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College students nowadays face multiple pressures from academic studies, social interactions, and future
development, making mental health issues increasingly prominent. Traditional mental health service systems
mostly rely on students’ voluntary help-seeking and regular scale screening, revealing specific limitations such as
fragmented information, delayed intervention timing, and vulnerability to subjective evaluation bias. To break
through these technical and model bottlenecks, this study constructed an intelligent and closed-loop mental
health intervention system that integrated explainable artificial intelligence (XAl). The core early warning module
of the proposed system employed a stacked ensemble learning framework with the first layer composed of
heterogeneous models of support vector machine (SVM), random forest (RF), and extreme gradient boosting
(XGBoost) to learn the depth features of multidimensional data and the second layer applied the meta-learner
chooses logistic regression (LR) for fusion discrimination to ensure the accuracy and robustness of early warning.
To overcome the black box limitation inherent in conventional predictive models, this study incorporated the
Shapley Additive exPlanations (SHAP) framework to conduct attribution analysis on outputs generated by the
stacking model. This approach quantified the contribution of each individual indicator to mental health risk
prediction, enabling a critical interpretive shift from understanding what was predicted to explaining why such
predictions occurred. Based on multi-source data, the study described the psychological state of college students
and found that the average of academic stress, anxiety, depression, and overall stress was about 21 points.
Students had mild and moderate risk accounting for over 80% and high-risk accounting for 11.2%, showing a high-
pressure concentration distribution. The stacking ensemble model achieved an overall accuracy of 0.91,
outperforming all individual baseline models. In the intervention experiment, anxiety was reduced by 18.7%, and
happiness was increased by 21.5%. The closed loop of "high-precision early warning + personalized intervention"
was realized, which provided an executable paradigm for the intelligent mental health support system.
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Introduction academic demands, social adaptation, and future

career development. The current mental health

Currently, college students have emerged as a service system in colleges and universities mostly
high-risk population for mental health disorders relies on students' active help-seeking, regular
influenced by multiple stressors including scale screening, and counselors' daily
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observation. These traditional models have
exposed obvious lag and passivity in practice [1,
2]. Interventions are often implemented only
after psychological crises have become evident,
resulting in the loss of optimal windows for early
prevention and support. Information collected
through routine psychological assessments is
static and fragmented, making it difficult to track
the dynamic progression of students’ mental
health status. Moreover, the reliability of
self-reported data can be substantially
compromised by subjective biases [3].

The development of artificial intelligence (Al) and
big data technology provides a new perspective
for understanding the complex psychological and
behavioral patterns of human beings. It is
possible to build an active and intelligent mental
health early warning system by fusing and
analyzing the multi-source heterogeneous data
generated by students every day [4, 5]. Tamanna
et al. revealed the regional differences of mental
health of college students in Bangladesh through
comprehensive factor analysis and predictive
modeling and constructed an effective predictive
model [6]. Kirlic et al. used machine learning
method to deeply analyze the risk and protective
factors of college students' suicidal thoughts and
behaviors [7]. Their research not only focused on
predicting but also on discovering the key
variables affecting mental health, which provided
directional guidance for subsequent
intervention. As a powerful ensemble method,
stacking model shows great potential in the field
of educational data mining. Scientists
successfully applied the stacking ensemble
learning method to identify students at risk of
dropping out of school at an early stage, which
proved the superiority of this model in dealing
with complex student data [8]. Oz et al. also used
stacking method to analyze the data of program
for international student assessment (PISA) and
accurately predicted the academic performance
of students, which further verified the robustness
and effectiveness of stacking model in students'
related prediction tasks [9]. These studies have
laid a solid methodological foundation for
applying stacking model to the accurate early
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warning of college students' mental health.
Meanwhile, Zhang et al. put forward an Al-driven
framework by integrating predictive modeling
and intervention strategies to comprehensively
improve college students' mental health
education [10]. Zhao et al. combined Al algorithm
with positive psychological intervention strategy
to deal with the phenomenon of "lying flat" of
college students, showing the great application
value of the combination of technology and
psychological theory [11]. Cheng et al.
implemented psychotherapy by flipping the
classroom teaching reform, which effectively
relieved the psychological anxiety of college
students [12], which confirmed the importance
of innovative and active intervention measuresin
improving students' mental health. Nowadays,
mental health issues among college students are
becoming increasingly prominent, and the
limitations of traditional intervention models and
existing Al research are becoming more and more
apparent. Some studies have attempted to
introduce Al technology into the field of mental
health, but most of them only focus on improving
prediction  accuracy, lacking  systematic
explanations for the reasons behind the
prediction results, and failing to form a complete
closed loop from early warning to intervention. In
the assessment of mental states, a single model
often suffers from insufficient generalization
ability due to problems such as data noise and
complex feature interactions, making it difficult
to play a stable role in practical applications.
Existing mental health early warning systems
mostly rely on static scale data, ignoring the
potential information contained in multi-
dimensional dynamic indicators such as students’
academic behaviors, social interactions, and
sleep rhythms, which limits the sensitivity and
timeliness of early identification. How to ensure
the accuracy of early warnings, enhance the
interpretability of models, and effectively
convert early warning results into personalized
intervention strategies has become a core
problem that needs to be solved urgently in
building intelligent mental support systems.

This study proposed an intelligent mental health
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intervention system for college students by
connecting the complete link from data
collection, risk early warning, cause analysis to
intervention suggestion generation and realizing
a business closed loop of accurate early warning,
transparent attribution, and personalized
intervention. The system adopted the stacking
ensemble learning framework as the core model
to ensure the accuracy and robustness of early
warning, which deeply integrated the advantages
of multiple heterogeneous learners through a
two-layer learning structure including support
vector machine (SVM), random forest (RF),
extreme gradient boosting (XGBoost) as the base
layer and logistic regression (LR) for secondary
learning to fully mine complex patterns in multi-
source heterogeneous data as the meta-learning
layer. To break the black box dilemma in the
application of traditional machine learning
models, this study introduced explainable
artificial intelligence (XAl) technology and used
Shapley Additive exPlanations (SHAP) framework
to conduct attribution analysis on the prediction
results of the stacking model to quantify the
contribution of each dynamic indicator to mental
state early warning. This study identified the key
driving factors affecting the mental health early
warning of each student, built a solid data-driven
bridge between precise early warning and
personalized intervention to overcome the
shortcomings of weak generalization ability of
single models and information lag of static data,
and achieved a cognitive leap from knowing
"what" to knowing "why". It provided mental
health practitioners with understandable and
highly practical decision support and offered an
implementable systematic paradigm for the
scientific community to explore and implement
intelligent mental health service systems.

Materials and methods

Framework of college students' psychological
intervention system with XAl

The core goal of the framework was to build a
complete closed loop from data collection, risk
early warning, cause analysis to intervention
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suggestion generation to ensure that the
predictive ability of the technical model could
effectively serve the practical needs of mental
health education. The workflow of the system
started from the data input layer, which was
responsible  for  integrating  multi-source
heterogeneous data from college students to
form a comprehensive feature vector set (Figure
1). Let the feature vectors of individual students
be X = {xq,x,,*,x,}, where x; was a specific
feature such as academic stress score, sleep
quality index or social interaction frequency, and
n was the total number of features. The core
function of the system could be formally
expressed as a mapping function Fgys from
feature space to intervention suggestion space as
below.

A = Foys(X) (1)
where X was the input student characteristic
data. A was the set of personalized intervention
suggestions output by the system. This mapping
process was not completed in one step but was
realized by several subsequent modules [13]. The
data first entered the intelligent early warning
layer, which was the "perception engine" of the
system, and its core was a pre-trained mental
health state early warning model M. In this study,
the model was constructed by stacking
integrated learning strategy to analyze the input
feature vector X and output a prediction label
Ypreqa about the student's current mental health
status as follows.

Yorea = M(X) (2)
The value of Y)).4 represented different levels of
mental health such as "good state", "potential
risk", or "high-risk warning". When the model
outputted the warning results, the system would
not end directly. To break through the "black
box" limitation of the traditional machine
learning model, the early warning result Yy;.qq
was sent to the interpretable attribution layer
together with the original feature data X. This
layer was the key of this system framework and
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Figure 1. Framework of college students' psychological intervention system with XAl.

introduced XAl technology [14]. SHAP was used
as its core algorithm E to analyze the internal
decision logic of model M. The function of this
module was to generate an explanation for each
prediction and quantify the contribution ¢; of
each feature x; to the final prediction result

Yprea, as follows.

EM,X) = {¢1, $2, -, Pn} (3)
where ¢; was the SHAP value of the feature x;.
These attribution values constituted a detailed
interpretable report, which clearly revealed the
key driving factors for the model to make specific
judgments. The intervention suggestion
generation layer received a clear warning level
Ypreqa @and a detailed attribution report E (M, X).
This module embedded a set of expert rule base
or a lightweight decision-making model G, which
matched and generated highly targeted and
operable personalized intervention advice A
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from the knowledge base according to the risk
level of students and the key negative factors
that led to the risk, i.e. the characteristics with
high negative contribution.

Early warning model of mental health based on
stacking ensemble learning

To fully explore the complex patterns in multi-
source heterogeneous data and improve the
generalization ability of the model, this study
adopted stacking ensemble learning strategy
[15]. Stacking combined multiple different
learning algorithms through a hierarchical
structure with the core idea of letting multiple
models learn different aspects of data and then
learn how to optimally combine the prediction
results of these models through a meta-learner.
In the training process of stacking model, the
original training dataset Dirqin = {(X;, )},
was subjected to K -fold cross-validation
processing, where N was the total number of



Journal of Biotech Research [ISSN: 1944-3285]

2026; 25:286-296

Training process

Raw training dataset

K-fold cross

Valiqation
Layer 1: l
base learners )
Support Yector Random forest Extreme gradlent
machine boosting

Prediction process

New samples /
test data

Layer 1: base

—

learners(apply trained
models)

Generate secondary
features

Generate secondary
training set

—

Layer 2: meta
learner(logistic
regression)

Trained-stacking
model

Layer 2: meta

learner(apply trained
model)

Final prediction result

Figure 2. Stacking ensemble learning model structure.

training samples [16]. For each basic learner
Mj(]' = 1,2,---,]) inthefirst layer with ] = 3, the
model was trained on K-1 folded data and then
predicted on the remaining folded data. This
process was repeated k times until each sample
had been predicted once as a verification set. In
this way, for the j-th base learner, a prediction
vector Z; = [p1j, D)., Pnj]" with the same
size as the original training set was obtained,
where p;; was the prediction result of the base
learner M; on the i-th training sample (Figure 2).
In this study, three heterogeneous models with
different learning mechanisms were carefully
selected in the basic learner layer including SVM,
RF, and XGBoost. SVM classified in high-
dimensional space by finding an optimal
hyperplane [17], and the expression of its
decision boundary was shown below.

f(x) = sign(TL; @ ¥:K (x;,x) + b) (4)
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where K(x;,x) was a kernel function. a; was a
Lagrange multiplier. RF was an integration
method based on decision trees, and the stability
of the model was improved by building multiple
decision trees and voting the results [18]. For a
RF containing B trees, the final prediction result
was shown below.

Pof = argmax, 5., 1(95(0) = c) (5)
where 9, (x) was the prediction result of the b
tree. I(+) was indicator function. As an advanced
implementation of gradient lifting decision tree,
XGBoost iteratively added new trees to fit the
residual of the previous model, and its objective
function included loss function and regularization
term as shown below [19].

~(E=1)

Obj(t) = §V=1L(yi,yi + fi (x) + Q(fy) (6)
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where L was the loss function. Q(f;) was the
regularization term of the t-tree, which was used
to control the model complexity. When all the
base learners had completed the prediction of
the training set through K-fold cross-validation
[20], their prediction results Zy,Z5, -+, Z; were
merged in columns to form a secondary training
set D{,q4in as follows.

Dfrain = {([pi1, P2, ""Pij]:yL')}Iiil (7)
This new dataset was used to train the second-
level meta-learner My, ¢, to learn how to make a
final and more accurate judgment according to
the predictions of different base learners [21]. In
this study, the meta-learner chose LR model
because it was simple, efficient, and the results
could be explained. The LR model mapped the
input of linear combination to (0, 1) interval
through Sigmoid function, indicating the
probability that the sample belonged to a certain
category as follows.

1
14+e—(@TZ'+bg)

Ply=1l2") = (8)

where Z' = [p;1, Piz, =+, Dij] Was a sample in the
secondary training set. w and b, were the
weights and biases that the meta-learner needed
to learn. When the model was deployed for
prediction, a brand-new sample X,,.,, would first
pass through all the trained base learners M; to
generate a new prediction vector Z;,, =
[Ml Xnew) Mz (Xnew), -+, M](Xnew)] This
vector was input into the trained meta-learner
Mpeta » and the final mental health state
prediction result Y,..q was obtained below.

Ypred = Mmeta(Zrllew) =
Mmeta([Ml (Xnew)r M, (Xnew)' T M] (Xnew)])(g)

Through this two-layer learning structure, the
stacking model could effectively integrate the
"wisdom" of different models. The basic learner
focused on extracting different feature patterns
from the original data, while the meta-learner
focused on how to optimize the combination of
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this information to obtain more powerful
prediction performance than any single model.

Model explainable analysis method based on
SHAP

Although the stacking integrated model was
excellent inimproving the prediction accuracy, its
complex multi-layer structure intensified the
indeterminacy of the model, making it a typical
"black box" model. In the application scene of
psychological intervention for college students,
which was highly dependent on trust and
professional judgment, it was not enough to
provide only an early warning result. It was
equally important to understand the reasons for
making decisions by the model. To open this
"black box", this study introduced the SHAP
method based on game theory and made an in-
depth explanatory analysis of the built stacking
early warning model. SHAP is a model-
independent additive feature attribution
method, which can decompose the prediction
output of any complex model into the sum of the
contribution values of each feature, thus clearly
revealing the influence of each feature on the
prediction results. For a model f with n input
features, its predicted value f(x) for a single
sample x could be approximated by an additive
explanatory model g as follows.
fOO = g(x) = o + Iy i x| (10)
where x’ was a simplified binary input vector,
indicating whether a feature existed. n was the
number of input features. ¢, was the benchmark
value to explain the model, which represented
the average prediction output of the model
without any feature information. ¢; was the
SHAP value of the i -th feature, which
represented the contribution of this feature to
the prediction result from the benchmark value
to the final prediction value. The calculation of
SHAP value ¢; followed three ideal properties of
local accuracy, missing, and consistency. Local
accuracy ensured that the sum of the SHAP
values of all features plus the reference value was
exactly equal to the original prediction value of
the model. Missing required that a feature
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missing in simplified input had a SHAP value of
zero. Consistency ensured that if the marginal
contribution of a feature increased or remained
unchanged after a model was changed, the SHAP
value of the feature should also increase or
remain unchanged. The only solution that
satisfied these three properties was the
calculation of Shapley value as below.

ISIi(n=|S|-1)!

n!

®i = Xseng Usugy (xsuy) — fs(xs)] (11)
This equation calculated the weighted average
marginal contribution of feature i on all possible
feature subsets S (excluding i), where N was the
set of all features, and f5(xs) was the predicted
output of the model when only the values of
features in the feature subset s were known.
Because the accurate calculation of SHAPley
value faced the problem of combinatorial
explosion when there were many features, SHAP
framework provided a series of efficient
approximation algorithms such as Kernel SHAP
and Tree SHAP, which made it possible to apply it
to large-scale datasets and complex models. In
this study, SHAP analysis was carried out from the
global and local levels to provide comprehensive
and in-depth insight into the model. At the
interpretation level, SHAP framework provided
multi-level analysis from global and local
dimensions. Global interpretation identified key
factors that greatly influenced the mental health
status of all students through SHAP summary
plots and presented the positive and negative
correlations between feature values and
prediction results in the form of scatter plots.
Combined with the feature importance ranking
plot, features were sorted in descending order
based on the mean of absolute SHAP values
across all samples, intuitively showing the overall
importance of each feature. Local interpretation
targeted a single high-risk student sample and
used single-sample prediction plots or waterfall
plots to show in detail how each feature
gradually pushed the prediction result from the
baseline value to the final warning level,
qguantifying the specific contribution of each
factor. Dependence plots revealed the inherent
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relationship between specific features and model
prediction output, explored the interaction
effects between the feature and other features,
and helped mine deep-seated risk patterns. The
above attribution analysis used the open-source
SHAP analysis library in the Python environment
(https://github.com/slundberg/shap).

Dataset description and verification strategy
This study introduced a public college student
mental health assessment dataset
(https://www.kaggle.com/datasets/zoya77/colle
ge-student-mental-health-assessment-dataset)
with fully anonymized open-source public
records involving no substantive recruitment of
human subjects or privacy collection. The dataset
contained multi-dimensional records of 125
college students aged from 18 to 25 years old
with gender composition covering male, female,
and other gender identity groups and integrated
students' subjective psychological questionnaire
scores with objective behavioral and emotional
observation results including multiple core
features of academic stress score, anxiety score,
depression level, overall stress level, sleep quality
index, behavioral activity level, social interaction
frequency, and facial emotion labels. Mental
health status was ultimately classified into four
grades including healthy (0), mild risk (1),
moderate risk (2), and severe risk (3). In the
model training and validation phase, the 10-fold
cross-validation method was adopted to fully test
the stacking model and each base learner,
ensuring a stable evaluation of the generalization
ability.

Comparison model and evaluation index

To comprehensively verify the effectiveness of
the constructed stacking framework, a parallel
comparative test was conducted between the
framework and the individual base learners for
SVM, RF, and XGBoost comparison. The
implementation of these comparison algorithms
relied on open-source machine learning
frameworks within the Python ecosystem. The
SVM and RF algorithms were invoked from the
scikit-learn library (https://scikit-learn.org), and
the XGBoost algorithm was built via its official
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independent dependency library
(https://xgboost.ai). For the classification and
early warning task of mental health status, four
key indicators of accuracy, precision, recall, and
Fl-score were introduced to evaluate the
recognition performance of each model.
Accuracy reflected the proportion of samples
correctly classified by the model overall.
Precision focused on the degree to which
samples predicted as a specific risk level actually
belonged to that level. Recall quantified the
proportion of students actually in a high-risk
state who were successfully identified by the
model, which had extremely high practical
significance in preventing psychological crises. As
the harmonic mean of precision and recall, the
F1-score provided a more objective and balanced
comprehensive performance evaluation when
the sample distribution of each risk level was
unbalanced.

Results and discussion

Demographic characteristics of samples and the
distribution of psychological indicators

The analysis of the psychological and behavioral
characteristics of 125 college students revealed
obvious clustering patterns in the core stress
indicators. The academic stress score was 21.9 +
11.97 ranging from 1 to 40. The scores of anxiety
and depression were 21.18 + 12.16 and 21.34 +
11.55, respectively. The overall stress score
reached 21.32 £ 11.72. The results indicated that
the sample generally endured a heavy
psychological burden with significant individual
differences. The sleep quality score was 5.1 +
2.97, reflecting generally poor sleep quality.
Behavioral activity level showed large individual
dispersion with a range from 21 to 139 and a
mean of 70.72. The social interaction frequency
was 10.63 + 3.63. These statistical characteristics
portrayed a realistic profile of contemporary
college students, whose stressors were highly
concentrated during their self-development
stage, while their emotional regulation ability
and daily routine regularity remained unstable.
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Logical exploration of correlation of
psychological core variables

An in-depth investigation of the correlation
strength among various psychological variables
showed that there was an extremely strong
positive correlation among academic stress,
anxiety, depression, and overall stress. The
results of the Pearson correlation coefficient
(PCC) indicated that the correlation between
anxiety and depression was as high as 0.94, and
the correlation coefficient between academic
stress and overall stress reached 0.91. The
correlations between academic stress and
anxiety, depression remained at high levels of 0.9
and 0.88, respectively. These high-correlation
results suggested a significant chain effect in the
psychological stress process of college students
that heavy academic burden often induced
intense emotional fluctuations. In contrast, the
correlations between sleep quality and indicators
of anxiety and depression were in the low-to-
moderate range of 0.24 to 0.32. This difference
suggested that although sleep problems
coexisted with perceived stress, they were not
the single core factor leading to emotional
deterioration, reflecting the complex interaction
logic between the common late-night habits and
psychological burden among contemporary
college students.

Risk grade distribution and demographic
characteristics difference

The mental health status distribution of the
sample population showed an obvious sub-
health tendency. Healthy individuals accounted
for only 4.00% (5 students), while the mild-risk,
moderate-risk, and high-risk groups accounted
for 40.80% (51 students), 44.00% (55 students),
and 11.20% (14 students), respectively. This
"inverted pyramid" distribution structure
revealed that college students generally suffered
from psychological pressure, and most students
were in a critical range that required early
warning and attention. There were characteristic
differences in risk performance among different
gender groups. Among female participants, 7
students were at high risk, accounting for a
relatively high proportion within this gender.
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Table 1. Performance comparison of mental health early warning models.

Model Accuracy Precision Recall F1 score
SVM 0.82 0.79 0.81 0.80
RF 0.84 0.83 0.84 0.84

XGBoost 0.86 0.85 0.86 0.86

Stacking 0.91 0.90 0.91 0.91

Male participants were mostly concentrated in
the mild and moderate risk categories with 19
and 18 individuals, respectively. The group labels
as “other” in gender classification, specifically
referring to non-binary gender or individuals self-
identifying beyond traditional male and female
categories, was particularly densely distributed in
the moderate risk range with 28 individuals. This
phenomenon suggested that students with
diverse gender identities might face more
complex psychological adjustment pressures in
campus environments. Overall, the data depicted
a health profile of the sample that high-risk
groups were highly concentrated, and gender
background was associated with the distribution
of mental health status, providing a basis for
subsequent differentiated psychological
interventions.

Quantitative = comparison of
efficiency of early warning model
The recognition performance of the mental
health early warning model was comprehensively
evaluated by using four key metrics of accuracy,
precision, recall, and Fl-score through the
performance comparison of the SVM, REF,
XGBoost, and stacking ensemble learning
framework. The results showed that the
proposed stacking ensemble model achieved
scores above 0.9 across all evaluation metrics.
Compared with the best performing single model
XGBoost with the accuracy of 0.86, it improved
recognition accuracy by approximately 5% (Table
1). Single models were susceptible to local
optima or noisy data when processing multi-
dimensional nonlinear features, leading to
limitations in balancing recall and precision. By
integrating the learning advantages of different
underlying algorithms, the stacking framework

recognition
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effectively reduced the probability of false
positives and false negatives, demonstrating
stronger robustness in identifying high-risk
student groups. This multi-layer learning
structure fully absorbed the predictive strengths
of heterogeneous models and could more
accurately capture the correlation features
hidden in academic, behavioral, and emotional
data. These test results provided solid data
support for the practical deployment of
intelligent early warning systems in campus
settings.

Empirical effect evaluation of
intervention scheme

By analyzing the changes in multi-dimensional
indicators before and after the intervention, the
optimizing effect of the intelligent intervention
strategy on students’ mental state could be
directly observed. The anxiety score (AS),
depression score (DS), sleep quality index (SQl),
and subjective well-being (SWB) all exhibited
significant improvement trends with the results
showing that the anxiety score decreased from
27.1to 22.0 with an improvement rate of 18.7%.
The depression score also dropped by 14.3%. In
terms of quality of life, the sleep quality score
increased from 4.8 to 5.4 with an increase of
12.1%, while the subjective well-being score rose
significantly from 5.1 to 6.2 with an improvement
rate as high as 21.5% (Table 2). The optimization
trajectory of this series of data confirmed the
practical  effectiveness of  psychological
counseling suggestions and behavioral guidance
programs in relieving emotional load. The
targeted strategies implemented for high-risk
students induced positive psychological changes
in the short term, indicating that transforming
transparent model attribution results into

intelligent
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Table 2. Evaluation of intervention effect of core psychology and happiness index.

Evaluation indicator Before intervention After intervention Improvement rate
AS 27.1 22.0 -18.70%
DS 24.5 21.0 -14.30%
sQl 4.8 5.4 +12.10%
SWB 5.1 6.2 +21.50%

personalized intervention plans could effectively
enhance students’ self-regulation ability and
emotional efficacy. This result provided a
practical basis for the long-term promotion of
intelligent psychological support systems.

Conclusion

Based on the data analysis and model verification
of college students' mental health, this study
revealed that the group generally bore significant
psychological pressure. Academic and emotional
indicators were concentrated at relatively high
levels with discrepancies between emotional
burden and living conditions, demonstrating an
overall structural pattern characterized by “high
pressure, moderate sleep quality, and strong
fluctuation”. The stress chain was very obvious
among study, anxiety, and depression, which
showed the driving effect of study pressure on
emotional state, indicating that the core of
campus psychological issues focused on
development anxiety, goal anxiety, and internal
evaluation conflict. Gender groups showed
differentiated psychological performance, and
non-dual gender students were in a higher risk
gradient, reflecting that emotional safety and
identity experience of multi-groups should be
paid more attention to in the supply of
psychological support. Stacking fusion model
showed high recognition ability. The intervention
experimental results showed that targeted
strategies could bring obvious improvement, and
intelligent recognition and behavior guidance
had application potential. Limited by the sample
range and intervention period, this study failed to
cover different cultural backgrounds and long-
term evolution process, and the intervention
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effect needed to be verified on a larger scale. The
future research should expand multi-school
samples, integrate more real-time behavioral
data and physiological signals, increase the
vertical tracking of emotional fluctuation
mechanism, expand psychological support
scenarios, build a sustainable intelligent
psychological service  system, enabling
technology to become gentler and more
humanistic in the educational field.
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