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ABSTRACT

At the present stage, the staff of mental health center in colleges and universities have a heavy
workload, fatigue work and low work efficiency, and it is urgent to explore new paths to alleviate the
severe situation of mental health work in colleges and universities. In this paper, we first start from
the students' mental health assessment data and use data mining technology to analyze the students’
mental health status. Then, students' behavioral characteristics are digitally represented to construct
a prediction model of students' mental health status based on PDNN neural network. Finally, the
design method of psychological intervention system in colleges and universities is proposed. In the
collected mental health assessment data, the age distribution is skewed toward the younger
population, and nearly 55% of these students show a tendency toward psychological abnormality. And
the average accuracy and high group recall of the prediction model of students' mental health status
established using PDNN neural network were 88.95% and 87.44%, respectively, which verified the
feasibility of the modeling method in this paper. Using the psychological intervention system designed
based on the method of this paper for the intervention experiments, there is no significant difference
between the experimental group using the system and the control group not using the system in the
factors before the intervention (p>0.05), while after the intervention the experimental group scored
significantly lower than the control group in the total mental health score, interpersonal relationship
sensitivity, depression and anxiety factor items. This proves the validity of the intervention system
design method in this paper, which can be applied in psychological intervention methods in
universities.
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1. Introduction

With the rapid development of society, adolescent mental health problems have also been widely
concerned by all sectors of society, and how to accurately predict adolescent mental health problems
and prevent adolescents' physical and mental health from being affected has become the focus of social
concern [1-3]. When adolescents experience poor mental health symptoms, they are usually prone to
irritability and anger, inability to focus and concentrate, being nervous from time to time, and feeling
lonely and worried [4-5]. In the last fifty years, the number of adolescents with mental health
symptoms has been increasing, and the related mental health problems will be intensified along with
the growth of adolescents until it affects their work and life, and is negatively correlated with social
status [6-7]. Therefore, timely detection or prevention of mental health problems is very necessary.
The inability of adolescents to accurately judge their own psychological state and the limitations of
current medical means have become the main obstacles to the treatment of adolescent mental health
problems [8-9]. Compared with traditional means, neural network models can analyze the
complicated data in adolescents' lives to automatically judge and predict their psychological status,
which has obvious advantages such as high accuracy, high efficiency, high objectivity, and low cost [10-
13].

Chinese education departments at all levels attach great importance to the psychological early
warning work of higher education students, however, there is a general lack of awareness of the
application of informatization technology in practical work, which increases the passivity of the work
[14-15]. In addition the mental health level of higher vocational students is affected by many internal
and external factors, and there is a complex correlation between the factors, which is a nonlinear
problem. In recent years, with the arrival of the big data era and cloud computing, deep learning has a
great breakthrough in the practical use of all, it not only has a deeper network structure, is a kind of
intelligent machine learning, and through a series of algorithms, so that the computer learns the law
from the massive historical data, builds an analytical model, and realizes the whole process of feature
extraction to feature classification end-to-end, intelligent identification of the new samples or to future
make predictions [16-18].

College students are in their prime, in the period of plucking and gestation, their physiology and
psychology tend to mature, and they are open-minded, independent, and brave to compete [19-20].
However, due to the influence of learning environment, interpersonal relationship, love and emotional
frustration, employment pressure and other factors, college students' mental health problems are
becoming more and more prominent, especially depression, anxiety, psychological disorders and even
suicidal tendencies are not uncommon among college students [21-23]. In response to the mental
health problems of college students, colleges and universities must take effective countermeasures,
through mental health education and intervention, to correct the bad psychology of college students,
to avoid the emergence of some radical or extreme behavior, for the fundamental educational task of
Lidushi Renren to lay a solid foundation [24-26].

Nowadays, the problem of students' mental health is very serious, and also obtains the key attention
of various education experts and scholars, for how to identify and predict students' mental health
status has been the focus of research, at present, the main mental health prediction methods used in
practice include, based on the data mining technology, based on the machine learning mental health
prediction methods. Literature [27] envisioned a psychological management model with k-mean
cluster analysis method as the underlying architecture, and introduced data mining technology to
analyze students' mental health data information, and confirmed the feasibility of the proposed
scheme in predicting students' mental health status through practical tests. Literature [28]
conceptualized a mental health prediction system for college students based on the principle of
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practice sequence and evaluated the performance indexes of the system, such as MSE, f1 score, correct
rate, precision and recall, which gained a certain degree of improvement in prediction accuracy
compared to both the traditional mental health prediction model based on machine learning and the
one based on convolutional neural network technology. Literature [29] examined the mental health
status of college students using questionnaires and random sampling methods and conducted a
systematic and comprehensive analysis, while using R4.2.3 software to establish a nomogram risk
prediction model, which includes predictors such as place of origin, whether the child is an only child,
whether there is a major life event, the parents' marital status, regular exercise, close friends, PHQ-9
scores, and was confirmed in numerical tests. And the feasibility of the proposed model was
corroborated in numerical tests. Some scholars have also analyzed the optimization method of mental
health prediction from the perspective of student mental health data integration. Literature [30]
examined the performance of a model trained on joint longitudinal study data to predict mental health
symptoms, and based on the results of the study, it was learned that the prediction of mental health of
college students using the above method was significantly improved.

To ensure the real-time prediction and supervision of students' mental health status, it is also
necessary to pay attention to the effective psychological interventions for students with mental health
problems, so scholars mainly through empirical analysis, tracking surveys and other methods to
design mental health interventions and verify the effectiveness of these measures. Literature [31]
conducted a controlled experiment, revealing that Internet mental health interventions are
characterized by low cost and flexibility, and can effectively exert therapeutic effects, but whether it
has a long-term effect remains to be further researched. Literature [32] analyzed the feasibility of
mental health interventions based on gratitude behavior, combined with randomized controlled
experimental design, verified that gratitude thinking behavior helps to alleviate and treat negative
emotions such as repression, depression, etc., and also pointed out that gratitude interventions have
the need for activity matching and passive control. Literature [33] emphasizes the positive role of
digital resource-enabled mental health interventions in the treatment of generalized anxiety based on
empirical research tests, and advocates the extension of digital mental health interventions to the
general population for the enhancement of mental health and mental well-being. Literature [34] based
on a fourteen-day DBT therapy found a significant reduction in negative emotions and a significant
increase in positive emotions in the participants, which shows that DBT skill video mental health
intervention effectively improved the mental health problems of students in higher education and
enumerated the roles of DBT mental interventions, brief and high scalability.

In this paper, on the basis of data mining and big data analysis, we have successfully realized the
construction of the prediction model of students' mental health status and proposed the design
method of psychological intervention system in colleges and universities. Firstly, students are assessed
for their mental health based on the SCL-90 scale and their basic characteristics are mined. On this
basis, students’' behavioral data were mined and digitally represented, and combined with the
improved particle swarm optimization algorithm, a PDNN neural network model was constructed to
achieve the prediction of students' mental health status, and the model performance was evaluated
through comparative experiments. Finally, the design method of student psychological crisis early
warning and intervention system based on PDNN is proposed, and intervention experiments are
carried out to confirm the practicality of the constructed system in intervening students' health status.

2. Dataanalysis of student mental health assessment data based on data mining

In order to realize the dynamic prediction of students' mental health status, this paper firstly uses data
mining technology to analyze students' mental health status assessment data, so as to provide data
support for the construction of the prediction model.
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2.1. Data Mining Methods and Processing Techniques

2.1.1. Data mining techniques. The complete process of discovering value from large amounts of
unorganized and incomplete data is called the knowledge discovery (KDD) process, and data mining
is one of the most important aspects of it [35].

The whole process of knowledge discovery is shown in Figure 1, which can be divided into three
phases: data preparation phase, data mining phase, and result expression and interpretation phase.
The data preparation stage can be subdivided into three steps: data screening, preprocessing and
conversion.

Data

Data screening

Datapreparaton | || Tareetdaa
phase Data preprocessing
Preprocessed data
Data conversion
Converted data
Data mining Data mining
phase
Pattern/rule
Results expression and Interpretation/evaluation
interpretation stage
Knowledge

Fig. 1. Process of Knowledge Discovery in Database

Data mining techniques analyze the data stored in the database through the use of machine learning
means of in-depth mining to find the existence of valuable correlations hidden in a large amount of
data. The main tasks of data mining are:

1) Correlation analysis, i.e., association rule mining. The way to generate association rules is to mine
the frequent item set from the data source and then generate strong association rules according to the
way to delineate the minimum confidence, which belongs to the category of unsupervised learning
methods, and the common algorithms are FP tree frequent set algorithm and Apriori iterative
algorithm.

2) Cluster analysis, on the other hand, is a method of mining the hidden structural relationships
between the data, by grouping the similar objects in the data into a group, each group is called as a
cluster, and the data contained in the same cluster have a high degree of similarity with each other,
while there is a certain degree of disparity between the data of the clusters and the clusters. The
similarity measure of cluster analysis is realized through the distance formula, the distance is close to
be divided into the same cluster, Manhattan distance and Euclidean distance is one of the two most
widely used distance calculation methods, and its use of analysis can be based on the division of the
five types of division, density, hierarchy, model and grid.

3) Classification prediction, is the first through the existing labeled data characteristics of the
dimensions of the mathematical model training, so as to build a model with different classification
ability to discriminate, and then its trained model used to judge the unknown data, so as to achieve the
purpose of the prediction, the common classification models are SVM model, decision tree model,
random forest model and neural networks and so on.

4) Deviation analysis, by analyzing the outlier data that deviates from the standard value, the outlier
is also known as abnormal data, such as supervised learning in the same kind of identification of the
dataset, but there are some values of abnormally large or small data, these data can not be directly
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discarded for processing in mining, you need to analyze the contingency implied by the emergence of
its behind the problem, in some of the deviations may contain some of the extremely valuable laws
that have been ignored. In some deviations, there may be some extremely valuable laws that have been
neglected.

2.1.2. Data-processing techniques. In the process of knowledge discovery, the data processing
techniques used in the data preparation stage are collectively referred to as data processing techniques,
which mainly include the screening of data in the early stage, the pre-processing of data in the middle
stage, and the transformation of data in the late stage, such as transformation or mapping operations.
The level of data processing at this stage directly affects the effect of the subsequent data mining model.

1) Data Screening. Although data mining is a method for analyzing massive data, it does not mean that
it needs to be applied to all the collected data, because when collecting data in the early stage, there is
no specific consideration of the future use of these data, but only to collect more comprehensive data
as much as possible. And the value density of these data is very low, which is not conducive to the later
data analysis, so when there is a specific research objective, only the data that are useful for the target
analysis need to be selected.

2) Data Cleaning. The so-called data cleaning is used to solve the problem of poor data quality due to
some accidental factors caused by some useful data after data screening, the main means are the
following parts:

(1) Missing value processing: when there is missing data data set in the entire data set accounted for
a relatively low, and the data volume of the sample is relatively large, can be processed through the
deletion method, that is, directly discard the data items appearing as missing values. Another common
processing method is the filling method, which is used in the case where the amount of data itself is
not particularly large and there are more samples with missing values, based on the average value of
the data near the dimension where the missing value is located to fill it.

(2) outlier processing: also known as outlier processing or error value processing, etc., such as a data
item in a dimension of the value is much larger or smaller than the value of the other data items in the
sample, then have the dimension of the abnormal value of the data item is called an outlier. When there
are outliers in the data, can not be directly discarded for processing, it is necessary to analyze it to
determine whether it is reasonable, and then decide on the processing strategy.

(3) De-duplication processing: when the data values between several dimensions are the same or there
is a relationship between addition and subtraction operations, it can be assumed that they represent
the same data meaning. The elimination of duplicate data dimensions has a certain effect on data
slimming and model load reduction, which ensures the uniqueness and representativeness of data
dimensions.

(4) Noise data processing: the measured data due to some reasons caused by the random error or
variance is the so-called noise, is for the interference of the data, the commonly used means are divided
into boxes and regression method. The split-box method by the nearby ordered values into a small
group of “boxes”, and then use the mean, median or boundary of the data in the box to smooth these
ordered data values, so that these data are locally smooth. The regression method is to use a regression
function to fit these noisy data, play the role of smooth data denoising.

3) Data transformation. Data conversion processing can also be called data mapping processing, which
generally has three cases. One for the text data encoding conversion, because the computer can not
directly deal with text data, so the text needs to be numerical coding. The second is the format
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conversion, the data need to be converted to a uniform format type, in order to subsequent analysis
and processing. The third is the mathematical processing of numerical data, such as when it is found
that the value of a dimension encountered in the form of exponential changes, the formula (1) can be
quickly converted into an exponential change in the data to facilitate the observation and analysis of
small numerical data:

y =log, (x+k) (1)

Similarly, when the data changes in the form of a power function, it can be processed by opening the
root ofthe # st power, using the formula (2) to convert it to the more easily observed small value data,
y is the value after conversion, x is the value before conversion:

y=4x (2)

4) Data integration. In data analysis and model training, if the simultaneous operation of data in
multiple systems is both cumbersome and error-prone, it is necessary to use the data integration
method to extract these data and save them in the same environment for processing. The main purpose
of data integration is to provide the convenience of data reading and operation for the multi-
dimensional characterization of samples in the subsequent data mining process, and to standardize
the heterogeneous data sets needed for analysis and save them in the same database system.

2.2. Data analysis and its results

The data used in this paper come from the results of a city student's mental health status assessment,
which uses the symptom self-assessment scale SCL-90, and the assessor used the mental health status
assessment system to collect a total of 7,846 SCL-90 scale assessment data information, of which 7,840
are valid data. The assessment data mainly included students' basic information after desensitization
(including name, age, household type, ethnicity, whether they were only children, etc.), as well as the
answers to the 90-item scale and the scores of each dimension.

2.2.1. Analysis of basic user attributes. The information of the assessment data after data
preprocessing includes the basic attribute information of the students and the SCL-90 situation of the
symptom self-assessment scale. In this paper, the characteristics that do not change over time in the
short term are called static characteristics, and the discussed static characteristics of the basic user
information data analysis include gender, age, country, type of household registration, and whether or
not it is an only child. Characteristics that change over time in the short term are called dynamic
characteristics, such as phases of anxiety symptoms, depressive symptoms, obsessive-compulsive
symptoms and other psychological abnormalities.

This subsection statistically analyzes the basic user attribute information in the student mental
health assessment data, and the distribution of the number of students for each attribute is shown in
Table 1.

In the sample of assessors, the ratio of male and female students is about 35:65, with a higher
proportion of females compared to males, who may show more delicate emotions. Meanwhile, the
results of age distribution showed that most of the students were concentrated between 14 and 25
years old. Specifically, 5,231 students, or about 66.72% of the total, were between the ages of 17 and
22. Therefore, it can be inferred that students at this stage may be in the rebellious stage, with a
relatively high incidence of psychological abnormalities. In the distribution of hukou types, the
proportion of students with rural hukou was higher, totaling 5836 students, accounting for 74.44% of
the total. On the contrary, the number of students with urban household registration is relatively small,
with only 2004 students and accounting for only 25.56% of the total. Different backgrounds may have
different impacts on students’ mental health. In addition, the number of only children in the sample is
slightly higher than the number of non-only children, and the numbers of the two groups are closer.



DESIGN OF A NEURAL NETWORK MODEL-BASED SYSTEM 491

Table 1. Statistical analysis of the number of students with basic attributes

Feature Categories Number Percentage
Female 5095 64.98%
Gender
Male 2745 35.02%
<14 129 1.65%
14-16 582 7.42%
17-18 2104 26.84%
Age
19-22 3127 39.88%
23-25 1425 18.18%
>25 473 6.03%
Countryside 5836 74.44%
Type of household registration -
City 2004 25.56%
. Yes 4108 52.40%
Whether they are only children or not
No 3732 47.60%

Similarly, the ethnic distribution of the assessed population was statistically analyzed. The majority
(94.67%) of the assessed population were Han Chinese, totaling 7,422. There were 40 Hui, or 0.51%
of the total, while there were 18 Zhuang, or 0.23%. The rest of the data for this category is missing.

Based on the above statistical analysis, it is clear that the age distribution in the collected mental
health assessment data is skewed towards the younger population. In addition, nearly 55% of the
students showed more or less abnormal psychological tendencies.

2.2.2.  Analysis of SCL-90 scale data. The dataset for this paper comes from the Symptom Self-Control
Scale SCL-90, which is globally recognized as one of the most prominent mental health assessment
scales and is currently the most widely used screening tool for mental disorders and illnesses in
outpatient populations.The SCL-90 examines ten dimensions to assess a person's mental health, and
the scale consists of 90 items assessing a student's psychological state in a variety of domains,
including somatization, obsessive-compulsive symptoms, interpersonal sensitivity, depression,
anxiety, hostility, fear, paranoia, and psychoticism.Each item on the SCL-90 scale is rated on a five-point
scale ranging from 1 (none) to 5 (severe), indicating the severity of the symptoms experienced. The
final results include the total and mean scores for each dimension, as well as the number of positive
items and an overall assessment of the number of positive items, which represents the number of items
with scores between 2 and 5, indicating the presence of symptoms described in those specific items.

The resultant data from the Symptom Self-Assessment Scale were first analyzed to determine the
distribution of scores and degree of each of the measured dimensions in the current student
population. Given the multiple measurement dimensions involved, this paper will focus on statistically
analyzing a few of the important dimensions and will not describe in detail the statistical analysis of
the other dimensions.

The statistical results of the SCL-90 scale assessment factor scores are shown in Figure 2, where the
dotted line graph indicates the positive detection rate of each factor and the bar graph indicates the
number of positives (score = 2) for each factor.

A total of 1107 students scored more than 160 points on the scale, and their positive detection rate
was 14.12%. In addition, the minimum and maximum positive detection rates for each factor were
5.24% and 21.86%, respectively.
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Fig. 2. Measurement factor score statistics of SCL-90 scale

The statistical distribution of the number of anxiety scores is shown in Figure 3.The SCL-90 scale
consists of 10 anxiety measurement questions, and the range of anxiety scores is from 10 to 50.The
higher the anxiety score, the stronger the anxiety level of the subject. When the anxiety score is more
than 30, the subject is more anxious. When the anxiety score is less than 20, the subject's anxiety level
is weak. According to the results of this batch of data, the number of people with severe anxiety
symptoms can be up to 1,236, and the number of people with severe anxiety symptoms is 478, which
means that the number of people suffering from anxiety symptoms is up to 21.86%.
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Fig. 3. Statistical distribution of anxiety scores

The statistical distribution of the number of people with depression scores is shown in Figure 4.The
range of depression scores in the scale is between 13 and 65.When the depression score exceeds 26,
it indicates that the subject is strongly depressed, while exceeding 39 indicates a more severe level of
depression. Looking at the distribution of the scores, it can be observed that the percentage of people
with high depression scores is relatively high. In fact, those with depression scores over 26 occupied
12.45% of the total number of people. This indicates that the problem of depression is still a serious
situation in the mental health of students.
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Fig. 4. Statistical distribution of depression scores

The distribution of scores for interpersonal sensitivity as measured by the SCL-90 scale is shown in
Figure 5.The SCL-90 scale contains 19 items measuring interpersonal sensitivity, with interpersonal
sensitivity scores ranging from 9 to 45.Higher scores indicate greater sensitivity in these relationships,
with scores above 8 indicating that the individual is either sensitive or highly sensitive in his or her
interactions with others. Figure 5 shows that approximately 15.7% of students exhibit sensitivity in
relationships, a sensitivity characterized by introversion and difficulty interacting with others. Over
time, this tendency to withdraw leads to the development of a withdrawal mindset, which in turn
increases the risk of other psychological disorders such as depression and anxiety.
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Fig. 5. Interpersonal sensitivity score population statistical distribution

In summary, the majority of students in this age group had varying degrees of mental health
disorders. The number of students exhibiting symptoms of anxiety, relationship sensitivity, and
depression were 1,714, 1,231, and 976, which accounted for 21.86%, 15.70%, and 12.45% of the total
number of mental health anomalies, respectively. Overall, the mental health assessment data collected
provided comprehensive information. Among the different symptoms, anxiety seems to be the most
prevalent phenomenon among students. Therefore, this study will focus on constructing a predictive
model of mental health status for anxiety symptoms.
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3. Prediction of students' mental health status based on neural network
modeling

Aiming at the background and current situation of mental health screening for college students at this
stage, this paper uses the PDNN neural network model to learn to model the behavioral feature data
obtained from mining and to predict the mental health status of college students.

3.1. Digital representation of behavioral characteristics

Since only quantitative data operations can be performed in computers, the collected behavioral
features need to be mapped to numerical types. In this paper, the collected behavioral features are
proposed to be mapped into a behavioral feature vector scheme for data format unification. Firstly, the
definition of e.g. expression is given:

F=(f1,f2,f3,...,fn)Fa :(ﬁaafzaaf}ar"’f,:) (3)

where, set F'“ represents all behavioral characteristics collected from current college students. Set
F? represents the behavioral features contained for a particular student a. n denotes the number
of all behavioral features. m representsthe number of behavioral features for a particular individual.
These behavioral features are mapped into a feature vector:

V=(,v,,V5,...,V,) (4)

According to the definition of Eq. (4), a particular behavioral feature vector such as
V' ={0,1,0,0,1,0,1,...}, 1 means that the feature represented by the location is present in the current

student, while 0 means that the feature is not present in the current student.

3.2.  Construction of the PDNN model

The performance of the BP neural network depends largely on the interlayer weights of the BP neural
network, and if the initialization of the interlayer weights is biased, the network will be prone to local
minima and slow convergence and other problems [36]. Therefore, in order to solve the problem of
imprecise selection of interlayer weights of the neural network, this paper constructs a PDNN (Particle
Difference Neural Network) neural network model based on the improved particle swarm
optimization algorithm, so as to dynamically select the interlayer weights of the BP neural network,
and then to realize the prediction of the students' mental health state according to the students'
behavior. Taking the BPNN (Back Propagation Neural Network) model with two hidden layers and 5
nodes in each layer as an example, the overall structure of the PDNN model is shown in Figure 6. Where
w,,w, and w, are the weight matrices between the input layer and hidden layer 1, hidden layer 1
and hidden layer 2, hidden layer 2 and output layer, which are dynamically obtained by applying the
improved particle swarm optimization algorithm.
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W w,

Input layer Input layer 1 Hidden layer 2 Output layer
Fig. 6. PDNN model structure

3.2.1. Particle Swarm Optimization Algorithm. Particle Swarm Optimization (PSO) algorithm is
based on the fitness information obtained from the environment to find the optimal solution of the
problem through particle swarm iteration, and the particles use the local optimal solution and the
global optimal solution to adjust the iteration speed and the particle position during the iteration
process in order to update the particle swarm [37].

Assuming a group of particles flying at a certain velocity in a d -dimensional search space, the
current position of particle i is X, =(x,,x,,--,x,) the current velocity is V, =(v,,v,,...,v,). The

optimal position experienced by particle i is F ,,,

= (Piibestl 4 PifbestZ L Piibestd) 4 and the Optlmal

position searched by the whole swarm of particles is G, , =(G,,.,,G, ,G,..a) - Therefore, the

levst1> ~ levst22°**
formula for updating the velocity and position of particle i is:
Vi =W e (Bl = X+ (G, = X)) (5)
Xl.t+1 = Xlt + I/iH—l (6)

where w is the inertia weight, V, is the current particle velocity, ¢, is the cognitive coefficient, c,
is the social coefficient,  and 7, are both randomizer beings between [0, 1], and ¢ is the current
number of iterations.

3.2.2. Improved particle swarm optimization algorithm:

1) Improvement of inertia weights. In the process of search conducted by particles, larger inertia
weights are conducive to the exploration of the whole search space and increase the population
diversity, while smaller inertia weights will enhance the local exploitation ability of the population.
Therefore, inertia weight is a key factor to balance the local and global search of particle swarm, and
the selection of inertia weight has a certain impact on the optimization effect of the algorithm. In this
paper, combining the linearly decreasing inertia weights and the nonlinearly decreasing inertia
weights method, we propose the dynamic inertia weights, whose formula is:



496 ZHAO ET AL.

Woae =W = W) cos(T —i+l (E))rand (0,0.3) ! =, 0<t< Z
T 2 l+e” 6
w=w,. —(w,. —wmm)cos(T_tJrl(z))mnd (0.3,0.7)%, z<tS%T (7)
2 l+e” 6 3
W = (W~ W) 005 Eyyrand 0.7, ——,  Zr<i<r
T 2 l+e”

where w, is the maximum value of the inertia weights, w,_, is the minimum value of the inertia

weights, ¢ is the current number of iterations, 7 isthe maximum number of iterations, and rand is
the random number generating function.
The linear inertia weights and nonlinear inertia weights are calculated as shown in equations (8)
and (9):
i
w= Wmax - (Wmax - Wmin)? (8)

w= Wmax - (Wmax - Wmin ) [%) (9)

2) Identification of inferior particles. Inferior particles are the main reason why the whole particle
swarm cannot obtain the global optimal solution, identifying the inferior particles and processing the
inferior particles to make them jump out of the local optimal solution can effectively optimize the
optimal search of the population. Combining the global optimal particle position and the individual
historical optimal particle position, the p, . parameter is introduced to recognize the inferior

particles, and Dy is defined as:

S f(, -1~ £ (B,6)
Py (@) =222 (10)
S f(gli—1)- £(g)

i=t-2

where b, (i) is the historical optimal position of particle a under the ird iteration, g(i) is the
global optimal position of the particle population under the ith iteration, and f is the fitness

function. If p,, <107, it means that the particle is trapped in the local optimal solution and is

recognized as an inferior particle. If p, > 10*, it means that the global optimal solution has not been
updated for the time being, and if p, = NAN, it means that the whole population has fallen into the

local optimal solution. For the above two cases, the particles of the whole population are recognized
as inferior particles, and the particles of the whole population are subjected to the mutation process.

3) Mutation of inferior particles. Inspired by the idea of differential evolutionary algorithm, the
identified inferior particles are mutated. The mutation formula of the particle is:

XI/i,g = Xrl,g +F(Xr2,g - Xr'S,g) (11)

In the particle mutation process, 3 different particles under the current iteration number are
randomly selected, and through the mutation formula, new mutated particles are obtained to help the
inferior particles jump out of the local optimal solution and continue to find the optimal. Where

X, X, and X, are the 3 random particles under the current iteration number and F is the

mutation rate.
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4) Particle selection. After mutating the inferior particle, calculate the fitness function value of the
original particle and the mutated particle, if the fitness function value of the mutated particle is smaller
than the fitness function value of the original particle, then put the mutated particle into the next
generation particle population. Otherwise, put the original particle into the next generation particle
population, and update the individual historical optimal value and optimal position of the particle, and
the global optimal value and optimal position of the particle population.

5) Firefly Perturbation Strategy. Inspired by the firefly algorithm, assuming that the global optimal
solution is the brightest firefly and the other particles are the darker fireflies, according to the idea of
the firefly algorithm, the darker fireflies will move towards the brighter fireflies. Therefore, the whole
population of fireflies will move towards the brightest fireflies, so that the particle population
gradually converges towards the global optimal solution. The global optimal solution is constantly
updated according to the recognition variations of the inferior particles and the selection strategy,
which makes the whole particle swarm converge to the final global optimal solution of the
optimization problem and accelerates the particle optimization search. The particle swarm position is
updated as follows:

d
]/;' :H xi - xbest ||: \/Z (xit,k - xl[wst,k )2 (12)
k=1
X =x e (xl, —x')+0.5(rand(0,1)—0.5) (13)

where x;, isthe kth dimensional spatial coordinate value of the ird particle under ¢ iterations,
X, 1S the kth dimensional spatial coordinate value of the globally optimal solution of the particle
swarm under ¢ selections, x,, is the globally optimal solution of the particle swarm under ¢

iterations, and x; is the position of the particle ¢/ under ¢ iterations.

3.2.3.  PDNN models. The construction process of the PDNN model is as follows:

1) Determine the topology of the neural network according to the number of features in the dataset
and build the neural network model.

2) Initialize the maximum number of iterations of the improved particle swarm optimization
algorithm max iter, the current number of selected generations i =1, the particle variation rate F,
the total number of particles and the particle structure, and set the particle speed range and position
range.

3) Initialize the historical optimal position of particles, apply the loss function of BP neural network
as the fitness function to initialize the historical optimal value of particles, use the minimum historical
optimal value of the particle swarm to initialize the global optimal value of particles, and use the
particle position corresponding to the minimum historical optimal value of the particle swarm to
initialize the global optimal position of the particle swarm.

4) Identify the inferior particles according to equation (10), and if the conditions of p, . >10*,
Pue <107 or p, . =NAN are satisfied, then the inferior particles are mutated according to equation

(12) to help them get rid of the inferiority and continue to find the optimal.
5) Update the particle velocity and position according to Eq. (5) ~ Eq. (7).

6) Select the original particle and the mutated particle according to the fitness function value.
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7) Accelerate the particle swarm to converge to the global optimal solution according to Eq. (12) and
Eq. (13).

8) Update the historical optimal value and historical optimal position of the particle, and update the
global optimal value and global optimal position of the particle, iteration number i=i+1.

9) If i>max_iter, go to step 10). Otherwise, go to step 4).

10) Get the global optimal position, encapsulate the weight matrix of the BP neural network, apply the
weight to train the BP neural network, and the construction of the PDNN model is completed.

3.3.  Evaluation of predictive models of mental health status

In order to reflect the practicality and accuracy of the model, the PDNN neural network used in this
model was compared in detail with two traditional machine learning algorithms, namely, Random
Forest (RF) and Plain Bayes (NB), both of which made predictions on 9 factors and performed 5-fold
cross-validation. The model comparison results are shown in Fig. 7, where (a)~(b) denote the
comparison of model accuracy and high group recall, respectively.

As can be seen from Figure 7, the average accuracy of the prediction model established by the PDNN
neural network is 88.95%, while the average accuracy of the prediction model established by random
forest and naive Bayes is 87.10% and 81.92%, respectively, especially the prediction model established
by the PDNN neural network under the "anxiety" factor has the highest accuracy of 94.19%, and its
high group recall rate is also the highest, reaching 95.79%, reflecting that it can recall "anxiety" well,
reflecting that it can recall "anxiety" well Factors under the high-cohort population. In addition, the
average value of the high grouping recall of the prediction model built using PDNN neural network is
87.44%, while the average value of the high grouping recall of the prediction model built using random
forest and plain Bayes is 84.84% and 82.72%, respectively.

In summary, it can be concluded that in the setting of this experiment, the prediction effect of the
model built using PDNN neural network is overall much better than the prediction effect of the model
built using Random Forest and Plain Bayes, which fully demonstrates the innovation and practicality
of the machine learning algorithm chosen in this paper.
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Fig. 7. Model comparison result

4. Design of PDNN-based early warning and intervention system for students’
psychological crisis

Based on the prediction model of students' mental health status based on PDNN constructed in the
previous paper, this paper analyzes the prediction results of students' mental status by using big data
technology, and proposes the design method of students' psychological crisis early warning and
intervention system.

4.1. Approach to designing a big data-based psychological intervention system for students

1) Scientific use of network information technology. For the current psychological counseling of
college students, it is still mainly in the form of questionnaires to carry out psychological counseling
and mental health supervision, so there will be problems such as ineffective supervision and deviation
of supervision content.

In order to obtain more accurate results, the first thing to do is to improve the collection of
information, only to ensure the accuracy of the information can have an accurate understanding of the
students' mental health activities. Based on the big data under the Internet, schools can appropriately
improve the quality of the questionnaire.

Secondly, the information collection under big data can be used to individually establish
personalized psychological problems for students for the purpose of a win-win resource. At the same
time, it can also be through high-quality questionnaires on students can have a more in-depth
judgment, to achieve the double control of students, only in this way, can effectively control and
monitor the mental health problems of students.

2) Improve the psychological information collection mechanism. The collection of mental health
problems is a prerequisite for solving mental health problems, so the collection of effective
psychological information is very important. At this stage, the collection of psychological information
of college students is mainly psychological questionnaires, in the process of filling out questionnaires,
teachers and students need to cooperate with each other, only mutual cooperation between the two
can play the role of questionnaires, but also can provide a more professional data for mental health
problems.
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Secondly, based on the continuous development of network information technology, the Internet
platform can be used to collect students' psychological behavior and psychological activities, which
can more accurately locate students' psychological crises and help teachers to carry out more effective
psychological monitoring.

Again, for schools to ensure the integrity of the data, it is necessary to expand the indicators of
psychological early warning, so as to have a more in-depth and comprehensive understanding of the
students, the data support will be more convincing.

3) Improve the information analysis method of psychological early warning. The processing of
information also plays a more important role in the analysis of mental health problems, so the
psychological information should be effectively summarized and analyzed, so as to have a more
accurate positioning of mental health. Data processing should also follow certain processing steps and
methods, first of all, through the network information platform for a simulation of the student's
psychological information, after simulation to give a certain similar model, and then through the
student's other mental health information on the student for a deeper degree of positioning, mainly
for the analysis of the student's daily activities and academic performance, to achieve the all-round
information on the students. The data will then be analyzed and finalized. The analyzed data are then
integrated into the PDNN-based psychological state prediction model to realize the early warning and
intervention of students' psychological crisis, so that students’ mental health problems can be
monitored and grasped in real time to promote the overall development of students' physical and
mental health.

4) Establishment of Intelligent Early Warning and Intervention Mechanisms. Mental health is a long
and complicated problem, its own analysis and treatment process is more cumbersome, the
psychological diagnosis and treatment of students not only need to be unified by students and parents,
and need to master certain ways and means. Different students have different psychological
backgrounds and psychological tolerance, and need to be analyzed in a comprehensive manner in
order to give a more comprehensive solution to psychological problems. In terms of treatment of
psychological problems, it requires the joint efforts of many parties to realize the intervention and
treatment of mental health. The government and relevant mental health organizations need to provide
students with certain mental health policy support so that mental health issues can be implemented.

Secondly, for the students themselves, each student's psychological condition and psychological
problems are different, so you can build a psychological warning file for each student, for each student
to formulate a more complete psychological warning file, not only for the students' psychological
problems to give the appropriate answers, and can give the students psychological development of the
corresponding preventive measures, in order to realize the students' psychological problems. The dual
grasp of the problem. In the early warning at the same time, should also be actively on the
psychological problems reported, the relevant mental health analysis institutions need to record the
psychological problems in the register, so that in the long term can establish a mental health problems
of the resource base, can be real-time analysis of the students' mental health problems, can speed up
the efficiency of the mental health problem solving, in order to facilitate the timely detection and
guidance of the students' mental health problems. The mental health problems of students can be
analyzed in real time, and the efficiency of solving mental health problems can be accelerated, so as to
make timely detection and guidance.

5) Dynamic management of information. In terms of college students, their personal subjectivity is
strong, so the way they deal with things and the behavior they show when they encounter problems
will be very different at different times, so the monitoring of college students' mental health problems
should be dynamic detection of information, so that they can analyze and understand the students'
mental health problems in real time, and realize the effective control of mental health. Traditional
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information processing is too cumbersome, so we should actively use the Internet technology to
process mental health data, so as to speed up the processing speed of students' mental health
problems, and according to the students' behavior and learning characteristics of the students' mental
health problems for effective integration, so as to form a more effective mental health information, in
order to be able to grasp the mental health problems in a timely manner.

4.2. Controlled experiments on the effects of system interventions

In order to verify the effectiveness of the proposed design method of the PDNN-based psychological
crisis warning and intervention system for students, this paper designs a mental health status
intervention experiment. Forty female students were randomly selected as research subjects from 186
people with positive mental health status, and according to the positivity of each factor, the subjects
were randomly divided into two groups, i.e., the experimental group (20 people) and the control group
(20 people). The experimental group was intervened with mental health status using the intervention
system designed according to the methodology of this paper and the control group was kept in its
natural state. As the experiment proceeded, 2 subjects in the experimental group withdrew from the
experiment due to various circumstances, resulting in 18 subjects in the experimental group.

4.2.1. Differences in pre-intervention mental health levels between the two groups. Before the
intervention, an independent samples t-test was conducted on the mental health level between the
experimental and control groups. The results of the test for differences in mental health levels between
the two groups before intervention are shown in Table 2. It can be seen that no significant difference
was found between the experimental group and the control group on the total mental health score and
the factor scores on the SCL-90 scale before the intervention (p>0.05).

Table 2. Differences in pre-intervention mental health levels between the two groups

Factors Control group (N=20) Experimental group (N=18) t p
Somatization 1.91+0.45 1.82+0.50 0.774 | 0.462
Anxiety 1.98+0.27 2.04+0.32 0.959 | 0.343
Interpersonal sensitivity 2.41+0.32 2.38%£0.61 0.246 | 0.821
Depressed 2.32+0.34 2.38+0.36 0.753 | 0.458
Compulsive symptoms 2.73+0.44 2.78+0.49 0.502 | 0.614
Hostility 1.99+0.46 1.87+0.47 1.426 | 0.179
Fear 1.92+0.44 1.81+0.48 0.997 | 0.275
Paranoia 2.03+£0.47 1.92+0.45 0.984 | 0.357
Insanity 2.05+0.33 2.05+0.39 0.041 | 0.982
Other 1.95+0.52 1.90+0.49 0.295 | 0.784
Total points 190.37+16.54 189.24+17.03 0.451 | 0.682

4.2.2. Results of analysis of variance (ANOVA) of mental health level between the two groups. The
results of the repeated measures ANOVA for mental health levels between the two groups before and
after the intervention are shown in Table 3.

Before and after the intervention, there was a significant interaction between the experimental and
control groups on the total mental health score on the SCL-90 scale (F=13.057, p<0.01) and on the
factor scores of interpersonal sensitivity (F=4.196, p<0.05), depression (F=24.876, p<0.01), and
anxiety (F=10.785, p<0.01).

Table 3. ANOVA results of repeated measures of mental health between the two groups
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Pre-intervention Post-intervention
Factors Control group Experimental Control group Experimental group F p
(N=20) group (N=18) (N=20) (N=18)

Somatization 1.91+0.45 1.82+0.50 1.72+0.43 1.68+0.48 0.040 |0.852
Anxiety 1.98+0.27 2.04+0.32 1.99+0.39 1.68+0.27 10.785|0.000
Interpersonal sensitivity 2.41+0.32 2.38+0.61 2.30+0.51 1.85+0.49 4.196 [0.046
Depressed 2.32+0.34 2.38+0.36 2.29+0.38 1.63+0.37 24.876(0.001
Compulsive symptoms 2.73+0.44 2.78+0.49 2.51+0.56 2.42%0.66 0.481 |0.504
Hostility 1.99+0.46 1.87+0.47 1.87+0.49 1.39£0.32 2.145 (0.161
Fear 1.92+0.44 1.81+0.48 1.84+0.42 1.61+0.35 1.116 |0.302
Paranoia 2.03+0.47 1.92+0.45 1.89+0.36 1.72+0.38 0.379 (0.538
Insanity 2.05+0.33 2.05+0.39 1.98+0.35 1.82+0.42 1.027 |0.322
Other 1.95+£0.52 1.90£0.49 2.01+0.43 1.69+0.37 2.798 (0.104
Total points 190.37+16.54 | 189.24+17.03 182.14+21.72 157.14+19.75 13.057|0.002

Post hoc t-tests were conducted on the factor items with interaction effects, and the results of the
comparison of within-group differences in mental health levels before and after the intervention were
obtained as shown in Table 4. It can be found that before and after the intervention, there were
significant differences in the scores of the experimental group on the factor items of total mental health
(t=6.264, p<0.01), interpersonal sensitivity (t=2.685, p<0.05), depression (t=8.147, p<0.01) and
anxiety (t=4.251, p<0.01) on the SCL-90 scale, while there was no significant difference in the control
group.

Table 4. Comparison of intra-group differences before and after intervention

Experimental group (N=18) Control group (N=20)
Factors Pre- Post- t p Pre- Post- t p
intervention intervention intervention intervention
Interpersonal
sensitivity 2.38+0.61 1.85+0.49 2.685|0.016| 2.41+0.32 2.30£0.51 0.764(0.462
Depressed 2.38+0.36 1.63+0.37 8.147(0.000f 2.32+0.34 2.29+0.38 0.381(0.725
Anxiety 2.04+0.32 1.68+0.27 4.251/0.000 1.98+0.27 1.99+0.39 0.126/0.913
Total points 189.24+17.03 | 157.14%19.75 |6.264|0.000| 190.37+16.54 | 182.14+21.72 |1.894(0.081

In addition, the results of the comparison of the differences between the two groups in mental health
levels before and after the intervention are shown in Table 5. After the intervention, the experimental
group scored significantly lower than the control group on the total mental health score (t=4.425,
p<0.01), interpersonal sensitivity (t=3.421, p<0.01), depression (t=5.697, p<0.01), and anxiety
(t=2.587, p<0.05) factor items of the SCL-90 scale.

Table 5. Comparison of mental health level between groups before and after intervention

Pre-intervention Post-intervention
Factors Experimental Control group t p Experimental Control group t p
group (N=18) (N=20) group (N=18) (N=20)
Interpersonal
sensitivity 2.38+0.61 2.41+0.32 0.246|0.821 1.85+0.49 2.30£0.51 3.421|0.004
Depressed 2.38£0.36 2.32+0.34 0.753]0.458 1.63+0.37 2.29+0.38 5.697(0.000
Anxiety 2.04+0.32 1.98+0.27 0.959|0.343 1.68+0.27 1.99+0.39 2.587|0.015
Total points 189.24+17.03 190.37+16.54 |0.451|0.682| 157.14£19.75 182.14+21.72 |4.425|0.000
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In summary, it can be seen that the psychological intervention system designed based on the
methodology of this paper can significantly improve the mental health status of students, which
illustrates the effectiveness of the system design methodology of this paper.

5. Conclusion

In this paper, we use big data mining technology to realize the construction of students' mental health
state prediction model based on PDNN neural network, and propose the design method of
psychological intervention system in colleges and universities.

Nearly 55% of the students in the mental health assessment data collected in this paper showed
more or less abnormal psychological tendencies. Among them, the number of students who showed
symptoms of anxiety, interpersonal sensitivity, and depression were 1714, 1231, and 976, accounting
for 21.86%, 15.70%, and 12.45% of the total number of mental health abnormalities, respectively.
Among the different symptoms, anxiety was the most prevalent phenomenon in the student
population.

The average accuracy of the prediction model using PDNN is 88.95%, which is higher than the
average accuracy of 87.10% and 81.92% of the prediction model using Random Forest and Simple
Bayes. The PDNN model achieved the highest accuracy of 94.19% and the highest recall rate of 95.79%
for the “anxiety” factor, which indicates that the PDNN model can well recall the highly grouped
population under the “anxiety” factor. In addition, the average value of high group recall for the PDNN
prediction model is 87.44%, which is also higher than the average value of high group recall for the
prediction models built using Random Forest and Plain Bayes, which are 84.84% and 82.72%. This
proves the innovation and usefulness of the machine learning algorithm chosen in this paper.

The intervention experiment was conducted based on the psychological intervention system
designed by the methodology of this paper, where the experimental group used the psychological
intervention system and the control group was kept in its natural state. Before the intervention, no
significant differences were found between the experimental and control groups in terms of total
mental health scores on the SCL-90 scale and scores on each factor (p>0.05). Whereas, before and after
the intervention, the interaction between the experimental and control groups was significant (p<0.05)
on the total mental health score on the SCL-90 scale and on the factor scores of interpersonal
sensitivity, depression, and anxiety. Further analysis of these factors showed that after the intervention,
the experimental group scored significantly lower than the control group on the total mental health
score (t=4.425, p<0.01), interpersonal sensitivity (t=3.421, p<0.01), depression (t=5.697, p<0.01), and
anxiety (t=2.587, p<0.05) factors on the SCL-90 scale. Thus, the practicality of the methodology for
designing the school psychological intervention system improved in this paper was verified.
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