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ABSTRACT

With the rapid development of information technology, the application of interactive mobile
technology in the field of education has become increasingly widespread. In particular, opti-
mizing the teacher-student interaction has become a key factor in enhancing teaching effec-
tiveness in language education. Under traditional language teaching models, teacher-student
interaction tends to be unidirectional, making it difficult to fully stimulate students’ interest
and engagement. The introduction of interactive mobile technology has made the teaching
process more flexible and diverse, providing new forms and approaches for teacher-student
interaction. However, how to scientifically assess and effectively optimize teacher-student
interaction remains a critical issue in current educational research. Existing studies mainly
focus on technological applications and lack an in-depth exploration of the essence of
interaction, particularly in terms of the quantitative analysis of interaction intensity and
evolution. This study aims to explore the application and optimization strategies of interactive
mobile technology in teacher-student interactive language teaching. The study includes four
main components: first, analyzing the evolution of teacher-student interaction in language
teaching; second, calculating the intensity of teacher-student interaction based on information
entropy; third, constructing and calculating a model for the evolution of interaction intensity;
and fourth, proposing language teaching optimization strategies based on the evolution of
teacher-student interaction intensity. This study, through theoretical modeling and empirical
analysis, seeks to provide scientific evidence and practical guidance for improving the quality
of teacher-student interaction and optimizing language teaching.
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1  INTRODUCTION

In the current era of rapid technological advancement, mobile technology has
pervasively infiltrated the field of education, offering new possibilities for the inno-
vation of teaching methods [1-5]. Teacher-student interaction is a key element in lan-
guage education, yet traditional teaching models often fail to meet the learning needs
of modern students [6-10]. With the introduction of interactive mobile technology, the
forms and content of teacher-student interaction have undergone profound changes,
providing new opportunities for the optimization of language teaching [11, 12].
However, a systematic study and guidance on how to effectively utilize these tech-
nologies to enhance the quality of teacher-student interaction remain lacking.

Study on the application of interactive mobile technology in teacher-student
interactive language teaching holds significant practical implications. On one hand,
such technology can enhance the interactivity and engagement within the teaching
process, improving students’ learning outcomes [13, 14]. On the other hand, it offers
teachers a convenient and efficient tool, facilitating the continuous improvement and
optimization of teaching methods [15-18]. A comprehensive study of the application
of interactive mobile technology in language teaching could provide educators with
scientific theoretical guidance and practical solutions, promoting the development
of educational informatization.

Although considerable research has focused on the application of interactive
mobile technology in teaching, most studies remain confined to the technological
application level, lacking an in-depth exploration of the evolution of teacher-student
interaction [19-22]. Furthermore, the existing research methods for calculating
teacher-student interaction intensity are insufficient, often failing to effectively
reflect the complexity and dynamic nature of information transmission during inter-
actions. These limitations hinder the practical effectiveness of interactive mobile
technology in language teaching.

To address these challenges, this study investigates the application and optimi-
zation strategies of interactive mobile technology in teacher-student interactive lan-
guage teaching. The study consists of four main components: first, describing the
evolution of teacher-student interaction in language teaching; second, calculating
the intensity of teacher-student interaction based on information entropy; third,
constructing and calculating a model for the evolution of interaction intensity; and
finally, proposing language teaching optimization strategies based on the evolution
of teacher-student interaction intensity. Through systematic analysis and model con-
struction, this study aims to provide a scientific and effective strategy for optimizing
language teaching, offering both theoretical foundations and practical guidance for
enhancing teacher-student interaction quality and teaching effectiveness.

2 DESCRIPTION OF TEACHER-STUDENT INTERACTION EVOLUTION
IN LANGUAGE TEACHING

In the process of language teaching, teacher-student interaction is a critical factor
determining the effectiveness of teaching. Traditional research on teacher-student
interaction has predominantly focused on static analysis, often employing binary
relationship models, which assess the extent of interaction solely based on frequency
or temporal dimensions. This approach overlooks the dynamic changes in teacher-
student interaction relationships. However, the actual interaction in language
teaching is complex and dynamic, particularly in the context of interactive mobile
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technology, where teacher-student interaction is influenced by multiple factors, such
as time and space. In location-based interactive mobile networks, teacher-student
interaction is not only affected by physical location but is also closely related to
the time at which the interaction occurs. For instance, in the same location and
time, the frequency of teacher-student interaction can reflect the intensity of their
language teaching relationship. In contrast, prolonged periods of no interaction
may lead to the alienation of this relationship. Therefore, teacher-student interac-
tion should be regarded as an evolving process, influenced by both time and space,
rather than a static binary relationship.

Based on these characteristics, the definition of teacher-student interaction evo-
lution proposed in this study aims to analyze the interaction process between teach-
ers and students at different times and locations using interactive mobile technology
as well as quantify the intensity of interaction and its evolution. Specifically, by
collecting check-in data from users of interactive mobile networks, including
location and time information, this study extracts the interaction sequences between
teachers and students and calculates the interaction intensity at each moment and
location. This intensity value reflects not only the frequency of interaction but also
reveals the depth and variation in the interaction relationship. Specifically, for a set
of interactive mobile network users, denoted as I ={i,,i,, ..., { }, their check-in records
can be represented as a tuple of the form <i, m, s>. Figure 1 shows the overall frame-
work for analyzing the evolution of teacher-student interaction intensity.

Interactive mobile Calculation of teacher-student
network data interaction intensity evolution
‘ Calculation of l l
Data Information teacher: -stydent Construction of the teacher-
. r memp| Interaction  |mmspp| student interaction intensity
preprocessing entropy intensity evolution model
r———‘ ——————— t———————, —————————————————————— 1
| Time model |

Fig. 1. Overall framework for analyzing the evolution of teacher-student interaction intensity

3  CALCULATION OF TEACHER-STUDENT INTERACTION INTENSITY
BASED ON INFORMATION ENTROPY

With the rapid development of mobile communication technology and smart
devices, interactive mobile networks have provided a new platform for establishing
more flexible and efficient language-teaching interactions between teachers and
students. In this network environment, teacher-student interaction is no longer
solely reliant on face-to-face communication in traditional classroom settings but
can also occur at any time and place through mobile devices. As the frequency, time,
and space of interaction vary, the interaction intensity of the teacher-student lan-
guage teaching also undergoes dynamic changes. The language teaching interaction
intensity is an important indicator for measuring the closeness of teacher-student
relationships and the frequency of interaction. It reflects the level of cooperation
and engagement between teachers and students in the language teaching process.
Traditional static analysis methods are unable to accurately reveal such dynamic
changes. However, based on the temporal diversity and dynamic characteristics of
interaction behaviors in interactive mobile networks, a new analytical perspective
is provided. This study quantifies the interaction intensity through the temporal
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diversity of teacher-student interaction sequences, aiming to uncover the trends of
interaction changes during different time periods, thereby providing scientific evi-
dence for optimizing teaching strategies and improving teaching quality. Figure 2
shows the diagram of the time model for teacher-student interaction relationships.
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Fig. 2. Diagram of the time model for teacher-student interaction relationships

In language teaching, the teacher-student interaction relationship is a complex
and dynamic process. Over time, the frequency, quality, and modes of interaction
between teachers and students continuously evolve. To accurately capture this pro-
cess of change, it is essential to consider the influence of time on the intensity of the
language teaching interaction relationship. Therefore, this study constructs a calcu-
lation framework for interaction intensity based on the time model by processing
the time diversity of teacher-student interaction sequences. By refining the temporal
granularity and decomposing the interaction data into multiple time segments, the
teacher-student interactions within each segment can be analyzed independently.
Each time segment represents a “static” state, in which the teacher-student interaction
relationship is treated as a fixed, quantifiable intensity value. By integrating inter-
action data across different time segments, the evolutionary process of the teacher-
student interaction relationship can be comprehensively reflected, revealing the
trends in the relationship as it develops over time. In constructing the time model, a
time series feature analysis based on check-in data was employed in this study. Each
check-in record was considered an interaction activity, and these activities were cat-
egorized into different time segments in chronological order. In each time segment,
the interaction intensity between teachers and students was quantified and orga-
nized into a two-dimensional matrix. Each value in the matrix represents the inter-
action intensity between a specific teacher and student at a given moment. To better
capture dynamic changes, a time granularity parameter was defined, which divides
the check-in data evenly into several time periods. Each time period corresponds to
a “local static” calculation of interaction intensity. Finally, by combining the interac-
tion intensity across the various time segments, a time model was constructed that
dynamically presents the evolution of teacher-student interaction intensity.

Within this study framework, the time interaction vector serves as a key tool
for quantifying the interaction frequency between teachers and students during
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specific time periods. Specifically, the time interaction vector S, was used to
represent the number of encounters between interactive mobile network users u
and k over a time span of V days, segmented according to a particular granular-
ity. Time was divided into V/s fixed time intervals, where s is the granularity unit,
and each time period recorded the interaction events—i.e., the matching of check-in
records—within that interval.

For each teacher-student pair, the diversity of the time interaction vector S,
reflects the stability and intimacy of their interactions. If the interaction frequency
is evenly distributed across multiple time segments, this suggests that the teacher-
student interaction is sustained and stable, likely indicating a close relationship. In
contrast, if all interactions are concentrated within a few time segments, it suggests
that the interaction relationship is sporadic, and its intensity is relatively weak. The
encounter between u and k in region m and time segment s can be represented by
the following equation:

e, . ={wkm,s) @)

u,k,m,s
The encounters between u and k over all time segments can be represented as:

V/s
E = uelekm,s) (2)
k=1

u,
The probability of a teacher-student encounter from the set £, occurring within
time segment s can be computed using the following equation:

0 _ ‘E(u,k,s) (3)

(u,k,s)
(wk)

In information theory, Shannon entropy is used to measure the uncertainty of
a random variable. The higher the entropy value, the greater the uncertainty of
the variable and the higher the information content. In this study, a higher entropy
value for the time interaction vector indicates that the interactions between the
teacher and student are more evenly distributed and dispersed across different
time segments. Such an interaction relationship is typically closer and more stable.
Conversely, a lower entropy value indicates that the interactions are more concen-
trated, which may be coincidental or sporadic, suggesting a weaker interaction
intensity. The uncertainty of the time period of a randomly selected encounter event
from set E is defined by the following equation:

G(Tu,k) - _Z(O(u,k,s) log O(u,k,s) ) (4)

F=exp(G) (5)

In the proposed method for calculating teacher-student interaction intensity, the
diversity F serves as a key indicator of the breadth of the interaction frequency dis-
tribution between the teacher and student. The formula for diversity is given above.
Diversity reflects the temporal distribution of interactions between users in the inter-
active mobile network, i.e., whether their interactions are evenly distributed across
various time segments or concentrated within specific time periods. Specifically, if
the interaction frequency between two interactive mobile network users is distrib-
uted across multiple time intervals over a long period, their interaction relationship

International Journal of Interactive Mobile Technologies (iJIM) 27


https://online-journals.org/index.php/i-jim

Tong

28

exhibits higher diversity. In contrast, if their interactions are concentrated in only
a few time segments, particularly within a single time period, the diversity of this
interaction relationship is low.

In the context of language teaching, teacher-student interactions often exhibit
strong temporal concentration or periodicity. This is typically the case when teachers
and students share fixed schedules or engage in joint public activities. For example,
if encounters between the teacher and students occur predominantly within spe-
cific time periods, such as during collective activities on certain days or regular
class schedules, this is likely determined by pre-set teaching plans or shared course
arrangements. Although these interactions are still valid, the high regularity and con-
centration of their timing reflect systemic arrangements or external factors, rather
than naturally occurring, flexible, and spontaneous interactions. Therefore, while
these interaction events can still provide some information about teacher-student
interaction relationships, their impact on the actual language teaching outcomes or
interaction quality is limited. As such, during the calculation process, relatively less
weight should be assigned to these time interaction vectors. To address this, Renyi
entropy was further employed to calculate the diversity of time interaction vectors
between teacher and student in the interactive mobile network.

Gy= [_IOgZO(Su,kJ ’ J/(W -1 6)

Where w represents the diversity order, which characterizes the sensitivity of
the diversity of the teacher-student interaction time distribution to interaction fre-
quency. The corresponding diversity of the time interaction vector can be calculated
using the following equations:

E, =exp(G~ ) (7)

E, = epo—logz 0, j /(W - 1)} 8)

When w > 1, a higher local encounter frequency e, . - contributes more signifi-
cantly to the Renyi entropy. As w — 1, then E — G. The teacher-student language
teaching interaction intensity ¢ is a linear function of time diversity, and the specific
equation is as follows:

tuk: \P(Euk) (9)

4  CONSTRUCTION AND CALCULATION OF THE TEACHER-STUDENT
INTERACTION INTENSITY EVOLUTION MODEL

The Ebbinghaus forgetting curve suggests that human memory of information
gradually declines over time, with a rapid initial rate of forgetting. This theory can be
applied to the teacher-student interaction relationship in language teaching, as not
all past interactions exert the same influence on the current teaching relationship.
Recentinteractions are more likely to have a profound impact on the current teacher-
student interaction, while earlier interactions may diminish in influence over time.
Additionally, in language teaching interactions, the frequency and quality of inter-
actions between teachers and students are influenced by various factors, such as
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changes in teaching content, adjustments in learning progress, and interactive
activities. These factors evolve over time, with recent interactions often more reflec-
tive of the current teaching relationship. The Ebbinghaus forgetting curve was
employed in this study to model the temporal decay of historical interaction infor-
mation. By weighting interaction data at different time points, a more accurate eval-
uation of the actual intensity of teacher-student interaction can be achieved.

The interest drift model addresses another critical dimension of teacher-student
interaction relationships: the evolution of interest. In language teaching, interaction
relationships are influenced not only by time but also by the shifting interests of both
teachers and students. These interests may change over time and under varying cir-
cumstances, directly affecting interaction choices and frequencies. By integrating
the interest drift model, the calculation model can dynamically adjust the interac-
tion intensity to reflect the impact of these changes in interest. The decay coefficient
of teacher-student interaction intensity is denoted by g, while the times of the first
and last interactions are represented by s, and s, respectively. Based on the evo-
lution characteristics of teacher-student interaction intensity, the following decay
function was introduced:

2
S =S8

DE(s)=1-p+u IS (10)
S]s ~Sks

The equation below presents the calculation method for the evolution of the
teacher-student language teaching interaction relationship. Figure 3 shows the
teacher-student interaction intensity evolution model.

2
t *DE(s,)+t
TR =¢| ~—FnL | —¢ (11)

A Teacher-student
interaction intensity

/

0 sl s2 s3 Tim>e

Fig. 3. Teacher-student interaction intensity evolution model

5 LANGUAGE TEACHING STRATEGY OPTIMIZATION SCHEMES
BASED ON THE EVOLUTION OF TEACHER-STUDENT
INTERACTION INTENSITY

Building upon the aforementioned computational model based on the forgetting
curve and interest drift, several language teaching strategy optimization schemes
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were proposed, aiming to enhance the interaction efficiency between teachers and
students and increase the interactivity and personalization of teaching:

a)

b)

c)

a)

e)

f)

Personalized teaching content delivery based on the dynamic interest model: By
analyzing the interest drift characteristics within the teacher-student interaction
relationship, changes in students’ interests throughout the language learning
process can be identified. Consequently, the teaching content can be dynamically
adjusted. Teachers can leverage interactive mobile network platforms to deliver
personalized teaching content that aligns with students’ current interests and
learning progress.

Balancing interaction frequency and quality: According to the principles of
the Ebbinghaus forgetting curve, students’ memory of knowledge gradually
declines over time. Therefore, teachers should design periodic review tasks to
prevent students from forgetting key content. At the same time, considering the
impact of interest drift, teachers can monitor changes in students’ interests via
interactive mobile network platforms and adjust interaction frequencies in a
timely manner.

Optimizing interaction intensity assessment using historical data: By utilizing his-
torical interaction data and interest changes, teachers can assess each student’s
learning progress and interaction intensity. Through the combined application
of the forgetting curve and interest drift evolution calculations, teachers can
obtain real-time insights into students’ learning attitudes and engagement levels,
thereby optimizing interaction strategies. Real-time assessment and analysis of
teacher-student interaction intensity enable teachers to promptly adjust the pace
and methods of instruction, improving the adaptability of teaching,.

Integration of contextual learning and periodic review: Based on location-based
interactive mobile network data, teachers can design contextual learning tasks
according to students’ geographical locations and learning progress. For instance,
when students are in the classroom, extracurricular settings, or specific learning
environments, teachers can use geolocation technology to push relevant learn-
ing tasks to students, enhancing the immediacy and practicality of the learning
process. At the same time, teachers should design periodic review mechanisms
through timely review tasks based on the decay pattern of the forgetting curve,
thereby ensuring long-term retention of key knowledge. By integrating contex-
tual learning with periodic review, teachers can better stimulate students’ inter-
est and maintain their continuous engagement with the learning content.
Interactive feedback and continuous adjustment: The interaction between teach-
ers and students is reflected not only in interaction frequency but also in interac-
tion quality and feedback mechanisms. Teachers can use interactive platforms to
provide instant feedback, thereby enhancing students’ sense of participation. In
conjunction with the evolution model of interaction intensity, teachers can ana-
lyze students’ feedback to evaluate their level of engagement and understanding,
facilitating timely adjustments to teaching strategies.

Relationship building between teachers and students: By observing the evolu-
tion of teacher-student interaction relationships, teachers can further adjust their
communication methods and emotional connections with students. For exam-
ple, when a teacher identifies that a student’s interest in the content has dimin-
ished over a period, personal communication can be initiated to understand the
student’s changing interests or learning challenges, thereby offering personal-
ized support.
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6  EXPERIMENTAL RESULTS AND ANALYSIS

From the experimental data in Figures 4 and 5, it can be observed that as the
diversity order increases, the precision in the Coursera MOOC and Duolingo datasets
exhibits certain fluctuations at different recall rates. In the Coursera MOOC dataset,
at a recall rate of 20%, the precision remains at a relatively high and stable level with
an increase in the diversity order (ranging from 0.92 to 0.9). However, as the recall
increases (e.g., at recall rates of 70% and 80%), the precision significantly declines,
particularly at a recall rate of 80%, where the precision drops to 0.65. In contrast, the
precision in the Duolingo dataset shows a more stable fluctuation at higher diversity
orders, with high precision maintained across various recall rates. For example, at a
recall rate of 20%, the precision remains around 0.95, gradually decreasing but still
remaining within the range of 0.6-0.7 at an 80% recall rate, indicating a more stable
interaction pattern and stronger content diversity in the teaching model. Therefore,
although precision decreases at higher diversity orders, the datasets from the two
platforms display differing adaptability and distinct precision fluctuations. This sug-
gests that these differences should be considered when designing interactive language
teaching strategies in order to optimize teacher-student interactions more effectively.

o
S
7}
S
&
o7
0.6
=0=Recall: 20% ==O=Recall: 40% =O=Recall: 60%
=0O==Recall: 70% Recall: 80%
0.5 . N X . N L . . )
0 02 04 06 08 1 1.2 14 16 18 2
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Fig. 4. Diversity order and precision in the Coursera MOOC dataset
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Fig. 5. Diversity order and precision in the Duolingo dataset
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Fig. 6. Precision and recall in the Coursera MOOC dataset
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Fig. 7. Precision and recall in the Duolingo dataset

The experimental data from Figures 6 and 7 reveal significant differences in the pre-
cision and recall performances across the various algorithms for the Coursera MOOC
and Duolingo datasets. As precision and recall increase, distinct trends emerge in the
performance of the algorithms. In the Coursera MOOC dataset, the proposed method
demonstrates superiority over the PageRank and hyperlink-induced topic search (HITS)
algorithms in both precision and recall, particularly maintaining more stable perfor-
mance at higher precision levels. For example, when precision is 0.9, the proposed
method achieves 0.84, while PageRank reaches 0.8 and HITS is only 0.45. However,
as precision gradually decreases and drops to 0.5, the proposed method achieves 0.7,
PageRank attains 0.61, and HITS only reaches 0.4. This highlights the method’s advan-
tages, maintaining relatively high precision while adapting well to complex situations.
In the Duolingo dataset, although all algorithms show a slight decrease in precision and
recall, the proposed method still outperforms both the PageRank and HITS algorithms
in overall precision, particularly at higher recall rates. For instance, at a precision of
0.8, the proposed method achieves 0.86, while PageRank reaches 0.81, and HITS only
0.56. Overall, the proposed method exhibits higher precision and greater adaptability
compared to the other two algorithms, especially in complex teacher-student interac-
tion models, effectively enhancing the precision and operability of teaching strategies.
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Based on the above experimental results, the proposed method shows clear
advantages over the PageRank and HITS algorithms in both precision and recall,
particularly in its application across different teaching environments. This demon-
strates its capacity to effectively adapt to complex teacher-student interaction pat-
terns while maintaining high precision. This finding is significant for constructing
and optimizing the teacher-student interaction evolution model. First, the inten-
sity of teacher-student interaction evolves over time and with the diversification
of information exchange, requiring teachers to precisely control the complexity of
interactions to avoid either information overload or deficiency. When optimizing
the teaching strategies, the proposed method allows for the intelligent adjustment of
interaction intensity and content, based on changes in precision and recall, to main-
tain optimal teaching effectiveness. This strategy optimization can help teachers
dynamically adjust teaching strategies in various teaching contexts, improving stu-
dent learning efficiency and enhancing the quality of teacher-student interaction,
thereby better fostering the depth and breadth of language learning.

Table 1. Comparison of teacher-student interaction intensity in language teaching

User (10, 11) User (20, 21)
Time  proposed Pagerank Hits Proposed Pagerank Hits
Method Algorithm Algorithm Method Algorithm Algorithm

0 1 No No 1 No No

1 0.66254 0 0 0.95621 0.62354 0.66521
2 0.71542 0 0 0.84521 0.74512 0.77853
3 0.81235 0 0 0.66235 0.73265 0.74512
4 0.83254 0 0 0.62152 0 0

5 0.92365 0.66524 0.71245 0.61256 0 0

6 0.82356 0.71256 0.77895 0.58956 0 0

7 0.71245 0.75468 0.73256 0.55213 0 0

8 0.55869 0.62355 0.73526 0.62335 0 0

The data displayed in Table 1 shows a clear difference in the performance of the
proposed method, the PageRank algorithm, and the HITS algorithm at various time
points, with significant variations in the interaction intensity between users (10, 11)
and (20, 21). Starting from time 0, the interaction intensity between users (10, 11) and
(20, 21) gradually changes. For user (10, 11), the proposed method demonstrates a
clear upward trend. Between time 1 and time 5, the interaction intensity increases
from 0.66254 to 0.92365, while the PageRank and HITS algorithms show more
stable or decreasing trends. Notably, at time 5, the interaction intensity of both the
PageRank and HITS algorithms does not exceed 0.71245 (PageRank) and 0.71256
(HITS), respectively. For user (20, 21), although the interaction intensity of the pro-
posed method is relatively low at earlier time points (e.g., time 1, time 2), it begins to
show a strong growth trend in the later stages (e.g., at time 5 and time 6), ultimately
reaching 0.62335 at time 8, significantly higher than the interaction intensity of both
the PageRank and HITS algorithms. Overall, the proposed method demonstrates
superior interaction intensity evolution compared to the other algorithms at all time
points. It effectively enhances teacher-student interaction intensity, particularly in
more complex teaching scenarios, where it continuously optimizes the interaction
model between teachers and students.
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Fig. 8. Evolution of teacher-student interaction intensity in language teaching

The data presented in Figure 8 illustrates the distinct differences and dynamic
changesin the teacher-student interaction intensity between users (10, 11) and (20, 21)
across various time points. For user (10, 11), despite the initial interaction intensity
being 1, there is a gradual decline over time, with particularly noticeable fluctuations
after time 5. Specifically, the interaction intensity for user (10, 11) rises from 0.64 at
time 1 to 0.82 at time 4, but then a clear downward trend is observed, with the inten-
sity dropping to 0.58 by time 8. In contrast, the interaction intensity for user (20, 21)
remains relatively stable. Although it reaches a high value of 0.98 at time 1, it gradu-
ally declines, only to rise again to 0.64 by time 8. Overall, the interaction intensity of
user (20, 21) shows a higher degree of stability in the early stages, gradually stabiliz-
ing as time progresses, while the interaction intensity of user (10, 11) exhibits more
significant fluctuations, particularly with a downward trend in the later stages. These
findings reflect the complexity and dynamic nature of teacher-student interactions,
highlighting the differences in interaction processes between different learners.

Based on the experimental data, the following important conclusions can be
drawn: The intensity of teacher-student interactions throughout the teaching pro-
cess demonstrates an evolving characteristic, and this evolutionary process signifi-
cantly impacts the optimization of language teaching strategies. For user (10, 11),
although the interaction intensity increases during the early stages, indicating rel-
atively active initial interactions, the decline in interaction intensity over time may
reflect the students’ adaptation to the learning content and potential fatigue with the
teaching model. This dynamic change suggests that teachers must adjust their teach-
ing strategies in a timely manner, such as by increasing the diversity of interactions
or adopting more flexible teaching methods, in order to sustain students’ interest
and engagement. For user (20, 21), the interaction intensity remains relatively stable.
Despite initially stronger interactions, the trend gradually stabilizes, which may indi-
cate that this learner group is more stable during the teaching process, with their
interaction intensity being more influenced by external factors, such as the teaching
content and interaction formats. The teacher-student interaction intensity evolution
model can assist teachers in better identifying students’ learning states and interac-
tion patterns. By adjusting interaction intensity and content in real time, it is possible
to avoid information overload or the monotony of teaching content, thereby optimiz-
ing teaching strategies and enhancing student learning outcomes. Through the effec-
tive control of dynamic interaction changes, teachers can provide more personalized
and adaptive teaching services, improving teaching quality and student engagement.
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7  CONCLUSION

Optimization schemes for language teaching strategies, based on the evolution
of teacher-student interaction intensity, were proposed in this study by investi-
gating the application of interactive mobile technology in teacher-student interac-
tive language teaching. It was found that by dynamically adjusting the intensity of
teacher-student interaction relationships, significant improvements in student par-
ticipation and learning efficiency can be achieved. Experimental results indicate that
teachers can avoid the decline in learning interest caused by insufficient interaction
intensity or the information overload associated with excessive interaction by flexi-
bly adjusting teaching strategies. By monitoring and optimizing the teacher-student
interaction intensity in real time, teachers are able to more precisely identify stu-
dents’ learning needs, adjust teaching content, and regulate interaction frequency,
thereby enhancing teaching quality. In summary, this study not only provides new
insights into the application of interactive mobile technology in language teach-
ing but also introduces a scientifically sound and effective method for optimizing
teaching strategies. This method holds significant theoretical value and practical
application potential.

However, certain limitations remain in this study. The study primarily focuses
on the Coursera MOOC and Duolingo datasets, which, although representative, are
limited to specific online education platforms and language learning contexts and do
not comprehensively cover other fields and teaching environments. Furthermore,
the proposed method may be influenced by the data volume and quality in more
complex teaching environments, leading to potential uncertainties in its application
within large-scale classrooms. Future research could explore the following directions:
First, the scope of datasets could be expanded to include a wider range of online
learning platforms and diverse language teaching contexts, thereby verifying the
universality and adaptability of the proposed method. Second, more teaching factors
could be incorporated to further optimize the calculation model of teacher-student
interaction intensity, improving the model’s precision and practicality. Additionally,
future studies could investigate how the optimization strategies presented in this
study could be integrated with other educational technologies, such as intelligent
learning systems and data mining, to provide more intelligent and personalized
language teaching services.
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