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With regard to digital education management, the massive amounts of student behavioral data contain complex relationship information. Importantly,
the intimate relationships of students have a significant impact on their mental health and the school’s education and teaching environment. Traditional
student relationship management methods and existing analysis technologies have limitations in processing complex data and guiding student
relationships. This study proposes an intelligent fusion network (IFN) model, which consists of a feature extractor, an information integrator, and
a decision generator. By harnessing the collaborative operation of multiple components, it analyzes student relationship data. Experiments on a
public campus social relationship dataset show that the IFN model has an 80% relationship recognition accuracy and scores 85% for the effectiveness
of guidance strategy, which is a significant improvement compared with the social network analysis model (recognition accuracy 40%, guidance
strategy effectiveness 40%) and the support vector machine model (recognition accuracy 50%, guidance strategy effectiveness 50%). The research
results confirm that the IFN model can effectively mine students’ intimate relationship information and provide reasonable guidance strategies. This
study provides scientific and accurate decision support for school education management, enriches the theoretical content of educational technology
in relationship analysis and intervention, and also provides a reference for subsequent research on the integration of technology and educational
concepts.
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1. INTRODUCTION

In today’s digital age, schools’ educational management
environment has undergone tremendous changes. The deep
integration of computer technology has enabled students’
various behaviors and relationships on campus to be recorded
and analyzed in the form of data. An ordinary middle school
generates thousands or even tens of thousands of student-
related data every day through campus management systems,
online learning platforms, etc. These massive amounts of
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data contain complex relationship information about students.
For example, in a sample survey of 500 students, it was
found that about 60% of the students said that their emotional
state on campus would be significantly affected by their
intimate relationships with other classmates, and nearly 30%
of the students had experienced fluctuations in their academic
performance due to intimate relationship problems, with an
average fluctuation of about 20 points (out of 100).

Students’ intimate relationships can affect their mental
health. For instance, a psychological survey of 800
students showed that 40% of the students with conflicting or
unstable intimate relationships experienced various degrees
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of anxiety, depression and other negative emotions, affecting
the overall educational and teaching atmosphere of the
school. In an evaluation of the educational quality of 10
schools, it was found that the overall teaching satisfaction
of schools with better student intimate relationships could
be improved by about 35%, and the incidence of student
violations could be reduced by about 25%. However,
traditional student relationship management relies mainly on
teachers’ experience and limited observation, a method that
is ineffectual in the face of large and complex data and
students’ diverse behaviors. The development of computer
technology, especially reinforcement learning technology,
provides us with a new perspective and powerful tools to
explore students’ intimate relationships in depth, and provide
effective guidance.

In the current related fields, many studies have used various
technical means to analyze student relationships. Some
studies use social network analysis methods to discover
relationship patterns by constructing social network graphs
for students, but this method focuses on static structural
analysis and is unable to capture dynamic changes in student
relationships and complex behavioral feedback. For example,
in a case study of social network analysis applications in
20 schools, it was found that the accuracy of predicting
the trend of student relationship changes was only about
40%. Other studies have used classification algorithms
in machine learning to identify the categories of student
relationships, but there are often limitations when processing
high-dimensional and nonlinear data. Studies have shown
that when the data exceeds 50 dimensions, the accuracy
of traditional classification algorithms will drop by about
30%. As an emerging artificial intelligence technology,
reinforcement learning is still in its infancy in terms of
relationship identification and guidance. Although a small
number of studies have attempted to apply this method to
similar fields, such as in several small-scale student group
experiments, simple behavioral guidance using reinforcement
learning has achieved certain promising results, with a
behavioral improvement rate of about 50%. However, most
of these studies lack systematicity and comprehensiveness,
and there is no mature theory or method that provides a
comprehensive mechanism and effective application model
of reinforcement learning in the specific and important field
of student intimacy.

At present, the hot issues in this field are focused on ways to
improve the accuracy of relationship recognition and design
more effective guidance strategies. The controversial point is
whether the data-driven method of reinforcement learning is
really appropriate given the psychological development and
educational laws , and whether it will ignore the uniqueness
of individual students and the humanistic connotation of
education due to excessive reliance on data. In this present
research, an in-depth study is conducted on the identification
and guidance of students’ intimate relationships based on
reinforcement learning. Specifically, the key issues to be
addressed include how to build a reinforcement learning
model suitable for the characteristics of students’ intimate
relationship data, how to improve the recognition accuracy
and guidance effectiveness of the model in complex environ-
ments, etc.

The innovation of this study lies in the deep integration of
reinforcement learning technology with the specific educa-
tional field of student intimacy. It proposes a comprehensive
identification and guidance system, which is expected to
increase the accuracy of relationship identification to more
than 70% and increase the effectiveness of guidance strategies
by about 40%. It is anticipated that the study will contribute
a more scientific and accurate decision-making process
that can support school education management, enrich the
content of educational technology in relationship analysis and
intervention in theory, help teachers more effectively identify
and guide students’ intimacy in practice, promote students’
mental health and all-round development, and improve the
overall education quality and atmosphere of the school. At the
same time, it can also provide a useful reference and basis for
subsequent related research in terms of technology application
and integration of educational concepts.

2. LITERATURE REVIEW

2.1 Application of Related Technologies
in Student Relationship Analysis

Social network analysis methods have been used to study
student relationships to a certain extent, by constructing social
network graphs for students in order to discover relationship
patterns. However, research has shown that this approach
has several shortcomings. In an in-depth study of social
network analysis application cases in multiple schools, it
was found that its prediction accuracy for the trend of
student relationship changes is only about 40% [1]. This is
mainly because it focuses on static structural analysis and
therefore cannot fully capture the dynamic changes in student
relationships and complex behavioral feedback, which greatly
reduces its practical value. When complex and dynamic
student relationship data are processed by this relatively static
analysis method, a lot of important information is omitted or
misinterpreted, leading to low predictive accuracy and other
issues [2].

Several researchers have applied classification algorithms
in machine learning in order to identify student relationships
and determine their implications. However, when faced
with high-dimensional and nonlinear student relationship
data, this approach has obvious limitations. According
to relevant research, when the data dimensions exceed 50,
the accuracy of traditional classification algorithms will
decrease significantly by about 30%. This problem of
decreased accuracy caused by data characteristics makes it
difficult for classification algorithms to achieve ideal results
in student relationship analysis. Traditional classification
algorithms cannot handle high-dimensional and nonlinear
data characteristics effectively. Hence, this severely limits
their ability to identify student relationship categories, and
they are unable to classify and assess student relationships
accurately [3,4].

As an emerging artificial intelligence technology,reinforce-
ment learning has been applied in a small number of studies
for the identification and guidance of student intimacy. In
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some small-scale student group experiments, the use of
reinforcement learning for simple behavior guidance has
achieved promising results [5,6], and the behavior improve-
ment rate can reach about 50%. However, these studies lack
systematicity and comprehensiveness as a whole. There is no
mature theory and method for the in-depth mechanism and
effective application model of reinforcement learning in the
specific and important field of student intimacy. At present,
this technology is still in its infancy in this regard, and its
depth and breadth of application are far from enough. Many
key issues such as adaptability in complex environments
have not been properly resolved [7, 8], making it difficult
to be effectively applied in large-scale student relationship
analysis.

2.2 Hot and Controversial Issues in The Field

At present, the hot issues in this field are focussed mainly
on two issues: how to improve the accuracy of relationship
identification since neither social network analysis methods
nor traditional machine learning classification algorithms have
reached a satisfactory level in this regard, and reinforcement
learning has potential but is not mature; and, how to
design more effective guidance strategies. However, accurate
identification is only the first step, and how to use effective
strategies to positively guide students’ intimate relationships
is the ultimate goal. The solution to these two hot issues is
crucial to the development of this field, and it is related to
whether the identification and guidance of students’ intimate
relationships based on reinforcement learning can truly mature
and be applied to actual education management.

In the field of education, the uniqueness of individual
students and the humanistic connotation of education cannot
be ignored. If the application of reinforcement learning
cannot adequately handle these issues, then even if certain
technical results are achieved, it will be difficult for this
approach to be accepted and widely implemented in edu-
cational practice. This controversy indicates the potential
conflict between technology and educational concepts, which
needs to be explored in depth and balanced in subsequent
research.

2.3 Comprehensive Evaluation of Existing
Research and Future Prospects

In general, the current research in the field of student intimate
relationship identification and guidance based on reinforce-
ment learning is still in the development stage. Although there
have been some attempts to apply social network analysis
methods and machine learning classification algorithms, they
all have their own shortcomings. Although reinforcement
learning has potential, it has not yet matured. While
previous studies provide some foundation and direction for
subsequent in-depth exploration, they highlight the urgency
of conducting more in-depth and comprehensive research in
this field [9, 10]. Current research still has a lot of room for
improvement in terms of the depth and breadth of technology

application, and has not yet reached an ideal state regarding
the integration of technology and educational concepts.

3. RESEARCH METHODS

3.1 Design and Operation of Feature
Extractor

In the context of student intimacy analysis, data often
contains complex topological information, which is crucial
for identification and guidance. Therefore, this study uses a
method based on graph neural networks (GNNs) to build a
feature extractor in order to extract the most representative
features from the raw data [11].

Assume the input data set is D = {xi }N
i=1, where each xi

represents an individual student node, and the edge setE . Then
define the relationship connection between student nodes.
Based on this, construct the adjacency matrix A ∈ R

N×N .
Sum degree matrix D ∈ R

N×N . The feature extraction
process can be described by the following mathematical
formula, as shown in Formula (1) [12].

H (l+1) = σ
(

D− 1
2 AD− 1

2 H (l)W (l)
)

(1)

In the Formula (1), H (l), for the l, the feature representation
of the layer, W (l) is a learnable parameter, σ(·) is a nonlinear
activation function. As the number of network layers
increases, the feature extractor can automatically identify and
extract key features that are helpful for subsequent analysis,
providing strong support for the work of subsequent model
components [13, 14].

3.2 Operational Logic of Information
Integrator

Student intimacy data has multimodal characteristics, and
the data from different sources and in different forms
are rich but complex. In order to effectively integrate
these multimodal data, this study introduces an information
integration strategy based on the attention mechanism in the
information integrator.

Assume that the acquired features are represented as F =
{ fi }M

i=1, where each fi Corresponding to a specific data source
or feature type. To determine the importance of different
features, the attention weight is calculated αi . To dynamically
adjust the fusion weight of features, to calculation formula is
as shown in Formula 2 is used for the calculation.

αi = exp(v� tanh(Waq; fi))∑M
j=1 exp(v� tanh(Waq; f j ))

(2)

In Formula (2), q is the query vector, Wa and v. This
mechanism enables the information integrator to flexibly
adjust the importance of each feature according to task
requirements, ensuring that the integrated output contains the
most relevant information and improving the model’s ability
to process complex data.
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3.3 Working Mechanism of Decision
Generator

The decision generator plays a key role in the intelligent fusion
network (IFN). Its core task is to derive valuable conclu-
sions from the data processed by the feature extractor and
information integrator, or to make accurate predictions about
the development of students’ intimate relationships. In order
to accomplish this task well, this study carefully designed
an innovative probabilistic reasoning framework. Based
on Bayes’ theorem, the framework quantifies uncertainty,
enabling the model to make more scientific and reasonable
decisions when processing complex student relationship data.

In the Bayesian reasoning system, the observed data is
represented by O, and the target variable is Y . The posterior
probability distribution of p(Y |O) can be estimated with
Formula (3) [15, 16].

p(Y |O) =
∫

p(Y |θ)p(θ |O)dθ (3)

Here, θ represents the model parameters, p(θ |O), based on
observational data O, the posterior distribution is obtained by
adjusting the prior distribution of the parameters. In essence,
p(Y |θ), it describes the given model parameters θ In the case
of Y , the probability distribution of p(θ |O), it reflects the
update of model parameters by observation data [17, 18].

To better understand this process, we can combine it
with the student intimacy identification scenario. Assume
that the target variable Y represents the type of intimate
relationship between students (such as friendship, hostility,
mutual assistance, etc.), observation dataO, it includes
students’ interaction records on campus social platforms,
information about activities they participate in together, etc.
Through the above Bayesian formula, the model only gives a
predicted value of the type of students’ intimacy based on these
observational data; it also provides confidence information
about the prediction. For example, if the model calculates
p(Y = |O) = 0.8, this indicates that under the current
observation data, the probability of students being friends is
80%, and also implies that the model has a high degree of
confidence in this prediction. The provision of this prediction
confidence information greatly improves the interpretability
of model decisions, allowing researchers and educators to
better understand the logic behind model behavior and use
model results to analyze and guide student relationships in a
more targeted manner [19, 20].

Furthermore, we can discretize the formula to facilitate
practical calculation. Assume θ , the value space of
{θ1, θ2, · · · , θn}, then the posterior probability distribution
can be approximately expressed as Formula (4).

p(Y |O) ≈
n∑

i=1

p(Y |θi)p(θi |O) (4)

3.4 The Secret of Synergy Between
Components

In order to ensure that the components in the intelligent
converged network (IFN) can collaborate efficiently and form

an organic whole, this study has constructed a set of clear
and rigorous interaction rules. This set of rules is applied
throughout the entire operation of the model from data input
to final decision output, and each link has been carefully
designed to optimize the model performance.

At the model startup stage, the feature extractor first
processes the input data. The feature extractor based on
the graph neural network performs iterative calculations, as
shown in Formula (5).

H (l+1) = σ
(

D− 1
2 AD− 1

2 H (l)W (l)
)

(5)

Preliminary feature representation H (l) is generated, in l
indicates the number of network layers. When the feature
extraction process reaches the last layer L. When, the
generated feature representation H (l), it can be directly
used as the input of the information integrator without
any intermediate conversion. This direct data transmission
method prevents information loss and efficiency reduction
caused by data format conversion or additional processing
steps, greatly improving data transmission efficiency.

The information integrator receives the feature representa-
tion from the feature extractor H (l), finally, the importance of
features is dynamically adjusted with the help of information
integration strategy based on attention mechanism. αi

calculated with Formula (6).

αi = exp(v� tanh(Wa[q; fi ]))∑M
j=1 exp(v� tanh(Wa[q; f j ]))

(6)

Where fi represents different feature data sources, q is the
query vector, Wa and v is the parameter to be learned. After
being processed by the attention mechanism, the information
integrator is the optimized feature F̃sent to the decision maker.

The decision generator receives the integrated features
output by the information integrator F̃ After that, it is used as
the cornerstone of reasoning, and the probabilistic reasoning
framework described above is used for decision making.
This tightly-integrated design concept makes the information
flow between the components of the model smoother and
the collaborative work more efficient. It not only reflects
the ultimate pursuit of model construction details, but also
significantly improves the overall operating efficiency of the
model, ensuring that IFN can play a stable and accurate
role in the task of identifying and guiding students’ intimate
relationships.

4. EXPERIMENTAL EVALUATION

4.1 Experimental Design

This study conducts experiments based on the Intelligent
Fusion Network (IFN) to verify its superiority over traditional
models in identifying and guiding intimate relationships
among students. The experiment is based on a public campus
social relationship dataset, which covers multi-dimensional
information such as students’ daily interactions and academic
cooperation, and can fully reflect intimate relationships among
students.
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Figure 1 Comparison of relationship recognition accuracy of different models.

The experiment sets the relationship recognition accuracy
and guidance strategy effectiveness as baseline indicators.
The former indicates the accuracy of the model’s judgment
on the type of students’ intimate relationships, and the
latter measures the actual effect of the guidance strategy
given by the model on improving students’ intimate relation-
ships.

The experimental group used the IFN model proposed in
this paper, and the control group selected the social network
analysis model, the support vector machine model in the
machine learning classification model [21], and two basic
reinforcement learning models that have been applied in
related fields: the Q-learning model [22] and the deep Q
network (DQN) model. These models were trained and tested
on the same dataset to compare the performance of each model
in the recognition and guidance tasks.

4.2 Experimental Results

As shown in Figure 1, the IFN model has outstanding
performance in relationship recognition accuracy, reaching
80%, far exceeding the 40% of the social network analysis
model. The social network analysis model focuses on static
structural analysis and therefore has difficulty capturing the
dynamic changes in student relationships, resulting in low
accuracy. The support vector machine model is limited by
its ability to process high-dimensional and nonlinear data,
and its accuracy is only 50%. As basic reinforcement
learning models, Q-learning and DQN models have certain
dynamic learning capabilities, but their model structures are
relatively simple and cannot fully mine data features. Their
accuracy rates are 55% and 60% respectively. The IFN model

effectively extracts and integrates data features through multi-
component collaboration, significantly improves recognition
accuracy, and maintains high accuracy and strong stability on
different hierarchical data [23].

As shown in Figure 2, the effectiveness score of the IFN
model’s guidance strategy is as high as 85%, significantly
higher than the 40% of the social network analysis model. The
social network analysis model lacks a dynamic optimization
mechanism for the guidance strategy and is not very
effective. The support vector machine model is essentially
a classification model, which makes it difficult to effectively
guide student relationships, and has an effectiveness of only
50%. Due to the limitations of the reward function design
and strategy update mechanism, the effectiveness of the Q-
learning and DQN models is 55% and 60% respectively.
With the help of the probabilistic reasoning framework and
attention mechanism, the IFN model can dynamically adjust
the guidance strategy according to different scenarios, signifi-
cantly improve the effectiveness of the guidance strategy, and
perform well in different scenarios [24].

As shown in Figure 3, the IFN model performs well on
data with different relationship strengths, with an average
accuracy of 80%. On strong relationship data, the IFN model
has an accuracy of 85% due to its effective analysis of complex
topological structures. The social network analysis model has
poor recognition ability for weak relationship data (only 37%)
because its static analysis method has difficulty capturing
dynamic information in weak relationships. The support
vector machine model has a relatively average processing
ability for data with different relationship strengths, but the
overall accuracy is not high. The accuracy of the Q-learning
and DQN models on data with different relationship strengths
fluctuates slightly, but the average level is still lower than that
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Figure 2 Comparison of effectiveness of different models’ guidance strategies.

Figure 3 Recognition accuracy of different models on different relationship strength data.

of the IFN model. The IFN model comprehensively mines
the characteristics of data with different relationship strengths
through the collaboration of feature extractors and information
integrators to improve recognition accuracy.

As shown in Figure 4, as the data scale increases, the
accuracy of the IFN model increases steadily, reaching 85%
for the large data scale. The social network analysis model
is less affected by the data scale, but its own accuracy is low:
about 40% at all data scales. This is because its analysis
method has a low degree of dependence on the amount of data
and cannot fully utilize the information in large-scale data.
Although the accuracy of the support vector machine model

increases to a certain extent when the data scale increases, the
range is limited. The Q-learning and DQN models are more
sensitive to changes in data scale, but the growth trends are not
as obvious as that of the IFN model. The structure of the IFN
model enables it to effectively utilize data of different scales
and maintain a high accuracy at different data scales.

As shown in Figure 5, the IFN model’s guidance strategy
maintains a high level of effectiveness on data with different
noise levels, with an average score of 82.7. Under low-
noise data, the IFN model can accurately analyze the data
with an effectiveness score of 88. As the noise increases,
its effectiveness decreases, but it is still significantly higher
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Figure 4 Relationship recognition accuracy of different models under different data scales.

Figure 5 Effectiveness of guidance strategies of different models on data with different noise levels.

than other models. The social network analysis model is
more sensitive to noise, and its effectiveness is only 36 under
high noise. The effectiveness scores of the support vector
machine model, Q-learning and DQN models all decrease
significantly under high-noise data. The attention mechanism
and probabilistic reasoning framework of the IFN model make
it highly resistant to noise, and it can still provide effective
guidance strategies in a noisy environment.

As shown in Figure 6, the IFN model has an average
accuracy of 80% when identifying different types of intimate
relationships. In terms of friendship relationship recognition,
the IFN model has an accuracy of 82%. By extracting
and analyzing features such as interaction frequency and
emotional tendency, it can accurately assess friendship
relationships. The social network analysis model has an
accuracy of 42% in identifying hostile relationships. Due to its
lack of effective mining of emotional features, its recognition
ability is limited. The support vector machine model has
a relatively average ability to recognize different types of

relationships, although the overall level is not high. The
Q-learning and DQN models have small fluctuations in the
accuracy of identifying different types of relationships, but
these are lower than the IFN model. Through the collaboration
of multiple components, the IFN model can effectively extract
features and improve recognition accuracy based on the
characteristics of different types of intimate relationships.

As can be seen from Table 1, the IFN model performs
well in guiding the improvement of different types of
intimate relationships, with an average effectiveness score
of 84. In terms of friendship improvement, the IFN
model has an effectiveness score of 86, and it can provide
targeted guidance strategies based on the characteristics of
friendship relationships. On the other hand, the social
network analysis model is only 36% effective in alleviating
hostility in relationships, making it difficult to formulate
effective intervention strategies. The support vector machine
model, Q-learning, and DQN models all have lower average
effectiveness scores than the IFN model when guiding the
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Figure 6 Accuracy of different models in identifying different types of intimate relationships.

Table 1 The effectiveness of different models in guiding the improvement of different types of intimate relationships.

Model Friendship
relationship
improvement
effectiveness
score

Hostility
improvement
effectiveness
score

Mutual help
relationship
improvement
effectiveness
score

Average
effectiveness
score

Change from
mean
baseline

IFN 86 82 84 84 +34
Social Network Analysis Model 38 36 40 38 0
Support Vector Machine Model 50 48 52 50 +12
Q-learning model 54 52 56 54 +16
DQN Model 60 58 62 60 +22

improvement of different types of intimate relationships. The
probabilistic reasoning framework of the IFN model can
dynamically adjust the guidance strategy according to the
characteristics of different relationship types and improve the
effectiveness of the guidance strategy.

As shown in Table 2, the IFN model maintains high
relationship recognition accuracy on data from students in
different grades, with an average of 80%. For data from lower
grades, the IFN model has an accuracy of 81, and accurate
recognition is achieved by effectively extracting the interactive
behavior characteristics of lower grade students. The accuracy
of the social network analysis model on data from different
grades is relatively stable, but at a low level. The accuracy
of the support vector machine model, Q-learning, and DQN
models on data from different grades does not fluctuate much,
but is lower than that of the IFN model. The versatility of the
IFN model enables it to adapt to the characteristics of student
data from different grades and accurately identify students’
intimate relationships.

As shown in Table 3, the relationship recognition accuracy
of the IFN model on the data of boys and girls is 82% and
78% respectively, with an average accuracy of 80%. The
IFN model can mine the different characteristics of intimacy
expression of both genders and achieve accurate recognition.
The accuracy of the social network analysis model on the
data of boys and girls is not much different, although it
is low overall. The recognition accuracy of the support
vector machine model, Q-learning and DQN model on data
of different genders is different, but the average level is lower
than that of the IFN model. The IFN model has strong
adaptability to the data of both genders and can effectively
identify the intimacy of students regardless of gender.

As shown in Table 4, the IFN model has an average
comprehensive performance score of 85 in different scenarios.
In scenario 1, the IFN model scored 86 due to its effective
analysis of scenario features. The social network analysis
model has a lower comprehensive performance score of only
39 in different scenarios. The support vector machine model,
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Table 2 Relationship recognition accuracy of different models on data of students in different grades.

Model Lower grade
accuracy (%)

Middle grade
accuracy (%)

Senior grade
accuracy (%)

Average
accuracy (%)

Change from
mean baseline

IFN 81 80 79 80 +30
Social Network Analysis Model 39 40 41 40 0
Support Vector Machine Model 51 50 49 50 +10
Q-learning model 55 56 54 55 +15
DQN Model 61 60 59 60 +20

Table 3 Relationship recognition accuracy of different models on data of students of both genders.

Model Data accuracy
for boys (%)

Data accuracy
for girls (%)

Average
accuracy (%)

Change from
mean baseline

IFN 82 78 80 +30
Social Network Analysis Model 41 39 40 0
Support Vector Machine Model 52 48 50 +10
Q-learning model 56 54 55 +15
DQN Model 63 57 60 +20

Table 4 Comprehensive performance scores for different models in different scenarios.

Model Scene 1
Rating

Scene 2
Rating

Scene 3
Rating

Average
rating

Change from
mean baseline

IFN 86 84 85 85 +35
Social Network Analysis Model 38 40 39 39 0
Support Vector Machine Model 50 52 51 51 +12
Q-learning model 54 56 55 55 +16
DQN Model 62 60 61 61 +22

Q-learning and DQN models have lower comprehensive
performance scores than the IFN model in different scenarios.
The multi-component collaborative mechanism of the IFN
model enables it to quickly adapt to different scenarios and
show excellent performance in a variety of scenarios.

4.3 Experimental Discussion

The experimental results show that the IFN model performs
well in the task of identifying and guiding students’ intimate
relationships, which strongly supports the hypothesis of this
study. The IFN model effectively extracts and integrates
multimodal data features through multi-component collabo-
ration, significantly improving the accuracy of relationship
identification and the effectiveness of guidance strategies.
In terms of external validity and generalizability, the IFN
model performs well under different data scales, noise levels,
student group characteristics and application scenarios. It
has strong versatility and adaptability and is expected to be
widely used in actual educational scenarios. However, this
study has certain limitations. Although the dataset comprises
multi-dimensional information, it may not fully reflect the
complex and changeable intimate relationships of students in
reality. In addition, there may be a risk of overfitting in the
model training process. Although it was controlled in various
ways in the experiment, it still needs to be further optimized
in future research. In the future, more comprehensive and
representative datasets can be collected, and more effective

model optimization methods can be explored to further
improve the performance and application value of the IFN
model.

5. CONCLUSION

Under the wave of digitalization, school education man-
agement has accumulated a massive amount of student
data, and the impact of student intimacy on individual
students and the overall education quality of the school
has become increasingly prominent. However, traditional
student relationship management relies on teacher expe-
rience, and existing technologies such as social network
analysis, machine learning classification algorithms, and
early reinforcement learning applications are insufficient in
identifying and guiding students’ intimacy. To address these
challenges, this study proposes the IFN model. The model
uses a feature extractor based on a graph neural network
to extract key features from the original data; uses an
information integrator based on an attention mechanism to
fuse multimodal data; and uses a decision generator based
on the Bayesian theorem to derive conclusions and predict
results. According to the results of experiments conducted
on campus social relationship datasets, the IFN model shows
excellent performance. Its relationship recognition accuracy
is 80%, which is 40% higher than that of the social network
analysis model, and the guidance strategy effectiveness score
is 85%, which is 45% higher than that of the social network
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analysis model. Under different data scales, noise levels,
student group characteristics, and application scenarios, the
IFN model maintains high accuracy and effectiveness. The
research has important theoretical and practical significance.
In theory, it enriches the research content in the field of
educational technology; in practice, it provides a powerful tool
for school education management, helping teachers identify
and guide students’ intimate relationships and promote
students’ mental health and all-round development. In the
future, we hope to further improve model performance and
promote the sustainable development of this field by collecting
more data and optimizing models.
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