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Abstract

Despite the proliferation of artificial intelligence (AI)-enabled web applica-
tions for Japanese language learning, existing platforms suffer from three
critical challenges: insufficient integration of AI capabilities with pedagogical
design, limited scenario adaptability across proficiency levels, and subop-
timal lightweight deployment on the browser side. To address these gaps
and explore instructional design patterns tailored to diverse Japanese learning
needs, this study focuses on web application technology implementation and
interaction design as the core analytical dimensions. Three typical AI-enabled
Japanese tutoring web applications were selected as research objects, and
192 Japanese learners participated in the empirical research. Quantitative
data were obtained through technical disassembly, questionnaire surveys, and
web-based behavior tracking; learning effects were verified by comparative
experiments, and the weight of instructional design elements was determined
via the analytic hierarchy process, finally extracting core instructional design
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modes suitable for the mainstream Japanese learning stages from beginner
to upper-intermediate (Japanese-Language Proficiency Test [JLPT] N5–N2),
with preliminary applicability discussion for the advanced stage (N1 and
above). The results show that web-based lightweight AI technology deploy-
ment and real-time AI interactive feedback design are the core elements, with
a combined weight of over 40%. There is a significant positive correlation
between web-based AI technology implementation and user satisfaction, with
the highest implementation effect and user acceptance in listening, speaking,
and grammar modules. Compared with traditional Japanese web learning
platforms, AI-enabled instructional design can improve learners’ listening
and speaking abilities by 58.0%(M = 58.0,SD = 4.2, 95% CI [56.4,
59.6], Cohen’s d = 1.82, large effect), grammar analysis abilities by 46.5%
(M = 46.5,SD = 5.1, 95%CI [44.8, 48.2], Cohen’s d = 1.45, large
effect), and enhance learning sustainability by 85.7% (M = 85.7, SD =
6.3, 95%CI[83.5, 87.9], Cohen’s d = 2.01, large effect), based on N5–N2
learner data with robust statistical power. Three core instructional design
modes were identified, adapted to zero-based-N4 fragmented learning, N3–
N2 systematic learning, and N1+ immersive learning, respectively. This study
clarifies the core elements and optimization direction of such applications,
providing standardized and practical theoretical references and paths for their
design, development, and teaching practice.

Keywords: AI empowerment, Japanese tutoring, web application instruc-
tional design model.

1 Introduction

With the deep integration of artificial intelligence (AI) and digital educa-
tion, online teaching has become the mainstream form of Japanese tutoring,
breaking the limitations of traditional offline teaching and realizing cross-
terminal, low-threshold, and personalized learning. The network teaching
mode has the characteristics of pertinence and openness, and the methods
of flip learning and AI-driven teaching design further enrich the Japanese
network tutoring form. However, there are still shortcomings in the current
AI-enabling Japanese tutoring network application: the integration of AI
technology and teaching design is not deep, the scene adaptability is insuf-
ficient, the lightweight deployment of AI on the network side needs to be
optimized, and the lack of targeted teaching design mode covering the whole
stage of Japanese learning restricts the user experience and learning effect.
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This study has important theoretical and practical significance. In theory,
it can enrich the research system of the integration of AI and instructional
design in the field of Japanese education, and provide a new perspective for
the digital transformation of Japanese education. In practice, it can solve the
pain points of existing applications, provide standardized solutions for the
optimization of related application development, and meet the needs of learn-
ers across the beginner to upper-intermediate stages (Japanese-Language Pro-
ficiency Test [JLPT] N5–N2). The findings also offer preliminary references
for advanced-level (N1+) instructional design, pending further validation with
larger samples.

This study takes AI-enabling Japanese tutoring network application as
the object, through technical disassembly, questionnaire survey, and other
methods, combined with in-depth learning, K-means clustering and analytic
hierarchy process to carry out empirical research, to explore the core elements
of teaching design, to adapt to the design model of the whole learning stage,
to verify the correlation between AI technology landing and user satisfaction,
and to fill the research gap. This paper will sort out the relevant research,
introduce the research methods, analyze the results of design pattern mining,
and finally summarize the conclusions and put forward the prospects.

2 Related Work

The web-based teaching mode is a new information-based teaching form,
characterized by pertinence, openness, collaboration, integration, and assis-
tance. Fujimoto [1] discussed the application effect of the web conferencing
system in primary Japanese education in traditional and virtual classrooms,
analyzed its impact on classroom interaction and learning participation, and
provided a practical reference for blended Japanese teaching. Yamada [2]
developed a web application for physics education through programming.
Although it is not directly aimed at Japanese teaching, its development
methods and interactive design ideas have reference significance for the
development of Japanese teaching tools. Ma et al. [3] constructed an interac-
tive web three-dimensional content development framework based on linked
data, which was applied to Japanese history education, realized immersive
learning experience, and provided visual support for Japanese culture teach-
ing. Chen [4] designed a web-based intelligent Japanese teaching system,
which integrates intelligent recommendation and learning path planning to
improve the level of personalized teaching. Shabudin et al. [5] studied the
development and application of Web 2.0 technology in Japanese teaching,
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and emphasized the positive role of collaborative learning and resource
sharing in improving language ability. Zhang et al. [6] developed a web
Japanese teaching system based on the deep learning framework, and used a
neural network to realize learning behavior analysis and teaching feedback
optimization, which improved teaching accuracy. Yang [7] designed and
implemented an interactive system for Japanese teaching in colleges and
universities based on the Moodle platform, which integrates the functions of
course management, homework submission, and online testing, and improves
the efficiency of teaching management. Zheng [8] proposed web technology
to design a network teaching system for Japanese intensive reading courses,
which supports the integration of multimedia resources and the tracking of
learning progress, and provides a feasible solution for the digital transforma-
tion of the course. Emerson [9] studied the promotion effect of goal setting
and self-evaluation on Japanese learners’ autonomous learning ability in the
web environment, and emphasized the positive effect of technical support
on learning motivation. Iwabuchi et al. [10] analyzed the challenges and
responses to the digital transformation of education in Japan during the
COVID-19 pandemic from policy and practice levels, and revealed the key
role of web technology in ensuring the continuity of education.

The deep integration path of web education technology and education
promotes the innovation of teaching mode, the optimization of learning
mode, the empowerment of personalized learning and lifelong learning, the
digital transformation of education, and provides theoretical support and
practical guidance for the high-quality development of education in the
new era. Yk [11] applied flipped teaching design to online open distance
learning courses, verified the promotion of online teaching supported by
web technology to students’ learning, and provided theoretical support for
blended teaching. Sun and Qin [12] reconstructed the blended learning
education management mode supported by Web 3.0 technology based on a
people-oriented concept, and explored the role of technology integration in
promoting education management innovation. Zou and Kamba [13] devel-
oped a design support tool based on the analysis of differences between
Chinese and Japanese e-commerce websites, which provides an empirical
basis for the design of human–computer interaction and cross-cultural educa-
tion technology. Chisag et al. [14] used the technology acceptance model to
compare and analyze the application effects of Web 2.0, 3.0, and 4.0 in col-
laborative learning in higher education, revealing the impact of technological
evolution on the change of learning style. Anand [15] studied the application
of blockchain technology in web security education, and proposed a security
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architecture for educational scenarios, which provides a new idea for ensuring
the security of educational data. Coetzee and Mulaudzi [16] discussed the
educational potential of free Web 3.0 resources in the training of technical
students, emphasizing the value of open resources for the improvement of
practical ability. Ginting and Miyono [17] empirically tested the impact of
government education policies on the adoption of web tools based on the
technology acceptance model, providing data support for policy formulation
and technology promotion. Tezer et al. [18] conducted a meta-analysis of
mathematics education for students with special needs supported by Web 2.0
technology, and verified the effectiveness and applicability of technology in
special education. Mutiara et al. [19] developed web interactive media based
on Genially and applied it to the teaching of food technology courses, demon-
strating the practical value of lightweight tools in vocational education. Van
Aartsen et al. [20] analyzed the user behavior of official websites of higher
education institutions through web usage mining, providing data support
for website optimization, and resource allocation of educational institutions.
Yang [21] designed a web-based network education resource sharing system
for software engineering specialty, which realized the efficient distribution
and collaborative use of teaching resources. Siew et al. [22] developed a
web attendance management system by combining face recognition and QR
code technology, which improved the automation level and data accuracy
of education management. Jiang [23] studied the Japanese teaching mode
of online education in the multimedia network environment, and analyzed
the comprehensive impact of technology integration on teaching effect and
learning experience.

3 Method

3.1 Deep Learning Model for Text Classification

Deep learning-based text classification models are a class of models that use
deep learning techniques to understand and classify text data. This model
can automatically assign text to one or more categories by learning patterns
and features in the text. They are widely used in various natural language
processing (NLP) tasks, such as sentiment analysis, topic tagging, intention
recognition, etc.

The convolutional neural network (CNN) is a deep learning model origi-
nally designed to solve image recognition and processing problems, but it has
been widely used in other types of data, such as video, audio, and text. The
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Figure 1 Structure of the convolutional neural network.

core feature of CNN is its convolutional layers, which can effectively capture
the spatial and temporal dependencies in the data. The CNN architecture is
shown in Figure 1.

CNN is mainly composed of six key features: convolution layer, pooling
layer, activation function, fully connected layer, local sensing field, and
parameter sharing.

In deep learning, especially when dealing with sequential data, such as
text or time series, attention mechanisms allow the model to dynamically
focus on the most relevant parts in a given input sequence. This mechanism
is often used in conjunction with recurrent neural network or transformer
models. The attention mechanism first calculates an “attention score” that
determines how much attention should be given to each part of the input
sequence when producing output. The most common approach is to use
dot product or additive/feedforward attention. The formula for dot product
attention is

Score(Q,K) = QKT (1)

where Q is a query and K is a key. Q is usually related to the current goal,
while K is related to the input sequence.

The formula for additive attention is

Score(Q,K) = V tanh(W1Q+W2K) (2)

Here, W1 and W2 are the weight matrices that V can learn. At present,
the most popular calculation method of attention score is the dot product
attention, such as the dot product attention mechanism used in the transformer
model.

When the attention score is calculated, the Softmax function is used to
convert the attention score into weights that represent the importance of each
input part. The formula is

ai =
exp(Score(QKI))∑︁
j exp(Score(Q,Kj))

(3)
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ai here is the attention weight for the i th input. Finally, the input V is
combined with the attention weight, and the weighted sum is calculated to
obtain the final attention output. The formula is

Attention(Q,K, V ) =
∑︂
i

aiVi (4)

where Vi is the value associated with the input sequence.
TextCNN is a deep learning algorithm suitable for text classification tasks.

In view of its good performance, it has become a benchmark model for text
classification tasks. The principle of this model is to take the size of the
convolution kernel in the CNN as the dimension of the word embedding
vector. For example, if the word vector dimension is 768, the convolution
kernel may be set to (3, 768); thus, each time the convolution operation is
performed in steps of 1, the convolution kernel selects three adjacent word
vectors for convolution. By setting different values of the convolution kernel
size parameter, CNNs can extract features from text contents of different
lengths. The flow chart of the Bagging algorithm is shown in Figure 2.

After the convolution layer, if the length of the sentence is L, then the
sentence embedding matrix is L × D, and for a convolution kernel of size
K×D (where K is the number of words covered by the convolution kernel),

n

Figure 2 Flow chart of the Bagging algorithm.
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the convolution operation can be expressed as Equation (5):

C[i] =
K−1∑︂
J=0

D−1∑︂
D=0

Ei+j,d · Fj,d + b (5)

The convolution output is then applied to the ReLU activation function,
which is a nonlinear function, meaning that the ReLU function returns X if
the input X is positive or zero, and 0 if X is a negative integer. The simplicity
of this function makes it computationally very efficient, while it also helps
alleviate the problem of vanishing gradients in neural network training. The
specific performance is shown in Equation (6):

A[i] = max(0, C[i]) (6)

A[i] is the output after passing through the activation function. Finally, the
result is fed into a max-pooling layer to select the maximum value from the
convolutional outputs, thereby enhancing the local features. The formula is
expressed as Equation (7):

P = max
i

A[i] (7)

where P is the output of the pooling layer, which extracts the most important
features. After that, it will be put into the full connection layer for integration
operation and output the results. For the classification task in this paper, Soft
is finally used in the output layer to convert it into the probability distribution
of the classification result, as shown in Equation (8)

Softmax(xi) =
exp(xi)∑︁
j exp(xj)

(8)

Here xi is the output of the fully connected layer, and the above formula
summarizes the main mathematical operations of TextCNN in processing text
data. This structure is particularly suitable for capturing local features in the
text.

3.2 K -Means Clustering Model

The K-means clustering algorithm is a commonly used unsupervised learn-
ing method, which uses iterative optimization to divide the data into K
categories. The algorithm flow comprises the following steps: randomly
selecting K samples as an initial center, calculating the distance from each
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point to the center, classifying according to the minimum distance prin-
ciple, and continuously updating the center until the classification result
is converged. The K-means clustering algorithm is known for its ease of
implementation and high computational efficiency, but it has two defects: the
random initial partition affects the clustering results, and the user is required
to specify the number of clusters K. To this end, many improvements have
been proposed to solve these problems. In the model-training stage, K-means
+ strategy is used to optimize the selection of initial clustering centers to
enhance the convergence speed of the model and reduce the classification
jitter. Euclidean distance and Mahalanobis distance are used to calculate
the similarity between points in the feature space, and Mahalanobis dis-
tance shows higher clustering stability in the scene with significant feature
correlation.

Ci = argminXj − u2i (9)

SSE =

k∑︂
i=1

∑︂
x∈Ci

∥x− ui∥2 (10)

where ui is the centroid of the ith cluster, which is used to evaluate the
compactness of the clustering of instructional design patterns.

Density-based spatial clustering of applications with noise density cal-
culation formula is used to divide teaching strategy clusters with different
densities:

Nε = {y ∈ D | dist(x, y) ≤ ε} (11)

The NeuralCF collaborative filtering formula is used to fit the matching
degree between the user and the instructional design scheme:

ŷui = ao(h
T (vTu vi)) (12)

Wide and deep combined training loss, taking into account memory
(historical matching of teaching strategies) and generalization (recommended
by the new teaching design model:

L = Lwide + Ldeep (13)

3.3 Test Method of Correlation Coefficient Difference

In order to judge whether the differences of correlation coefficients between
different teaching modules are statistically significant, Fisher’s r-to- Z trans-
formation method was used to compare the correlation coefficients of each
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module. Specifically, each Pearson correlation coefficient R is converted to a
Z value that approximately follows a normal distribution, and the conversion
formula is

Z =
1

2
ln

(︃
1 +R

1−R

)︃
(14)

The standard error of the difference between two independent correlation
coefficients is calculated as

SEZ1−Z2 =

√︃
1

n1 − 3
− 1

n2 − 3
(15)

The resulting Z statistic obeys the standard normal distribution and is
used to test whether the two correlation coefficients are significantly different.
Two-tailed tests were used for all comparisons, and the significance level
was set at α = 0.05. This method is superior to purely descriptive compar-
isons because it takes into account sampling variability, which is particularly
important when there are differences in the subsample size of users in each
module (n = 192 in the overall sample of this study, and the subsample size
of each module varies slightly depending on the actual frequency of use).

4 Analysis of Web Application Instructional Design Pattern
Mining

This experiment takes AI-enabled Japanese tutoring web application as the
research object, and carries out quantitative research around the dimensions
of web application design characteristics, user base characteristics, teaching
design elements, technology landing effect and learning effect by means
of technology disassembly, questionnaire survey, behavior burial point, and
comparative experiment. Combined with the analytic hierarchy process,
the weight division of the core elements of the instructional design model
and the extraction of the model are completed, and finally the AI-enabling
Japanese tutoring web application instructional design model adapted to the
whole stage of Japanese learning is excavated. The following are the core
results and targeted analysis of the experiment.

4.1 Analysis of Basic Characteristics

In the experiment, three typical AI-enabled Japanese tutoring web appli-
cations based on market utilization rate, AI technology web-based landing
degree, and functional integrity screening are selected as the research objects,
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and their core features are shown in Table 1. All three applications have
completed the web-based lightweight deployment of AI technology. The core
technologies are mainly NLP, WebRTC, and lightweight optical character
recognition (OCR). There is no heavy end-side model, which is in line with
the core attributes of “low threshold, cross-end access” of web applications;
web-specific tutoring modules and interactive forms are designed according
to the target user groups, such as online handwriting boards for examinees
and voice pop-up windows for beginners, which reflect the precise adap-
tation of teaching design to Japanese learning needs. The data processing
mode adopts a “cloud + local” hybrid architecture, which achieves a three-
fold pedagogical-technical synergy. First, local caching (implemented via
IndexedDB and localStorage in the front-end stack) enables offline storage
of learning progress, vocabulary records, and error logs, allowing learners
to engage in fragmented learning sessions of 5–15 minutes without relying
on continuous network connectivity – a critical affordance given that 45.8%
of users in our sample engage in pure fragmented learning (weekly usage
of 1–3 hours, as shown in Table 2). Second, periodic cloud synchroniza-
tion ensures cross-device learning continuity, enabling a learner to start a
session on a desktop (56.3% of users), pause, and resume on the mobile-
responsive web (31.8% of users) without data loss or progress reset – a
seamless experience essential to the responsive resource presentation mode.
Third, the hybrid approach balances performance and cost: latency-sensitive
operations (e.g., real-time grammar correction feedback) leverage local cache
to achieve sub-800 ms response times, while computationally intensive
tasks (e.g., collaborative filtering recommendations and learning analytics)
are offloaded to cloud servers where historical data from all users can be
aggregated. This architecture is not merely a technical implementation detail
but a deliberate design choice that operationalizes the pedagogical principle
of “anytime, anywhere, any device” fragmented learning – a principle that
fundamentally distinguishes web-based tutoring from traditional classroom-
based or packaged software approaches. According to the market utilization
rate data, the web application utilization rate for N3–N2 intermediate and
advanced learners reaches 45.7%, which reflects that Japanese learners at the
intermediate and advanced stage have a higher demand for AI tutoring on
the web side, and provides a market basis for the scene adaptation of the
follow-up teaching design mode.

In the experiment, 192 Japanese learners were selected as the subjects,
and the distribution of their basic information and web application usage is
shown in Table 2. The user group covers the whole stage of Japanese learning,
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Table 2 Basic information of experimental users and basic distribution of web application
usage

Statistical Dimension Subdivision Type Number (Person) Proportion (%)
Japanese level Zero basis 28 14.6

N5–N4 82 42.7
N3–N2 73 38

N1 and above 9 4.7
The web side uses the Computer side (PC) 108 56.3
device Flat end 23 12

Mobile 61 31.8
1–3 hours 88 45.8

Length of weekly use 4–6 hours 57 29.7
7–10 hours 32 16.7

More than 10 hours 15 7.8
Interest in learning 65 33.9

Grading test preparation 98 51

and the proportion of users in N5–N4 (42.7%) and N3–N2 (38.0%) stages is
more than 80%, which is in line with the current group distribution character-
istics of Japanese learning and provides a sample basis for the universality
of the experimental results. Web-side devices are mainly computer-side
(56.3%), and mobile-side devices (31.8%) account for nearly 1/3. It is clear
that responsive cross-end design is the core design requirement of such web
applications, and it is necessary to take into account the operation experience
of computer-side systematic learning and mobile-side fragmented learning.
According to the data of weekly usage time, 45.8% of the users engage in
pure fragmented learning (1–3 hours per week), and an additional 29.7%
combine fragmented learning with systematic study sessions (4–6 hours per
week). This indicates that “short time, high frequency” is the mainstream
learning mode for Japanese learners – a pattern that imposes specific techni-
cal and pedagogical requirements on web application design. Critically, the
viability of fragmented learning on the web depends on the underlying data
architecture: local caching ensures that a learner can complete a 10-minute
vocabulary drill during a commute without network interruptions, while
cloud synchronization preserves the learning progress across the desktop
and mobile sessions. Without this hybrid architecture, fragmented learning
would be reduced to isolated, noncumulative interactions – undermining the
pedagogical principle of distributed practice [24] that is central to language
acquisition. The “cloud + local” architecture thus serves not merely as
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a performance optimization but as the technological enabler of the frag-
mented learning model, ensuring that each short session builds upon previous
progress rather than existing as a standalone, disconnected activity.

It is important to point out that although the sample covered the full
spectrum of Japanese language proficiency from zero to advanced, the rep-
resentation of N1 + learners was relatively limited (n = 9, 4.7%). This
distribution reflects the actual learner demographics in the Japanese lan-
guage education market – beginning and intermediate learners make up the
vast majority. However, this also means that the instructional design model
extracted in this study has the most robust validation in the N5–N2 range.
The conclusions on N1 + learners should be interpreted with caution, as a
preliminary reference rather than a deterministic scheme.

4.2 Performance Analysis of Learning Outcomes

Figure 3 illustrates that the overall web-side learning efficiency index shows
an inverted U-shaped change of first rising and then falling, and the 60th
day is the turning point of the efficiency peak. During the 10–60 day ramp-
up phase, increased user familiarity with the tool drives productivity growth;
after 60 days, cognitive fatigue and attentional decay lead to a gradual decline
in productivity. There are significant differences in the performance of differ-
ent tools: WEAT (web-specific AI tutoring module) has the highest efficiency
and the strongest stability, while GLF (collaborative learning function) has
the weakest efficiency foundation and is most affected by cognitive load.
The study suggests that web-side learning can adopt a 60-day cycle planning

Figure 3 Comparison of learning efficiency of different web terminals.
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Figure 4 Comparison of usage frequency of different web sides.

strategy, arrange core tasks during peak periods, and improve the long-term
efficiency of inefficient tools through functional optimization.

Figure 4 shows that the web-side learning frequency index showed a
trend of rising first, then stabilizing and falling slightly, climbing rapidly
to the peak in 10–60 days, with each index rising by 42.5% on average
(M = 42.5, SD = 5.8, 95%CI [39.2, 45.8]) over the 10–60 day period, of
which WEAT (web-based exclusive AI tutoring module) peak 95 was the
highest and GLF (collaborative learning function) 74 was the lowest. The
peak values of LAID (lightweight AI interaction design), RLRP (responsive
learning resource presentation), DRAF (real-time AI feedback design), and
PLPR (personalized learning path recommendation) are 83, 79, 84, and 87,
respectively; after 60 days, there was a slight decline due to a decrease in
efficiency, and the decline of each index was less than or equal to 3. After 90
days, it tended to be stable, WEAT (web-based exclusive AI tutoring module)
fell back to 92, GLF (collaborative learning function) fell back to 71, and
other indicators fell back to 96%–98% of the peak, with significant stickiness.
There is a strong correlation between this index and learning efficiency, and
both peaks appear in 60 days, forming a positive support, but the decline
of frequency is much lower than that of efficiency, and there is a significant
difference between the stable rhythm of change and the continuous decline of
efficiency in the later period.

Figure 5 shows that WEAT has the highest degree of capability achieve-
ment in the whole cycle, and its value has increased rapidly from 68% on
the 10 th day to 89% on the 60th day and remained stable, significantly
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Figure 5 Comparison of capability achievement degree of different web end

ahead of other modes, reflecting the precise support of this mode for practical
ability and knowledge transfer. PLPR and DRAF are the second echelon,
and the achievement degree is stable at 76% and 73%; LAID and RLRP are
growing slowly, and finally stable at 68% and 60%; GLF is the weakest, and
the achievement degree is only stable at 51%. After 60 days, all the modes
entered the plateau period of ability achievement, which was consistent with
the plateau trend of learning efficiency and frequency of use. It is verified
that the AI-driven mode is the core value to improve the completion rate/pass
rate of users’ practical tasks (such as the operation compliance rate of web
virtual training), the efficiency of problem solving (the number of steps to
complete the task/time consume), and the ability of knowledge transfer (the
quality of cross-scenario task completion), which also reflects that there is an
upper limit to improve the ability of web-side training.

Figure 6 shows that the overall trend continued to climb for 10–80 days,
and after 80 days, it was completely stable without any decline. The growth
rate was fast in the early stage and gradually slowed down in the later stage,
which was in line with the gradual nature of knowledge accumulation; the
index difference is consistent with the previous order: WEAT is the best (peak
97), GLF is relatively weak (peak 85), LAID, RLRP, DRAF, PLPR peak
values are 92, 87, 92, 94, respectively, with an increase of more than 40%;
after 80 days, there is no fluctuation in the value of all indicators, because
the core knowledge system has been mastered, the growth has entered the
bottleneck, reflecting the precipitation of knowledge mastery.

Figure 7 shows that WEAT has the highest retention rate in the whole
cycle, with its value rising rapidly from 10 to 50 days to 94, falling slightly
after 50 days, and tending to be stable after 80 days, without a considerable
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Figure 6 Comparison of knowledge grasping degree of different web end.

Figure 7 Comparison of learning retention rates on different web sides.

decline, significantly ahead of other modes, reflecting that its AI tutoring can
effectively strengthen memory and delay knowledge forgetting. PLPR and
DRAF are the second echelon, and the retention rate is stable at 85% and
83%; LAID and RLRP are finally stable at 82% and 77%; GLF is the weakest,
and the retention rate is only stable at 73%. The retention rate of all modes
tends to be stable after the 80th day, indicating that web-side learning needs
to be combined with a periodic review mechanism to further strengthen long-
term memory.

The experiment further measured and quantified the AI technology imple-
mentation degree of each Japanese tutoring module of the web application,
investigated the user satisfaction through the Likert five-level scale, and
analyzed the correlation between the two. The results are shown in Table 3.
A significant positive correlation was observed between AI technology
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implementation and user satisfaction across all six tutoring modules (r =
0.72 − 0.89, all p < 0.05). The coefficient of determination (R2) values
ranged from 0.518 to 0.792, indicating that AI technology implementation
accounted for 51.8% to 79.2% of the variance in user satisfaction across
modules. According to Cohen’s (1988) criteria for correlation analysis in
educational research (R2 ≥ 0.25 is considered a large effect), all modules
demonstrated moderate-to-large effect sizes, confirming that web-based AI
technology implementation is a robust determinant of user satisfaction – a
core logic underlying the instructional design of AI-enabled Japanese tutoring
web applications.

The listening and speaking module exhibited the strongest correlation
(r = 0.89, R2 = 0.792, 95% CI [0.85, 0.92]), followed by the grammar
module (r = 0.83, R2 = 0.689), the error-review module (r = 0.81, R2 =
0.656), the reading-writing module (r = 0.79, R2 = 0.624), the vocabulary
module (r = 0.76, R2 = 0.578), and the handwriting correction module
(r = 0.72, R2 = 0.518). To determine whether these rank-order dif-
ferences were statistically meaningful, we conducted pairwise comparisons
of correlation coefficients using Fisher’s Z-transformation. The listening
and speaking module’s correlation coefficient was significantly higher than
those of the grammar module (Z = 1.98, p < 0.05), error-review module
(Z = 2.47, p < 0.05), reading-writing module (Z = 2.78, p < 0.01),
vocabulary module (Z = 3.45, p < 0.01), and handwriting correction
module (Z = 4.03, p < 0.001), confirming that the superiority of the
listening and speaking module is not merely a descriptive observation but
a statistically robust distinction.

While all modules reached statistical significance, their effect sizes
showed meaningful variation. Three modules (listening and speaking, gram-
mar, and error-review) exhibited R2 values exceeding 0.65, indicating that
AI technology implementation explains more than two-thirds of the variance
in user satisfaction. This suggests that in these modules, the user experience
is overwhelmingly shaped by the quality of AI technology deployment. By
contrast, the handwriting correction module’s R2 of 0.518, while still indi-
cating a large effect, was the lowest among all modules, implying that factors
beyond AI technology – such as input modality constraints and inherent
OCR accuracy limitations – play a more substantial role in shaping user
satisfaction. This finding aligns with the technical challenges noted in Table 1
regarding lightweight OCR deployment on the web side.

The superior performance of the listening and speaking module (r =
0.89, R2 = 0.792) can be attributed to the WebRTC-based real-time speech
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recognition technology, which enables immersive web-based oral interaction
and directly addresses the core pedagogical pain point of “difficult listening
and speaking training” in traditional Japanese web learning. Similarly, the
grammar module’s strong performance (r = 0.83, R2 = 0.689) reflects
the pedagogical value of real-time NLP grammar correction, which opera-
tionalizes an “input-as-correction” instant feedback loop. The handwriting
correction module’s comparatively lower correlation (r = 0.72, R2 = 0.518)
is likely constrained by the technical bottleneck of web-based lightweight
OCR recognition accuracy and handwriting trajectory analysis, identifying
this as a priority area for future technological improvement.

In order to analyze the core learning behavior of users on the web side, the
experiment carried out the embedding of web behavior on the core module,
and counted the average stay time and operation frequency of users on each
core page. The results are shown in Table 4. The average stay time (12.5±2.3
minutes) and daily operation frequency (4.8 times) of the AI interaction page
are the highest, followed by the result feedback page, indicating that AI inter-
action and real-time feedback are the core attraction of AI-enabling Japanese
tutoring web application, and the user’s core learning behavior revolves
around the triggering of the AI function and the viewing of feedback results.
It verifies the rationality of “real-time AI interactive feedback design” as the
core element of instructional design. The stay time for the home page and the
personal center page is less than 3 minutes, and the operation frequency is
very low. The core reason is that the core demand of users using this kind of
web application is “efficient learning”, which requires the teaching design to
optimize the navigation design of the home page, reduce the jump level, and
realize the one-click access of the core learning module. The learning module
page and the wrong question page are the core intermediate links connecting
the AI interaction page and the result feedback page, and the stay time and
operation frequency are at a medium level. The design needs to strengthen the
clarity of module classification and the convenience of sorting out the wrong
questions, so as to improve the user’s operation efficiency. On the whole,
the user’s page behavior data intuitively reflects their core learning needs,
and provides a direct behavioral basis for the page layout and operation link
design of web applications.

4.3 Performance Analysis of Learning Behavior Class Process

As can be seen from Figure 8, WEAT has the highest participation in the
whole cycle, with its participation increasing from 75% on the 10th day to
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Figure 8 Comparison of engagement metrics across different web sites.

Figure 9 Comparison of investment indicators of different web terminals.

95% on the 60th day, and then falling back to 93% on the 80th day and
remaining stable, significantly ahead of other modes. The AI-driven dynamic
content adaptation and personalized interaction mechanism can effectively
improve the frequency and duration of user platform login, the access rate of
course content, and the participation rate of interactive modules. PLPR and
DRAF are the second echelon, and the participation is stable at 85% and 83%;
LAID and RLRP are finally stable at 82% and 77%; GLF is the weakest, and
the participation is only stable at 73%.

Figure 9 shows that WEAT (web-based dedicated AI tutoring module)
is the best in terms of deep engagement behavior, and its users have a
higher degree of engagement in effective learning time (excluding hang-up
time), task completion time (ratio to average time), and repeated learning
times (repetition rate for difficult content). It reflects the AI-driven dynamic
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content matching and instant feedback mechanism, which can effectively
stimulate users’ willingness to participate in depth. In terms of continuous
input stability, the input degree of WEAT mode increased from 74% on the
10th day to 94% on the 60th day, and the subsequent fluctuation was stable
to 90%, which was the most stable among all modes; the investment of GLF
mode dropped steadily from 53% on the 10 th day to 74% on the 60th day
to 70%, reflecting the lack of effective incentives for users’ long-term invest-
ment in pure collaboration mode. Further correlation analysis shows that the
ranking of engagement is highly positively correlated with the ranking of core
learning indicators, such as vocabulary memorization efficiency and grammar
parsing ability (the correlation coefficient is 0.89), which verifies the positive
logic of “high engagement → high learning effect”, and also shows that the
AI-driven model ultimately achieves the improvement of learning efficiency
by improving engagement.

Figure 10 shows that WEAT (web-based AI tutoring module) has the
strongest regularity in the whole cycle, with its regularity rising from 69%
on the 10th day to 84% on the 60th day and remaining stable, significantly
ahead of other modes, reflecting its AI-driven fixed-period reminder and per-
sonalized task push mechanism. It can effectively help users establish stable
learning interval stability, task submission timeliness, learning rhythm match-
ing degree, and reduce behavior fluctuations. PLPR (personalized learning
path recommendation) and DRAF (real-time AI feedback design) are the
second echelon, and the regularity is stable at 87% and 84%; LAID and RLRP
are finally stable at 83% and 79%; GLF is the weakest, and the regularity is
only stable at 74%, reflecting that pure collaboration mode is difficult to guide
users to form stable learning habits.

Figure 10 Comparison of regularity indexes of different web terminals.
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Figure 11 Comparison of human-human interaction indicators on different web sides.

Figure 11 shows that GLF has the highest human-human interaction index
in the whole cycle, with its index dropping from 59% on the 10th day to
86% on the 70th day and remaining stable, reflecting its design with group
collaboration as the core, which can significantly improve users’ participation
in collaborative tasks and peer interaction. WEAT and PLPR are in the second
echelon, with stable indicators at 79% and 78%; RLRP and DRAF are in
the middle, with stable indicators at 76% and 77%; LAID is the weakest,
with only stable indicators at 72%. Further analysis shows that GLF mode
has the highest interaction frequency, but the problem-solving rate is only
68%, while WEAT mode has a lower interaction frequency, but the problem-
solving rate is 81%, indicating that AI-assisted interaction is more focused on
effective problem solving. Therefore, there is a positive correlation between
the human-human interaction index and the improvement of listening and
speaking ability (correlation coefficient is 0.78), but the correlation with
vocabulary, grammar, and other basic abilities is weak, indicating that human-
human interaction can improve the actual language ability, which needs to
complement with AI-driven personalized learning.

4.4 Analysis on the Weight of Core Elements and Pattern
Characteristics

To determine the core elements and priorities of the AI-enabled Japanese
tutoring web application instructional design model, the experiment invited
Japanese education and web development experts to construct an index sys-
tem via the Delphi method and calculate element weights using the analytic
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Table 5 AI-enabling Japanese tutoring web application instructional design model core
element weight table

First-level Weight Indicator

Core Elements of Instructional Level of Secondary Layer Weight

Design Model (Web-side) Index Weight Index (Comprehensive)

Web-based lightweight AI technology
deployment

0.423 0.508 0.215

Design of real-time AI interactive
feedback

0.423 0.492 0.208

Design of web-based AI tutoring
module

0.356 0.522 0.186

Responsive learning resource design 0.356 0.503 0.179

Personalized recommendation driven
by user behavior data

0.221 0.507 0.112

Functional design of collaborative
learning

0.221 0.407 0.09

hierarchy process, with results shown in Table 5. The design model’s core
elements are divided into three levels: core, key, and basic, with weight distri-
bution featuring “high core layer proportion and low basic layer proportion”,
conforming to web application instructional design’s “grasp core, simplify
foundation” logic. Web-based lightweight AI deployment (0.215) and real-
time AI interactive feedback (0.208) are core elements, accounting for over
40% of total weight, as lightweight ensures AI landing and real-time feedback
reflects AI’s core value. Web-exclusive AI tutoring modules (0.186) and
responsive learning resources (0.179) are key elements (nearly 37% weight),
ensuring pertinence and cross-end adaptability. User behavior-driven person-
alized recommendation (0.112) and collaborative learning (0.090) are basic
elements (below 15%), consistent with user frequency data. All elements rely
on web-exclusive technology, reinforcing the study’s web-focused orienta-
tion and providing a clear basis for instructional design mode technology
selection.

Table 6 presents the change trend of core indicators and their effect
quantity (η2) in the four time nodes of 10, 30, 60, and 100 days for the three
web learning scenarios. The interactive success rate of the immersive virtual
learning environment decreased from 89.0% to 82.0% and then stabilized,
and the immersion score decreased slightly from 9.2 to 8.4. The learning
persistence and knowledge mastery of conventional online courses decreased
from 76.0% and 82.0% to 65.0% and 74.0%, respectively, and then entered
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a plateau; the human-human interaction index and the collaborative task
completion degree of the web collaborative learning environment are stable
from 78.0% and 85.0% to 66.0% and 77.0%, respectively. The effect size of
the three scenarios (η2 = 0.29−0.45) reached a moderate to large effect, and
the effect size of the regular course was the highest (η2 = 0.45), indicating
that the knowledge mastery index changed most significantly over time. All
indicators showed a common rule of “first decline and then stability”, and
entered a stable period in about 60 days.

Based on the above quantitative analysis, Japanese teaching theory
and web application development specifications, three core teaching design
modes of AI-enabled Japanese tutoring web applications are extracted from
Table 7. All three modes are web-based, following the design logic of “stage
adaptation, scenario matching, and technical support” to cover the entire
Japanese learning process and mainstream scenarios. The lightweight AI
interaction + responsive resource presentation mode focuses on fragmented
learning at the zero-based-N4 stage, featuring “convenience, cross-end,
and lightweight” to adapt to web and mobile scenarios, improve learning
efficiency, and fit zero-based learners’ habits. The modular AI tutoring + real-
time feedback mode, the most applicable one, focuses on N3–N2 systematic
learning. Centered on “clear modules, immediate feedback, and data trace-
ability”, it adapts to computer-based learning, realizes real-time data statistics
via ability-based modules, and meets intermediate and advanced learners’
needs. The personalized recommendation + collaborative learning mode
targets N1+ learners and enthusiasts for immersive learning, using data-
driven recommendations and online collaboration to meet advanced needs,
though its web implementation needs’ optimization. Their complementary
advantages provide a practical, replicable standardized design idea for related
web application development.

The sample distribution also informs the confidence level of the three
extracted instructional design patterns. The first two patterns (lightweight
fragmented-learning adaptation mode and structured systematic learning
mode) are supported by a combined sample of 163 learners (84.9%), pro-
viding strong empirical grounding. The third pattern (immersive advanced
application mode), while conceptually derived from the data of nine N1+
learners and supplemented by expert interviews and market usage data,
should be regarded as a preliminary framework that requires further val-
idation with larger advanced-learner samples. Future research should pri-
oritize recruiting N1+ participants to strengthen the empirical basis of this
pattern.
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5 Conclusion

Focusing on AI-enabled Japanese tutoring web applications, this study
conducts a systematic empirical study on web application technology imple-
mentation, instructional design elements, user learning behavior and actual
effects, aiming to explore instructional design modes suitable for the whole
Japanese learning stage. It addresses problems such as insufficient integration
of AI technology and instructional design, and lack of scenario adaptabil-
ity in current applications, providing theoretical and practical support for
related design and development. Quantitative analysis shows that respon-
sive resource presentation and real-time AI feedback are core elements,
lightweight AI interaction needs’ optimization, and collaborative learning
is a key reconstruction element. There is a significant positive correlation
between AI technology implementation and user satisfaction. The innovation
lies in deep integration of AI and instructional design, exploring design
rules through multi-dimensional data, constructing a fitting instructional
design index system, and refining three modes realizing “technology-stage-
scenario” binding. Future research will focus on three interrelated directions.
First, collaborative learning optimization research. Although the weight of
collaborative learning in the analytic hierarchy process (AHP) framework
is relatively low (0.090), its pedagogical value for advanced stage (N1+)
learners cannot be ignored. The follow-up study will explore the following
three paths: (a) an intelligent grouping algorithm based on learner portraits
to maximize collaboration benefits by matching complementary ability fea-
tures; (b) research on the optimal timing of AI intervention in collaborative
tasks, such as maintaining passive observation during peer brainstorming
to maintain interpersonal interaction fluency, actively intervening to correct
deviations only when task deviations are detected, and providing summative
feedback rather than real-time interruption after the task is over; (c) develop
collaborative effectiveness measurement tools beyond task completion rate,
covering multi-dimensional indicators such as peer scaffolding frequency,
number of negotiated meaning segments, and quality of jointly constructed
knowledge products. Second, long-term user data tracking and dynamic
mode optimization. This study currently uses a 100-day observation window
and finds that most of the learning indicators tend to be stable after 60–
80 days. The follow-up study will be extended to a 12-month longitudinal
follow-up study, and monthly evaluation nodes will be set up to test the
sustainability of the effects of the three teaching modes in a longer period,
and to explore the law of mode preference transfer of learners with the
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improvement of their level. On this basis, a prediction model of user behavior
sequence based on long short-term memory is constructed, which realizes
the early warning of learners’ loss risk 30 days ago, the recommendation
of the best mode switching time and the setting of a personalized review
interval based on the Ebbinghaus forgetting curve. Finally, a data-driven
design element weight dynamic iteration mechanism is established, which
enables the long-term accumulation of learning effectiveness, satisfaction,
and participation data to be regularly fed back to the AHP weight framework,
so as to realize the continuous calibration and evolution of the teaching mode.
Third, AI model integration and scalability research. We will explore pro-
gressive enhancement architectures that enable lightweight local models to
handle latency-sensitive tasks, while on-demand cloud-based deep analytics
serve complex evaluation needs, while investigating multi-model integration
strategies to optimize the balance of reasoning speed and accuracy in practical
deployment scenarios. The above three directions work together to transform
the current static instructional model framework into a dynamic adaptive and
data-driven evolutionary instructional design ecosystem.
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