 0.442*" 0.479** 0.496™" 0.824

Note: **P < 0.01.

can be used to estimate them. wy and w;, are covariance
coeflicients of the measurable variables (x, y,,) with respect
to the standardized quantities (P, Q;), respectively, as shown
in

Wy = COV (x> Pp), wy, = cov (v, Q;). )

In the second method, the weights are the regression
coeflicient vectors of (P}, Q;) with respect to the measurable
variables, as shown in

-1 -1
w = (X,'Xl) XIPpw, = (Ylfyl) YIQ.. (10)

The iterative algorithm of PLS is summarized as follows.

Step 1. Assign the initial weights arbitrarily; for example,
one of them can be set to wy, = 1, and the other weights can
be set to 0.

Step 2. Calculate new weights (wy, w;,).

Step 3. Determine whether the new weights satisfy the
convergence formula: |wy —wy,,| <107%,  |wy, — Wy | <
107, If the condition is met, go to step 4; if not, go to step 1.

Step 4. &= Yy Xyl Ly 1= X @iy L@y §o and
1, are estimated values.

Step 5. Substitute the estimated values for the original
values of the latent variables, and then, use PLS regression
to estimate the model parameters.

3. Experimental Results and Analysis

In order to obtain the accuracy of the research conclusions
and be closer to the actual situation of ESI, this paper distrib-
utes questionnaires in the School of Foreign Languages of
Tianjin University to obtain sample data in the form of
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research. A total of 290 questionnaires were distributed this
time, 243 questionnaires were recovered, 235 questionnaires
were valid, and the effective rate was 81%. In this paper,
descriptive statistical analysis, reliability and validity tests,
and structural equation modeling are used to verify and ana-
lyze the sample data. Descriptive analysis is to test sample
data through indicators such as mean and frequency. Reli-
ability and validity analysis can further verify the scientific
validity of the scale.

3.1. Descriptive Analysis. Descriptive analysis of the items of
the scale is shown in Table 2.

It can be seen from Table 2 that the maximum, mini-
mum, average, standard deviation, skewness, and kurtosis
of the 20 items basically satisfy the normal distribution.

3.2. Reliability Analysis. Reliability refers to the consistency,
stability, and reliability of questionnaire results. There are
many methods of reliability evaluation, and Cronbach’s «
coefficient is more suitable in this paper, which is also
known as comprehensive reliability. The observed variables
corresponding to the same latent variable shall be consistent
in theory, and Cronbach’s « is used to measure the consis-
tency between the observed variables corresponding to the
same latent variable. The coefficients of this paper are
greater than 0.7, indicating that the statistical data in this
paper have good reliability, and the selection of items meets
the requirements. The specific calculation results are shown
in Table 3.

3.3. Validity Analysis. Validity is used to evaluate whether
the observation variables designed in the questionnaire mea-
sure the latent variables well. This paper ensures the content
validity of measurement variables by reading literature and
consulting experts and scholars. Construct validity is used
to measure the measurement of multiple indicators, includ-
ing aggregate validity and discriminant validity.

According to Table 3, the compositional reliability of the
five variables ranged from 0.68 to 0.864, and the average
amount of variation extraction ranged from 0.442 to 0.577,
indicating good aggregation validity.

In this study, the AVE method was used to test the dis-
criminant validity. If the open root of AVE of each factor
is greater than the correlation coefficient, it indicates that
the discriminant validity is good. After calculation, the
detailed data are shown in Table 4. According to the data
in Table 4, the open square root values of AVE of the five
variables are greater than the correlation coefficients of rows
and columns. The coefficient between the degree of course
cognition and satisfaction is 0.531, the coefficient between
learning behavior and satisfaction is 0.442, the correlation
coefficient between the degree of knowledge mastery and
satisfaction is 0.479, and the correlation coefficient between
teacher-student interaction and satisfaction is 0.496, indicat-
ing that the five variables are significantly related to
satisfaction.

3.4. Model Test

(1) Main effect test
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FIGURE 4: Structural equation initial model.

TaABLE 5: Fitness index.

Index Standard Result
Chi-square 1567.806
SRMR <0.08 0.012
Norm chi <5 4234
GFI >0.9 0.957
RMSEA <0.08 0.023
NNFI >0.9 0.965
IFI >0.9 0.970
TABLE 6: Model path coefficient.
Relationship Stan@ardized Nonsta\.ndardized t
estimates estimates value
E<---A 0.321 0.426 5.841
E<---B 0.197 0.298 6.147
E<---C 0.252 0.194 4.762

Based on the previous research, the initial model of
structural equation is established. Studying the relationship
between latent variables is the key to building the initial
model, as shown in Figure 4.

Then, we use AMOS23.0 to test, and Table 5 includes
details. The calculation results show that each fitness index
meets the standard and has good fitting.

According to the statistical table of the model path coef-
ficient in Table 6, the standardized coeflicients of the degree
of course cognition, learning behavior, and the degree of
knowledge mastery and course satisfaction are 0.321, 0.197,
and 0.252, respectively, and P < 0.001, indicating that these
three endogenous variables have a direct positive impact
on curriculum satisfaction and classroom effect, and the
hypothesis is valid.

(2) Adjusting effect test: hierarchical regression

It can be seen from Table 7 that the R* of the three
endogenous variables are 0.422, 0.290, and 0.575, respec-
tively, indicating that the fitting degree of the model is high.
The statistical results such as F value reveal that the overall
regression effect of variables on curriculum satisfaction is
significant. The regression coefficients of variables on
curriculum satisfaction in the context of teacher-student
interaction are 0.293, 0.362, and 0.257, respectively, showing
that the significant positive regulatory effect of D is
established.

Figure 5 summarizes the analysis results of the PLS-SEM
method in this paper. According to the above analysis, the
research hypotheses of this paper are valid. Students’ class-
room perception, learning habits, mastery, and classroom
satisfaction are very important to the improvement of ESI.



TaBLe 7: Adjustment test of teacher-student interaction on
variables.

. Course satisfaction
Testing parameters

A B C
Variable * D 0.293** 0.362°* 0.257**
R? 0.422 0.290 0.575
R gjusted 0275 0371 0.394
F value 32056 22.056***  36.167***
VIF <1.361 <1257 <1.146
DW 2.147 2022 2034

Note: **P <0.01; ***P <0.001.

Positive teacher-student communication will play a signifi-
cant positive regulatory role between these three variables
and classroom satisfaction and play a prominent role in
the development of ESI.

4. Improvement Measures of ESI

The development of technology and the Internet has
brought about significant changes in education, and the
emergence of artificial intelligence has provided a new
technical support and resource platform for teaching and
evaluating spoken English in college. An intelligent speech
system is a product of Al background, which provides tech-
nical support and learning platform for English speaking
learning through AI technology. Through the questionnaire
survey and the previous discussion, the teaching of spoken
English in college should be based on strengthening the
communication and interaction between educators and edu-
cated people, and the intelligent teaching of spoken English
in college should be realized through the intelligent speech
system. Therefore, this paper proposes the improvement
and optimization of college ESI from three perspectives:
learning resource acquisition, intelligent speech system
interaction, and intelligent evaluation of speaking teaching.

Learning resources determine students’ motivation and
self-motivation. Learning is a long-term, complex cognitive
process, and traditional fill-in-the-blank education is gradu-
ally being eliminated with the development of information
technology, making it difficult for students to construct a
knowledge system efficiently and to have high quality in a
single solidified learning. If we can organically integrate
learning contents, activities, difficulties, question types and
evaluation systems, and design learning resources that are
novel and close to life and current events, we can promote
students’ interest in independent learning. The development
of technology makes it more convenient for students to
obtain resources from the Internet, and teachers can also
obtain oral learning resources in rich and varied forms.
Learning methods include dubbing, reading along, and
human-computer dialogue. By building a reasonable person-
alized learning platform through the intelligent speech
system, a variety of high-quality speaking practice resources
from all over the world can be efficiently accessed. By frag-
menting English learning resources, a great movie clip, a
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celebrity speech, or an English class program can be used
to help students expand their knowledge and learn as much
as possible about the customs of native English-speaking
countries in non-English speaking countries.

The intelligent speech system platform can provide a
new platform for teaching spoken English. The traditional
speaking classroom is full of situations where the teacher
instills knowledge in the classroom and students bury their
heads in notes, which in the long run will demotivate
students and defeat the fundamental purpose of speaking
teaching. With the support of the intelligent speech sys-
tem, students have more diverse channels to acquire
knowledge, and the teacher’s role changes from being the
authoritative instructor and the only source of knowledge
to being the guide of learning and the organizer of class-
room activities. In the speaking practice session, the
teacher no longer just lectures but encourages students to
complete the corresponding tasks through cooperation
and debate by setting tasks. By highlighting the students’
main position, the teaching objectives are achieved. In
the intelligent speech system platform, the teacher needs
to assign preclass pretraining tasks for students, and stu-
dents download the materials through the platform and
study according to the task list. Any questions can be
asked on the platform at any time, and the teacher and
other students can answer for them. The integrated con-
struction before, during, and after class continues the
speaking practice time and reduces the difficulty of
teachers” speaking teaching. With speaking practice as an
output language, teachers need to assign diverse tasks
according to students’ ground base, interest range, and
topical questions and integrate movie dubbing, role play,
English songs, speech debates, etc. into the teaching activ-
ities. Students can actively experience pronunciation skills
in topics of interest, including alliteration, swallowing,
and flashing. Teachers can also rely on the digital teaching
platform to assign review tasks and assignments as a way
to urge students to consolidate and improve their knowl-
edge, thus achieving the purpose of teaching speaking.

The evaluation of learning effect is an effective driving
force to promote students’ active learning. With the help of
the intelligent speech system, students can get rid of the lim-
itation of classroom and textbook, and the online and offline
teaching has greatly changed the way of oral teaching evalu-
ation. With the help of big data technology, students’
individual differences are highlighted, and the results are
made more objective and scientific by teacher evaluation,
intelligent speech system scoring, and student self-
evaluation. The evaluation content also changed from a
single voice intonation to learning attitude, pronunciation
skills, emotional engagement, and knowledge expansion. At
the same time, with the assistance of the intelligent speech
system, prereading and review, independent learning, and
online oral expression are recorded on the digital online
platform. The teacher is able to make a comprehensive score
based on the formative assessment recorded by the system
and the summative assessment in the final exam, which
can effectively improve the students’ oral learning
performance.
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FIGURE 5: Results of PLS-SEM analysis.

It provides all-round assistance for college English
speaking learning from three perspectives: resource acquisi-
tion, application of the intelligent speech system platform,
and evaluation of speaking ability, integrates speaking
learning into daily life, gives full play to the utility of the
intelligent speech system, and then gives feedback into
course teaching through the teacher’s end to effectively opti-
mize college ESI.

5. Conclusion

The factors affecting ESI are complex and numerous, and
they interact with each other, ultimately acting on students’
course satisfaction and teaching effectiveness. In order to
ensure the rationality and scientificity of teaching evaluation
and improvement, this paper adopts the PLS-SEM method
to deeply analyze the influencing factors of ESI and finally
find out the improvement path based on the intelligent
speech system. We have obtained three endogenous vari-
ables: the degree of course cognition, learning behavior,
and the degree of knowledge master, as well as an important
regulatory variable teacher-student interaction, and the eval-
uation of ESI is reflected by the measurement of course
satisfaction. The results of the study showed that endoge-
nous variables were strongly and positively correlated with
course satisfaction and that faculty-student communication
played a nonnegligible positive moderating role. Combined
with the statistical analysis results, taking improving stu-
dents’ classroom satisfaction as the main line, on the basis
of actively promoting the communication between teachers
and students, focusing on improving positive classroom per-
ception, learning habits, and students’ mastery, and relying
on the intelligent speech system, builds a multidimensional

ESI promotion system, which is significant for improving
students’ speaking skills.

Due to the limitations of the research conditions, the
evaluation method in this paper can be improved. The eval-
uation data in this paper uses the traditional questionnaire
method, but nowadays, intelligent speech systems have a
variety of functions that can be combined with methods
such as deep learning, and indicators such as classroom
communication can then be judged by expression recogni-
tion methods. We hope to include more objective methods
in subsequent studies to enhance the scientific nature of
the study.
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