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Constructing a Demand-Driven College English Learning 
Environment in Higher Education Institutions
Yan Chang

Basic Teaching Department, Huang He Jiao Tong University, Jiaozuo, Henan, China

ABSTRACT
This paper aims to introduce a new approach to enhance col-
lege English learning through an intelligent method that con-
structs a learning environment from a demand analysis 
perspective. The proposed model utilizes a bionic algorithm to 
structure the algorithm and adopts a highly efficient energy 
generation method to calculate the interaction energy. This 
study aims to find the optimal solution to the constraint pro-
blem by using a process of continuous generation, expansion, 
and replacement of magnetosomes. The methodology 
employed in this research involved constructing the college 
English learning environment in colleges and universities from 
a demand analysis perspective. This was achieved by analyzing 
the needs and requirements of college students and designing 
an ecological virtual learning environment (EVLE) that meets 
their demands. The findings of this study indicate that the 
proposed EVLE for college English is effective in improving the 
effectiveness of college English learning. The experimental ver-
ification results support the effectiveness of the proposed 
model in creating an interactive and engaging learning envir-
onment that facilitates the acquisition of English language skills. 
It is an innovative approach to college English learning that 
utilizes intelligent methods to construct a demand-driven learn-
ing environment that enhances students’ learning outcomes.
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Introduction

At present, while enjoying the fruits of rapid economic and social develop-
ment, people also appear impetuous and eager for quick success. In this big 
atmosphere, as members of society, we will be somewhat “indoctrinated” 
a little bit. At the same time, we are more or less utilitarian when we consider 
problems, and lack a kind of natural tranquility of humanistic care. It is also 
very likely to affect family members and school members and indirectly affect 
the motivation and enthusiasm of students to study, or directly affect the 
motivation of students to study.

CONTACT Yan Chang, 2017021501@zjtu.edu.cn Basic Teaching Department, Huang He Jiao Tong 
University, Jiaozuo, Henan 454950, China

APPLIED ARTIFICIAL INTELLIGENCE                    
2023, VOL. 37, NO. 1, e2211459 (1441 pages) 
https://doi.org/10.1080/08839514.2023.2211459

© 2023 The Author(s). Published with license by Taylor & Francis Group, LLC.  
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/ 
licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly 
cited. The terms on which this article has been published allow the posting of the Accepted Manuscript in a repository by the author(s) 
or with their consent.

http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/08839514.2023.2211459&domain=pdf&date_stamp=2023-05-11


In addition, many things in the family, including family harmony, eco-
nomic status, learning atmosphere, etc., all affect students’ mood and learning 
initiative (Yuliansyah and Ayu 2021).Whether it is the quality of hardware 
facilities such as campuses, classrooms, and teaching equipment, or whether 
the software conditions such as school ethos, teaching staff (Liu, Wang, and 
Saravanan 2021).

At present, from the perspective of educational environment, the school 
environment is the learning environment in a narrow sense. Education and 
cultivating talents are not the responsibility of the school, let alone its 
power. It is necessary to coordinate the forces of schools, families, society 
and other parties to shape an effective school environment and work 
together for the healthy and sustainable development of China’s education. 
When relying on the family, there is nowhere to be scattered. In addition, 
when relying on social coordination, it is complex and has a large time 
span. Therefore, only by relying on the platform of the school to lead and 
shape an effective learning environment, can the functions of “organizing 
the thread” and “tying the pigtails” be better performed (Apriani and 
Hidayah 2019).

In this regard, the school adopts monthly sampling, annual coverage and 
event triggering methods to implement it, and focuses on equal communica-
tion with parents, so that it can abandon the wrong idea of “sending a child to 
the school is in a safe, and let them ignore it by themselves” (Godwin-Jones  
2018). Recognize the importance and rigor of the student learning environ-
ment. Encourage them to actively invest in the construction (Pérez-Paredes, 
Ordoñana Guillamón, and Aguado Jiménez 2018).

At the same time, the only-child generation has also made them develop 
some bad habits such as selfishness and self-righteousness, as well as the 
temptation of mobile phones, Internet, games, etc (Bin et al. 2019). Teachers 
innovate teaching ideas, teach students in accordance with their aptitude, and 
at the same time, improve management, communicate with parents in a timely 
manner, and jointly teach students to jointly guide students to play the positive 
role of mobile phones (Todd 2020).

The learning community formed by different learners according to certain 
needs is an organic group, and various supportive conditions. All learners 
interact with various supportive conditions and form an ecosystem with 
specific functions (AlGhamdi 2018). therefore. The virtual learning environ-
ment can realize its ecological representation. EVLE refers to a learner- 
centered environment that can reflect the basic laws and principles of ecology, 
possess the ability of self-regulation, self-improvement, and self-development. 
The integration of various factors that directly or indirectly affect a learner’s 
learning. Like the human ecological environment, the “lack of resources” will 
cause the “desertification” of the virtual learning environment. “Information 
pollution” will cause an “ecological crisis” (Xu and Shi 2018). The 
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establishment of an effective control mechanism can make the organization 
more reasonable, the function is more optimized (Toto and Limone 2021).

Systematism emphasizes the interrelationship, interaction and functional 
unity of the elements that make up the system. EVLE is a functional entity 
formed by the interaction of learners and various supporting conditions. It is 
the integration of many constituent elements and is systematic. A well- 
systematic and EVLE. Its various ecological factors are interdependent and 
conditional on each other, which can realize the unification of functions and 
functions, and help to optimize the overall function of the system (Meng-Yue, 
Dan, and Jun 2020). For example, in a virtual learning environment. The 
arrangement of learning resources should be consistent with the design of 
learning activities, and the selection of learning strategies should be consistent 
with the design of learning content and activities. In this way, learners can feel 
smooth and coherent when learning, so as to absorb knowledge to the greatest 
extent and construct an understanding of the meaning of knowledge 
(Rinantanti, Bin-Tahir, and Suriaman 2019).

Balance refers to the ecological balance of the virtual learning environment. 
That is, a state in which the learners and the virtual learning environment and 
the ecological factors in the learning environment are highly adapted and 
coordinated in all aspects within a certain period of time. At this time, the 
internal structure and external functions of the virtual learning environment 
are relatively stable. An excellent EVLE should have a good balance. Thus, the 
resource advantage in the network learning environment can be maximized 
(Shadiev and Yang 2020). The ecological balance of virtual learning environ-
ment is a dynamic balance, and the influence of various internal and external 
factors may break this balance. Cause the ecological imbalance of the virtual 
learning environment, and even the outbreak of ecological crisis. For example, 
in a virtual learning environment. The number of learners and facilitators 
should always be kept in a certain proportion, so as to achieve a balance 
between the instructional needs of the learners and the instructional ability 
of the facilitators. At this time, the learning effect of learners and the utilization 
of human resources will be optimized. Once this balance is broken, the 
ecological imbalance of the virtual learning environment will be caused, 
resulting in a decline in the learning effect of learners or waste of human 
resources (Khasawneh 2021).

EVLE is a subset of human social ecological environment. At the same time, 
it is the product of a very open network virtual world, so it is not a closed 
system. It is open and requires constant exchange of matter, energy and 
information with the outside world (Hollenstein et al. 2018).

Self-organization is the ability of self-regulation, self-improvement and 
self-development of the system itself. In the EVLE, the formation of its self- 
organization ability should be realized through the design of the core 
monitoring and adjustment mechanism, which can be monitored manually 
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or by artificial intelligence. E.g. When the system finds that the learner 
encounters learning difficulties through monitoring. The cause of the 
problem can be analyzed by a diagnostic system is the lack of learning 
resources. There is also a problem with teaching strategies. Or learning 
activities are not properly arranged: and then take action based on the 
analysis results. Or adjust the learning content, or change the teaching 
strategy. Or provide learners with individualized guidance and assistance, 
and ultimately solve problems and improve the virtual learning environ-
ment (Xiao-Dong and Hong-Hui 2020).

The proposed method in this article presents several novel contributions to 
the field of college English learning. Firstly, the method utilizes a bionic 
algorithm inspired by, which has not been previously applied in the context 
of language learning. This algorithm is highly efficient in generating optimal 
solutions to complex constraint problems.

Secondly, the proposed model employs a demand analysis perspective to 
construct the college English learning environment. This perspective empha-
sizes the importance of meeting the specific needs and requirements of college 
students, which can vary greatly depending on factors such as their level of 
English proficiency, learning styles, and cultural backgrounds.

Thirdly, the model uses an ecological virtual learning environment (EVLE), 
which integrates various digital tools and resources to create an interactive and 
engaging learning environment. The EVLE allows for personalized learning 
experiences that can be adapted to individual student needs and preferences.

The added value of this article lies in its contribution to the field of college 
English learning by introducing a new approach that leverages intelligent 
methods, demand analysis, and technology to enhance learning outcomes. 
The experimental verification results provide evidence of the effectiveness of 
the proposed EVLE for college English, which can be applied in various 
educational settings to improve language learning. Overall, this article pro-
vides a valuable contribution to the field and offers new insights into the 
design and implementation of effective language learning environments.

Model Algorithm

Bacterial Bionic Algorithm

Among the various forms of, the most special form exists in multicellular 
aggregates. Through further study on the morphological structure of such 
magnetotactic microorganisms, they are called multicellular magnetotactic 
prokaryotes. Most of the MMPs currently found in appearance are round. 
The number of magnetosomes contained in each cell of multicellular magne-
totactic prokaryotes is as high as 50, and they mainly exist in the form of iron 
sulfide type single magnetic domain crystals. They are distributed at the cell 
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edge in planar arrays of two to five strands in the cytoplasm in a planar 
population and according to certain rules, as shown in Figure 1.

If the remanent magnetic moment carried by each bacterial cell i is denoted 
as ~μi. In magnetism, the ratio of remanence at saturation magnetization is 
often used to characterize the magnetic domain state of particles. Here, we 
have 

Mr

Msat
¼
~μMMP

�
�

�
�

μsat
MMP

¼

P

i
~μi

�
�
�
�

�
�
�
�

P

i
~μi

�
�
�
�

(1) 

If the degree of magnetic optimization is denoted as DMO, we have 

DMO ¼

P

i
~μi �~μMMP

P

i
~μi �~μMMP

�
�

�
�

(2) 

Formula (2) is a normalization process that represents the maximum dipole 
used under the constraint that the chain shaft is fixed in space. The numerator 
term represents the actual contribution of each dipole ~μi to the generation of 
the residual magnetic moment ~μMMP, that is, the actual dipole used to generate 
the residual magnetic moment ~μMMP.

Each magnetosome chain is regarded as an infinitely long cylinder in the 
magnetic field B, then the model used to estimate the interaction force 
between two parallel bacterial cells is shown in Figure 2. Among them, 
H represents the distance from one cylinder surface to another cylinder sur-
face, and D represents the diameter of the cylinder. In this way, the energy Em 
stored by the can be estimated according to formula (3). 

Figure 1. All magnetic crystals in MMP have the same polarity.
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Em ¼ � M � B ¼ � MB cos θ (3) 

The Basic Principle of the Optimization Algorithm of Magnetic Bacteria

We assume that the interaction energy between two cells in multicellular 
magnetotactic prokaryotes can be calculated as: 

En;m ¼
1
2

En þ Emð Þ (4) 

Among them, n and m are the number of magnetosomes in the two cells, 
respectively, that is, n=m, when the energies of the two selected cells are also 
equal, that is, there is En ¼ Em, there is 

En;m ¼ En ¼ Em (5) 

According to formula (3), the energy Em of each cell can be estimated. If the 
orientation of the magnetic field is ignored, there is 

Em ¼ ~M �~B ¼ M � B� cos θ (6) 

E ¼
D

1þ n� Dþm� D

� �3

(7) 

Based on the above description, the following definitions are made for the 
optimization algorithm of magnetic bacteria:

Definition 1: If L is used to represent a feasible solution of the optimization 
problem to be solved, then bacterial cell C 2 Xm is an eigenvector of L, and X is 
a set of feasible solutions.

Figure 2. Model for estimating the force between two parallel bacteria.
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Definition 2: The is composed of a group of cells, and CN is regarded as one 
of the cell populations, that is, the feasible solution of the problem to be 
optimized, and N is the size of the cell population.

Definition 3: The function Dðx; yÞ : X! R represents the distance between 
two cells in the MMP, the function EðDÞ : R! E of the distance D represents 
the interaction energy between the cells in the MMP, and the moment M is 
generated by the interaction between the cells and the magnetic field.

Definition 4: For the search and optimization process of the solution of the 
optimization problem to be sought, we can use a ternary function 
Ψ ¼ MG;ME;MRð Þ CN ! CNð Þ to represent it, which can be expressed in the 
following form: 

Ψ ¼ MG
n �ME

n �MR
n (8) 

Definition 5: The magnetic bacteria optimization algorithm is an optimiza-
tion algorithm based on the torque principle of the magnetosome to find the 
optimal solution of the problem, and MBOA ¼ ðL;Ψ;TÞ is ternary. Among 
them, L : Φ! CN; JNf g is the function of generating the cell population and 
calculating the corresponding cost J, and T : CN ! ðtrue; falseÞ is the termi-
nation condition.

Based on the previous description, it can be concluded that the magnetic 
bacteria optimization algorithm generally includes the following five processes:

Initialization
The initial population of the magnetic bacteria optimization algorithm con-
sists of n randomly generated L-dimensional real vectors. We can let 
Xi ¼ xi1; xi2; . . . ; xij; . . . xiL

� �
(among them, there is 

i ¼ 1; 2; . . . ; n; j ¼ 1; 2; . . . ; L) represent bacterial cells of the i-th generation. 
The way of random generation is as expressed in formula (9) 

xij ¼ xmin þ rand� xmax � xminð Þ (9) 

Among them, xmax and xmin are the upper and lower bounds of randomly 
generated bacteria xij, respectively, and rand is a random value in (0,1).

Calculation of the Interaction Energy Between Cells
Before the interaction between bacterial cells can be calculated, the distance 
between cells is defined as follows: First, two bacterial cells are randomly 
selected from the generated population and denoted as Xr1;Xr2 respectively. 
Among them, there is r1; r2 2 ð1; ::; i; . . . ; nÞ. D is defined as the distance 
between two bacterial cells and it is calculated as follows 
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D Xr1;Xr2ð Þ ¼ norm Xr1 � Xr2k k (10) 

Among them, normðDÞ is the Euclidean length of two bacterial cells.
The interaction energy Ei ei1; ei2; . . . ; eiLð Þ produced between bacterial cells 

can be calculated according to the following formula 

eijðtÞ ¼
dr1;r2ðtÞ

1þ c1 � DðtÞ þ c2 � dr1;r2ðtÞ

� �3

(11) 

dr1;r2 ¼ xr1;j � xr2;j in the formula represents the difference between xr1;j 
and xr2;j in bacterial cell Xr1;Xr2, and c1 and c2 are both constants.

The Production of Magnetosomes
Here, for the convenience of analysis, a simplification work is to be done. If it 
is assumed that the overall moment of the magnetosome is parallel to the 
generated magnetic field, there is cos θ ¼ 1. According to the above equation 
E ¼ ~M �~B ¼ M � B� cos θ, that is E ¼ M � B. The formula for calculating 
the torque can be obtained as follows 

MiðtÞ ¼
EiðtÞ

B
(12) 

If the total moment is assumed to be Mi ¼ mi1;mi2; . . . ;miLð Þ, the moment 
of the magnetosome can be specified as follows 

xiLðtÞ ¼ xpqðtÞ þmpqðtÞ � rand (13) 

Among them, p and q are randomly selected from sets f1; 2; . . . ; ng and 
f1; 2; . . . ; Lg, respectively, and rand is a random value in (0,1).

Magnetosome Scale Expansion
After the magnetosomes in bacteria are produced, they will expand in 
scale in the following way: We set the magnetic field strength B = 3. If 
there is rand>0.5, the magnetosomes in bacteria will scale up in the 
following way 

Xiðt þ 1Þ ¼ XbestðtÞ þ XbestðtÞ � XiðtÞð Þ � randð1; LÞ (14) 

Otherwise, the way it expands is 

Xiðt þ 1Þ ¼ XiðtÞ þ XbestðtÞ � XiðtÞð Þ
�randð1; LÞ (15) 

Among them, randð1; LÞ is a randomly generated L-dimensional vector, 
and each dimension value of it is between 0 and 1.
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Replacement of Magnetosomes
After the magnetosome is expanded in scale, it is possible to produce some 
magnetosomes with better torque than before the expansion. Based on the 
principle of optimization, some previous magnetosomes with less torque will 
be replaced by these magnetosomes with better torque. The change of the 
magnetosome moment follows the following form 

Xiðt þ 1Þ ¼ mpqðtÞ � ðrandð1; LÞ � 1Þ � randð1; LÞ (16) 

Among them, p and q are randomly selected from sets f1; 2; . . . ; ng and 
f1; 2; . . . ; Lg respectively, randð1; LÞ is a randomly generated L-dimensional 
vector and the value of each dimension is between 0 and 1.

By comparing the steps of the above magnetic bacteria optimization algo-
rithm, we can obtain the flow chart of the magnetic bacteria optimization 
algorithm shown in Figure 3.

The evolution strategy chooses the form of decimal real numbers to describe 
the problem. Correspondingly, the mutation operation can be divided into two 
forms: binary and ternary:

1) Binary expression. In this method, the individual consists of two aspects: 
one is the target variable part X, the other is the standard deviation part σ, both 
of which include n components: 

ðX; σÞ ¼ x1; x2; � � � ; xnð Þ; σ1; σ2; � � � ; σnð Þð Þ (17) 

The relationship between X and σ is: 

σi
0 ¼ σi � exp τ � Nð0; 1Þ þ τ � Nið0; 1Þð Þ

xi
0 ¼ xi þ σi

0 � Nið0; 1Þ

�

(18) 

Among them, τ is the global coefficient, which is often taken as 1, and the 
random values N(0,1) and Nið0; 1Þ both obey the standard normal distribu-
tion, but the latter is generated for the i-th component.

2) Ternary expression. This method incorporates a factor called the coordi-
nate rotation angle α based on the binary representation to improve the 
convergence rate of the evolution strategy: 

ðX; σ; αÞ ¼ x1; x2; � � � ; xnð Þ; σ1; σ2; � � � ; σnð Þ; α1; α2; � � � ; αnð Þð Þ (19) 

The relationship between Xσ and α is: 

σi
0 ¼ σi � exp τ � Nð0; 1Þ þ r � Nið0; 1Þð

αj
0 ¼ αj þ β � Nið0; 1Þ

xi
0 ¼ xi þ zi

8
<

:
(20) 

Among them, αi is the rotation angle between the components of the i-axis 
and j-axis of the parent individual, which reflects their covariance. αj is the 
rotation angle of the offspring individuals between the components of the 
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Figure 3. Flowchart of the optimization algorithm for magnetic bacteria.
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i-axis and the j-axis, β is a constant coefficient, and zi depends on the normally 
distributed random numbers of σ and α.

Since the global optimum can be achieved when the initial step size of ES is 
close to 0, in order to move better in the search space, the initial step size of 
each individual in the initial population is initialized according to the follow-
ing formula 

σið0Þ ¼ 0:4�
Δxi
ffiffiffi
n
p

� �

(21) 

In the formula, n is the number of decision variables, xu
i � xl

i is the upper 
and lower boundaries of decision variable i, and Δxi � xu

i � xl
i is an approx-

imate value. The flowchart of the simple multivariate evolution strategy is 
shown in Figure 4.

If the size of the group is set to be N; f xið Þ represents the fitness of xi, the 
probability of xi being selected is: 

p xið Þ ¼ f xið Þ=
XN

j¼1
f xj
� �

(22) 

The flowchart of the genetic algorithm is shown in Figure 5.

Figure 4. Flowchart of a simple multivariate evolution strategy.
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Differential Evolution (DE) is based on differential calculation to carry out 
relatively easy mutation. It chooses a point-to-point competition method, and 
can dynamically track the optimization situation by relying on its unique 
memory ability to adjust the optimization method at any time. Similar to the 
steps of other evolutionary methods, it is also divided into three operations: 
mutation, crossover and selection.

(1) Each xi will create a mutant individual vi ¼ vi1; vi2; � � � ; viNð Þ in the 
following way, 

vij ¼ xr1j þ F xr2j � xr3j
� �

; j ¼ 1; 2; � � � ;N (23) 

Among them, NP is the population size, N is the spatial dimension, 
XðtÞ ¼ x1; x2; � � � ; xNPf g and xi ¼ xi1; xi2; � � � ; xiNð Þ

T are the current population 
and the i-th individual in the population, respectively. Meanwhile, 
xr1 ¼ xr1 ; xr1 ; � � � ; xr1Nð Þ

T
; xr2 ¼ xr21; xr2 ; � � � ; xr2Nð Þ

T and xr3 ¼ xr31; xr32; � � � ;ð

Figure 5. Flowchart of Genetic Algorithm.
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xr3NÞ
T are three individuals randomly selected from the population and have 

r1�r2�r3�i; F is a variation factor between 0 and 2.
(2) The parent individual xi and the variant individual vi can be crossed to 

obtain the test individual ui according to the following methods: 

uij ¼
vijj ¼ j� randorrand½0; 1� � CR
xijj�j� randandrand½0; 1�>CR

�

(24) 

The setting of the integer j_rand in [1,N] makes the test individual get at 
least one element from the mutant individual.

(3) Differential evolution adopts the greedy selection strategy of selecting an 
individual xi0 with the best fitness value from all parent individuals and test 
individuals to enter the next generation, and the fitness function is recorded as 
fitnessð�Þ, then there are 

xi
0 ¼

xi iffitness xið Þ< fitness uið Þ

ui otherwise

�

(25) 

The flowchart of the differential evolution algorithm is shown in Figure 6.
Particle Swarm Optimization (PSO) is a process of simulating the process of 

bird flock searching for the best position by repeatedly iterating the process of 
obtaining the optimal particle solution.

We might as well assume that the “solution space” is an N-dimensional 
search space.The best places currently found by the ith particle and the entire 
population are Pi ¼ pi1; pi2; � � � ; piNð Þ and Pg ¼ pg1; pg2; � � � ; pgN

� �
, respec-

tively. If there is yiðtÞ ¼ f XiðtÞð Þ;Pi ¼ Xi tsð Þ at time t, there is ts 2 ½0; t� such 
that yi tsð Þ ¼ min yiðtÞð Þ, and there is Pg ¼ min f P1ð Þ; f P2ð Þ; � � � ; f PMð Þð Þ, and 
at time tþ 1, there is 

vijðt þ 1Þ ¼ wvijðtÞ þ c1r1jðtÞ pij � xijðtÞ
� �

þ c2r2jðtÞ pgj � xijðtÞ
� �

(26) 

xijðt þ 1Þ ¼ xijðtÞ þ vijðt þ 1Þ (27) 

When there is f Xiðt þ 1Þð Þ> f Pið Þ, there is 

Pi ¼ Xiðt þ 1Þ (28) 

Pg ¼ min f P1ð Þ; f P2ð Þ; � � � ; f PMð Þð Þ (29) 

The optimization methods involved in the comparison in this paper are all 
standard optimization methods that have not been improved.

The flow chart of the particle swarm algorithm is shown in Figure 7.
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Construction of College English Learning Environment in Colleges and 
Universities from the Perspective of Demand Analysis

From an ecological point of view. The virtual learning environment is 
a learner-centered, complex functional entity composed of physical environ-
ment, social environment and normative environment. The three types of 
environments are used as ecological factors in the system. Interdependence 
and mutual influence together constitute an ecological virtual learning envir-
onment, as shown in Figure 8(a). The ecological virtual learning environment 
should have the functions of self-regulation, self-improvement and self- 
development. As the ecological factors in the system, the three types of 
environments are interdependent and influence each other to form an 
EVLE, as shown in Figures 8(a,b).

Figure 6. Flow chart of differential evolution algorithm.
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The EVLE model is shown in Figure 9.
The effect of the EVLE of college English proposed in this paper is 

verified, and the promotion effect of the learning environment proposed 
in this paper on the learning effect of college English in colleges and 
universities is calculated, and the statistics are obtained as shown in 
Table 1.

Figure 7. Flowchart of particle swarm algorithm.
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(a) Composition diagram of EVLE 

(b) Structure and function model of EVLE 

Figure 8. EVLE for college English.
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Figure 9. The model of the EVLE of college English.

Table 1. Verification of the effect of EVLE of college English.
Number Learning to improve Number Learning to improve Number Learning to improve

1 70.44 18 75.63 35 76.40
2 66.37 19 77.05 36 73.98
3 73.77 20 71.76 37 71.01
4 76.02 21 75.71 38 68.42
5 68.98 22 66.75 39 66.80
6 77.25 23 69.83 40 76.87
7 69.42 24 68.19 41 70.06
8 73.41 25 76.67 42 72.33
9 70.72 26 71.13 43 73.72
10 72.66 27 68.82 44 70.25
11 71.82 28 73.84 45 66.33
12 71.29 29 66.83 46 75.33
13 68.73 30 73.55 47 76.80
14 68.31 31 71.77 48 66.03
15 71.96 32 68.28 49 74.70
16 68.84 33 67.48 50 71.18
17 77.64 34 69.99 51 77.10
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It can be seen from the experimental verification that the EVLE of college 
English proposed in this paper can effectively improve the effect of college 
English learning.

Conclusion

The learning space in a smart learning environment is a cutting-edge approach 
to education that offers a flexible and personalized learning experience. It is 
designed to enable learners to access learning materials anytime, anywhere, 
and through any device, making education accessible to all. The smart learning 
environment utilizes intelligent perception of learning situations, data mining, 
and analysis to provide tailored recommendations for high-quality learning 
resources and tasks.

The smart learning environment is more than just a virtual learning plat-
form. It is an innovative learning field that seamlessly integrates physical and 
virtual environments to create a more immersive and effective learning 
experience. The environment utilizes a range of advanced technologies such 
as sensors, artificial intelligence, and big data analytics to perceive learning 
situations and identify learner characteristics. It provides a range of learning 
resources, tools, and interactive features that enable learners to engage with 
the material in a meaningful way.

This paper focuses on the development of a college English learning envir-
onment, which has been constructed using intelligent methods to meet the 
specific needs of college English learners. The paper provides a detailed 
analysis of the demands of college English learners and identifies the key 
features required to enhance their learning experience. The proposed 
Environment for Virtual Learning English (EVLE) was designed to incorpo-
rate these features and provide an effective and personalized learning experi-
ence for college English learners.

The effectiveness of the proposed EVLE was evaluated through experimen-
tal verification, which demonstrated that it can significantly improve the 
learning outcomes of college English learners. The personalized learning 
environment created by the EVLE enhances the learner’s engagement, moti-
vation, and retention of the material, resulting in more successful language 
acquisition. The results of this study highlight the importance of smart learn-
ing environments and the potential they offer for the future of education.

There are several potential future directions for the development of smart 
learning environments that could significantly enhance the learning experi-
ence for students. Some of these directions include:

(1) Integration of Augmented Reality and Virtual Reality: Smart learning 
environments could incorporate augmented reality and virtual reality 
technologies to create more immersive and engaging learning 
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experiences. Learners could interact with 3D models, simulations, and 
virtual environments, making learning more interactive and exciting.

(2) Gamification of Learning: Gamification is the use of game elements 
in non-game contexts, such as education. Smart learning environ-
ments could utilize gamification techniques to enhance student moti-
vation and engagement. This could involve incorporating game 
elements such as points, badges, and leaderboards into the learning 
environment.

(3) Personalized Learning: Smart learning environments could use 
advanced algorithms to create a personalized learning experience for 
each student. These algorithms could analyze student performance data 
to identify individual learning needs, and provide tailored learning 
resources and feedback.

(4) Collaborative Learning: Smart learning environments could facil-
itate collaborative learning experiences among students by incor-
porating tools for online collaboration, such as discussion forums 
and video conferencing. This could create a more social and 
interactive learning environment, allowing students to learn from 
one another.

(5) Adaptive Learning: Adaptive learning involves using algorithms to 
adjust the learning experience based on student performance. Smart 
learning environments could incorporate adaptive learning techniques 
to provide students with personalized challenges and support based on 
their individual learning needs.

Overall, the future of smart learning environments is exciting, and there are 
many opportunities to enhance the learning experience for students through 
the integration of advanced technologies and personalized approaches to 
education.
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