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ABSTRACT

The recent frequent occurrence of students' psychological crisis events has drawn widespread
attention to mental health education in colleges and universities. Based on students' behavioral data,
we use big data and data mining technology to model and analyze students' daily behaviors,
complete the construction of students' social intimacy features based on Dijkstra's algorithm, use the
C4.5 decision tree improvement algorithm based on variable-precision rough set to realize the
identification of students' psychological problems, and analyze the intervention paths of students'
psychological problems and the evaluation of the results of the intervention. The proposed method
can recognize students' psychological problems more accurately, and the recognition accuracy of
different levels of psychological problems reaches more than 72%, which is significantly higher than
other classification methods. Learning anxiety, loneliness tendency and terror tendency of students
in the intervention group were significantly reduced after the psychological intervention (P < 0.05),
and the overall factor scores decreased by 9.85%, and the level of mental health was answered to be
improved, which reflected the effectiveness of the proposed mental health intervention. The
experiment proves that the model in this paper can effectively identify students with psychological
abnormalities, and the proposed intervention path for students' psychological problems has a
positive impact on the development of students' mental health.

Keywords: Dijkstra's algorithm; C4.5 decision tree; variable precision rough set; student
psychological problem identification; psychological intervention
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With the rapid development of athletics and education, the quantity and quality of student training
are steadily increasing, and the state and society are paying more and more attention to higher
education. However, excessive tension, anxiety, and depression caused by academic pressure, social
pressure, and campus violence, loneliness and confusion caused by family environment,
interpersonal discomfort, and illness, and psychological disorders such as compulsion caused by
Internet addiction have become common psychological problems among students nowadays [1-4].
Frequent dropouts and suicides in recent years have proved that many students have more or less
psychological problems, and these psychological problems have aroused widespread concern in
society. Globally, more than 50% of college students currently have mental health problems.
According to statistics, among them, 17-69% of college students suffer from different levels of
depression, 15-61% of college students suffer from anxiety disorders, more than 10% of college
students suffer from different levels of pessimism, and more than 10% of college students harbor a
certain degree of hatred towards society and even towards their families [5-8]. In addition, some
scholars have pointed out that for students aged 18-28 years old, their mental health level is mostly
low [9]. Mental health problems are seriously harmful. For individuals, mental health problems can
cause students to have some negative effects, which can make them less adaptable in society, reduce
their physiological health, and may even produce serious threats to their lives [10-11]. For families,
mental health problems can cause psychological burdens on family members, as well as increase the
economic burden of the family. For society, mental health problems can disrupt public order, deplete
social resources, and exacerbate society's disease burden, with the negative impact of mental health
problems accounting for 37% of all disease-related harms [12-13]. However, due to the lack of
mental health knowledge and awareness, discriminatory attitudes toward mental patients and the
limited economic conditions of students and many other reasons, a large number of students with
mental health problems do not have the motivation to seek professional help, delaying the optimal
time for treatment, the psychological problems are becoming more and more serious, and the risk of
individual harm and social harm is exacerbated [14-17]. At all stages of life, people may have
psychological problems for a variety of complex reasons, and early identification of these
psychological problems can have a huge role in protecting personal safety and other aspects.

Usually the identification of psychological problems relies heavily on psychological questionnaires,
but in questionnaires of varying quality, people tend to reflect a better version of themselves, which
is usually not a good representation of a person's true inner thoughts, a strong sense of subjectivity,
and the intensity of quantification of certain issues varies from person to person, and these
limitations lead to the questionnaire data do not portray the subject well, especially serious when the
amount of data is small [18-21]. In addition, each student's mental health status changes over time,
usually lasting half a month or a month, and if one wants to know what the mental health status is
after that, one needs to be tested again, which is labor-intensive and costly. Educators and therapists
are beginning to realize that it is difficult to accurately identify students' psychological problems
using this noisy questionnaire data. The various social networks in students' daily life can reflect
students' social status most realistically, and many psychological problems are closely related to the
social status, and students' daily performance and body physiological data can reflect students’
psychological status to a certain extent, so in recent years the use of social information and other
multi-source data to analyze people's psychological status is also more and more, and has achieved
better results [22-25].

Thanks to the rapid development of computer science and mathematics and other subject areas,
deep learning, data mining, big data and other technologies are also making rapid progress and
becoming more and more deeply integrated into people's daily lives [26]. More and more algorithms
have emerged in the field of computer science to solve certain specific problems, which are superior
to traditional methods in many aspects. For psychological problem identification, He et al [27]
reported to the effectiveness of the critical value method and the Patient Health Questionnaire-9



OPTIMIZATION OF IDENTIFICATION AND INTERVENTION PATH OF PSYCHOLOGICAL 6749

diagnostic algorithm in the diagnosis of major depression, with the former having better diagnostic
results than the latter. Llano et al [28] compared the performances of support vector machine,
logistic regression, random forest, Bayesian network and k-nearest neighbor algorithms in
identifying psychological disorders, and logistic regression performed the best (with an accuracy
rate of about 70%) and used it to construct an automatic diagnosis method. Vasha et al [29] analyzed
the data text of the comment section in social media through data mining and machine learning,
which can clearly identify the distinction between depressive manifestations and normal
manifestations, with the best accuracy in support vector machines. Aljarah et al [30] mentioned that
the use of machine learning and real-time data analysis can improve the efficiency of depression
recognition and the correctness, and personalized interventions can also be proposed.Ding et al [31]
used microblogging behavioral activity data as the basis for identifying depression in college
students by capturing data features and classifying them using deep neural networks and deeply
integrated support vector machine algorithms, respectively. Almars [32] used the attention
mechanism and bi-directional long and short-term memory networks to weight the vocabulary of the
user-posted text in a social network computation to explore the text hidden features so as to identify
the depression. Tian [33] fused ECG, sequential backward selection algorithm, and convolutional
neural network to collect information, downsize indicator features, and construct recognition model
for college students' psychological problems, respectively, so as to improve the accuracy and
feasibility of the recognition of psychological problems. For psychological interventions, Li and Shi
[34] introduced to the effective mitigating effect of sports intervention methods on psychological
crisis, but individualized design is needed, and it is difficult to be effective with set sports
interventions. Oliveira et al [35] confirmed the effectiveness of cell phone apps to assist other
psychological interventions in the treatment of psychological problems, and this type of mobile
interference methods can be a campus psychological service center Risdnen et al [36] successfully
alleviated student stress and depressive symptoms through an instructor-guided Acceptance and
Commitment Therapy intervention by varying the Positive Thoughts Non-Response subscale. To
summarize the above studies, it is evident that the identification of psychological problems is mostly
on the consideration of depression, with less identification of other emotions, while the
identification of the single data considered, resulting in the identification of the accuracy needs to be
improved. In the psychological intervention, a few intervention methods have been proposed, but the
specific intervention path has not been studied. Dijkstra's algorithm (Dijkstra) is the shortest path
algorithm from one vertex to the rest of the vertices, which solves the shortest path problem in the
entitled graph [37]. It has the potential to be applied in the exploration of psychological problem
identification and intervention paths.

In this paper, the relevant features for students' psychological problem identification are selected
from the three levels of individual, family and school, by modeling the relationship distance of
students’ social network, using Dijkstra's algorithm to obtain the length of the distance to reflect the
students’ social intimacy, and analyzing the quantitative processing methods of other students'
features. Aiming at the problems of complex construction and low classification accuracy of C4.5
decision tree, it is improved by combining with variable precision rough set, and the improved C4.5
decision tree algorithm is used as a method of recognizing and classifying students' psychological
problems. Taking the data related to students' mental health of CQ University as the dataset, the
comparison experiments of different classification algorithms are conducted, and the model's effect
of recognizing psychological problems is checked under different mental health levels and different
students’ majors. On this basis, the intervention path of students' psychological problems is explored.
Finally, the intervention group and the control group were selected to carry out psychological
intervention experiments, comparing the changes of the eight mental health test factors before and
after the intervention experiments, and evaluating the effect of students' psychological interventions.
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2. Dijkstra-based identification of students’ psychological problems

This chapter builds a comprehensive model for identifying students' psychological problems with
the help of data mining methods, which aims to assess students' psychological status more
comprehensively and accurately, and provides a theoretical basis and practical support for scientific
research and practical intervention of students' mental health problems.

2.1. Feature selection

Hierarchical analysis was used to construct an index system for the identification of psychological
problems among college students, which covered three core indicators at the feature level and was
subdivided into nine specific assessment indicators at the base level, as follows:

Personal factor level: physical condition, interpersonal communication (social intimacy),
personality orientation.

At the family level: family economic situation, upbringing, and nature of household registration.

At the school level: academic performance, diligence in school, participation in group activities.

2.2. Social intimacy

The algorithm is based on students' behavioral record data at school, and extracts all students’
behavioral records for N consecutive months for behavioral trajectory data mining. The number of
co-occurrences of any two students is counted and transformed into the student relationship index;
the more common actions/co-occurrences, the more similar the similarity/relationship between
students. According to the students' relationship index, a personal social graph is constructed for
each student, and the social network of the whole school is formed by the combination of social
graphs, with student objects as nodes in the network and relationship index as distances in the
network.

2.2.1. Parameter Variable Descriptions and Definitions:

1) Co-occurrence. Co-occurrence, which specifically refers to the simultaneous existence of
behavioral records of students S, and S, at a location L within a given time window
[T —t,T +t], has an association rule S, = S;, which denotes that there exists one co-occurrence of
students S, and S; atlocation L have one co-occurrence.

2) Time Window. The time window is used to determine whether a student's behavioral record can
be classified as a “co-occurrence” in the range of |7,—T;|<2*¢,,. Where T, is the time of a
behavioral record of student A4, 7, is the time of a behavioral record of student B, 2*11,;, is the
size of the interval of the judgmental condition, and the parameter 7, , is the threshold value of the
location L; in the hourly segment of # <[l,24].

3) Relationship index. Set the closeness of any two students as R,(B), i.e, for student 4, the
closeness of student B to him/heris R,(B).The formula is:

_y| 9B IS
RA(B)‘E{ C.0 SA(z')} -
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Where: L is the location where all student behaviors were recorded, C,(i) denotes the total
number of times student A4 was recorded at location L; in a given statistical time period, OL(B)
denotes the number of times student A4 and student B were co-occurring at location L in a
given statistical time period, and |S| denotes the total number of students in the school, and S,(7)
denotes the total number of students who co-occur with student 4 atlocation ;.

4) Similarity Characterization. For a given any two students i and student Jj, the similarity
between the two is calculated as:

T

L
) Ve 2
J

/
Where: Til,j denotes the number of co-occurrences of two students at location /, and m;‘.‘XTi,j
denotes the maximum number of times that student i co-occurs with other students at location /.

2.2.2. Calculating time window parameters. For any location L, there exists the parameter set
I =[t,t,,-",t,,]. To determine the appropriate f,,, set the parameters LB;, UB,, and p; to
denote the lower, upper, and growth steps of 7, ,, respectively. For an /-hourly segment at location

L, the alternative %, has the candidate set 7S =[LB,LB,+ p,, LB, +2p,---,UB]. In seconds, then

3600
for each choice 7S;, the hourly segment can be divided into s intervals, then for location / at
h hours of time period d, there is:
Wi anrs =| Mo Magps > Maeno (3)

LLh
TS;

i

where 7 is the number of people whose behavior was recorded in the corresponding hourly period
of the time period, i.e:

d
B Z Oi 1k (4)
P

where 9,;,,; denotes the number of co-occurrences in the ith interval of the /-hourly segment at
location i onthe kth day of the time period.

The probabilities of the Poisson distribution are computed for the set W based on each interval
of each location, hourly segment, to obtain the probabilities of Possion(X =2) and Possion(X >2),

2.2.3.  Constructing a student co-occurrence matrix. For student 7, the matrix is obtained by
calculating the number of co-occurrences with other students:
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OL1 Jdm o Ly,sm
S, = . : (5)
OL,, Am 7 OL,,,sm

where O, ,, denotes the number of co-occurrences of student 7 and student s atlocation L,.

2.2.4. Calculating the Student Relationship Index Matrix. For student 7, the matrix can be
obtained by the proximity formula:

R, =[R,(S5)R,(S,)] (6)
R(S) - R(S,)

R=| : (7)
R(S) - RJS)

2.2.5. Dijkstra-based shortest distance. Based on the actual reality consideration, the relationship
index matrix of all students in the school is likely to be a sparse matrix, in order to better explore the
relationship between any two students, the social relationship of the students is constructed as a
network, with the students as the nodes of the network, and the inverse of the relationship index is
the distance between the nodes, and through the shortest path Dijkstra's algorithm, to obtain the
social path and the shortest relationship distance between any two students.

Considering the intimacy formula R,(B) as a positive index, in order to support the shortest path
algorithm, its inverse is used as the relationship distance to obtain the matrix:

l cee l
R(S)) R/(S),)
D=| E (8)
1 1
R(S)  R(S)]

After computed by the shortest path algorithm, the distance matrix D is updated to get the
distance matrix D', where V,, denotes the shortest relational distance between student 7 and
student $ and the path matrix P, and P, is the social path (nodes passed in the social network)
from student m to student S. According to the closeness formula R,(B), it is known that the
relationship distance is directed, so P, #P,,:

Vi1 Vis

D'=|: " (9
Vi1 Ves
R, 1s

P=|: . (10)
P P

sl s
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P. =[S, S]] (11)

Thus, for any student in the social network, there exists N, =[D',P] denoting the student's
social relationship profile.

2.2.6. Generating student personal social graphs. Access control gates, cafeteria consumption card
and other equipment flow data can be used to reflect the social behavior of students, using the graph
G(V,E) to represent the social network, where V' represents the set of nodes, E represents the
set of connecting edges, the node represents the student, the connecting edges represent the social
relationship between the students. The existence of a connecting edge between any two nodes needs
to satisfy three conditions at the same time: (D being captured by the same device (swiping
behavior or being recognized by the same face recognition camera), @ being captured by the same
device at intervals less than 2 minutes, and @ the number of times that conditions (O and @ are
satisfied at the same time during the observation period is greater than a threshold value 7.

The final social graph of a student is obtained by filtering the relationship distance D', in the
student's social set N, by setting a distance threshold H and obtaining objects with D' <H.

2.3. Other personal factors

2.3.1. Physical condition. Specific data describing the physical condition of students were selected
from school hospital visits, annual physical education test scores, and Exercise APP Trail Luck
Running punch card data. The physical condition of students was compared by calculating the
position of each normal distribution, i.e., the standardized score, of a student in each of the three
types of data as follows:

For the frequency of medical consultation p, there is a total population of students
P=[p.,p,,~,p, 1, P,], calculate the mean and variance or standard deviation of this distribution
respectively, and then use the probability density function to calculate its Z-Score. Its probability
density is as follows:

1 (x—p)’
S(x)= expq— 12
\27o, 20, (12)
For frequency of medical visits, the mean # and standard deviation S were calculated:

v _ ;=1pi (13)

medical
n

)?medicaz denotes the sample size of the number of medical visits, and # is the number of such
samples, as in the following equation:

. \/Z(pl _)?mealical)2 (14)

medical —
n—1

where S,... denotes the standard deviation of this sample, which is calculated as follows:

/ — edical dical
edical = medica. medica (15)

medical
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Here, Z,... denotes the standardized score and X, is the frequency of the student's
medical visits p,.
The same steps can be applied to sports test scores and sports app clocking data.
Finally, the average of the Z-scores for the three factors is calculated as follows:
+7Z, ., +7

Z
Average 7 — score = —& 3”3‘” ap (16)

2.3.2. Personality orientation. After a complex psychometric evaluation of the questionnaire, data
on five dimensions of personality orientation were obtained, corresponding to extroversion,
introversion, emotional stability, responsibility, and openness. A clustering algorithm was used to
categorize the students into different clusters based on the similarity of the personality dimensions.
This helps to identify groups of students sharing similar personality traits.

2.4. Family factors

2.4.1. Family economic situation. Adopting the tier of students' identification of their family
income to make data support for mental health prediction and judgment.

1) Collect family income data. Obtain income data from a large number of families to ensure the
accuracy and comprehensiveness of the data. After data preprocessing, put the total annual
household income into the set X and arrange the dataset X inascending order.

2) Calculate the median. Sort the total annual household income and identify the household income
in the middle position.
If the size of X isodd (7 isodd), the median A isthe sorted middle value, i.e.:

M:X|:I’l;—1jl (17)

If the size of X 1is even (7 is even), the median M is the average of the two values in the

middle of the sorted order, ie:
Xm ”{Z”} (18)
M =

2

3) Setting relative standards. A range of 76%-200% relative to the median is set for defining the
middle-income group.

4) Classification of household income groups. Based on the relative criteria set, household income is
classified into three income groups: high, middle and low.

2.4.2. History of growth and nature of households. Four levels of data, namely, family structure,
whether they are left-behind children, arts and sciences, and the level of the city to which their high
school belongs, were selected to construct a multidimensional data table portraying students'
growth history.
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The nature of hukou may have a potential impact on students' mental health by influencing the
socioeconomic environment, cultural environment, and educational opportunities in which they live.
The nature of hukou is categorized into rural hukou and non-rural hukou.

2.5. School factors

2.5.1. Academic performance. Students' mental health was predicted by analyzing the percentage
of failed courses, individual course grades, course credits, and semester GPAs. In order to combine
the four characteristics of failing a course, course score, course credits and semester credits GPA per
semester, a composite scoring model was designed to highlight the ability to predict students' mental
health. The following is the composite scoring model:

(19)

Score=25*{(1— fail) +.5 0,014 /0L _credit | GPA }

max_credit FULL

where 25 is a weighting factor to adjust the contribution of each characteristic to the composite
score. fail denotes the percentage of failed courses,
fail = Total number of failed subjects/total number of subjects , $ denotes the average course score,
total _credit denotes the total number of credits for the student, max _credit denotes the
maximum total number of credits for the cohort of students in the same grade level, GPA denotes the
student's GPA, and FULL denotes the number of full grades earned at the school.

2.5.2. Attendance at school. Design a comprehensive diligence assessment model based on
learning behavioral characteristics to quantitatively analyze students' performance in academics and
life using the principle of normal distribution. The model indicators include the frequency score of
surfing the Internet, the class attendance score, the breakfast behavior score and the number of
library entries score.

Attendance is calculated:

i. Frequency score of Internet access:

= ZScore(Frequency of Internet behavior)

Frequency of access to the Internet

(20)
xMaxScore
ii. Class attendance ratings:
F\yendance = ZScor (Number of times students attended classes) 1)
xMaxScore
iii. Breakfast behavior scores:
Breakfast behavior = Z5core(Number of occurrences of breakfast behavior)
‘ (22)
xMaxScore
iv. Library access scores:
Library accesses = 2COT€ (Library accesses) x MaxScore (23)

v. Comprehensive Diligence Score:
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— % %
andustriousness - a)l Fi:requency of Internet access + a)Z F Attendance
. R (24)
+a)3 Breakfast behavior + 0)4 F Number of librarian entries

Where: ZScore(-) is the function for calculating the Z-score. Fcumingequncy » Faendance »
Fyeagast benavior » FLibrary  are the students' learning frequency, class attendance, breakfast behavior, and
library entry scores, respectively. maxScore is the maximum value of the score and is usually set to
100. @,w,,w;,@, are weighting coefficients to adjust the contribution of each feature to the
composite diligence score. The model was fitted by setting @, =@, =, =w, =0.25,

2.5.3. Participation in group activities. An assessment model was constructed to quantify students'
activeness in group activities as an important predictor of mental health. In order to more closely
capture the associations between collective activity characteristics, covariance matrix and
multivariate normal distribution were introduced to more fully consider the potential associations
between characteristic items.

Collective activity score =P (collective activity frequency, club organization participation rate,
volunteer service hours, sports activity participation frequency), by introducing multivariate normal
distribution, the model can better capture the associations between features. To wit:

f(quZ)=———%——7'@@(—1(x—ﬂf721<x—%0j (25)
(27)> |52

where X is the eigenvector, # is the mean vector, and X is the covariance matrix

0y Op - Oy
Oy Oy Oy o _ . :
= . . This yields the characteristic term probability modeling:
2
Ou Ok " Oy

P(x) = f(x; 4,%) (26)

X is a vector of eigenterms, which includes group activity frequency, club organization participation,
volunteer hours and sports activity participation frequency.

2.6. Methods of Identifying Psychological Problems

The research objective of this paper is a binary classification problem, and the C4.5 decision tree
algorithm is chosen as a method for recognizing students' psychological problems. Aiming at the
problems that the decision tree generated by this method does not have high classification accuracy,
has more branches, is larger in size, and the classification accuracy decreases rapidly in the presence
of noise, an improved algorithm for C4.5 decision tree based on Variable Precision Rough Set
(VPRSC4.5) is proposed.

2.6.1. Variable Precision Rough Sets. Variable Precision Rough Set (VPRS), which introduces a
threshold on the basis of the rough set model to allow a certain degree of classification error to exist,
thus effectively solving the problem of data inconsistency and the classification of noisy data, and
improving the classification accuracy and generalization ability of the decision tree.
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§=(U,AV,f) is an information system where U is a non-empty finite set, i.e, an argument
domain, A4 is a non-empty finite set of attributes, V' is a set of value domains of attributes, and

f:uxA—V is an informational function that assigns an informational value to each attribute of
each object,i.e, Yae 4, xeU, f(x,a)eV,.
B —Majority inclusion relations. Given an information system S=(U,4,V,f), for each subset

X cU and an equivalence relation R, U/R={1,Y,,---,Y }, the B— majority inclusion relation is

defined as follows:
The set of approximations on S~ of X is:

Ry(X)=U{Y,|Y,eU/R:P(Y, X)<1- ) 27)
The set of approximations under B~ of X is defined as:

R,(X)=U{Y,|Y,eU/R:P(Y,X)< S} (28)

1

where: P(Y,X)= | | is the rate of correct categorization of the set Y. into X, and R;(X),

also known as the S — positive domain, is denoted POS;(X,Y), is the maximal set of objects that

are judged to belong to X with a correct rate no greater than /8 based on prior knowledge.

For a given threshold p, an argument domain U, an equivalence class X of conditional
attributes, and an equivalence class Y of decision attributes, the approximate classification quality
is defined as:

B \Posﬂ (X, Y)\
75(X.Y) T

It can be seen that when S =1, VPRS is the classical rough set model. Under the same conditions,
as B decreases, the positive domain of B— gradually increases, and the approximate classification
quality increases, thus providing some suppression of noise.

(29)

2.6.2. Information gain rate under VPRS. For a random variable X defined on a given domain U,

let its probability distribution be {p>Pys+p,} and pr =1, then the information entropy of X

i=1

is H(X)=-) Plog,(p,). In information theory, entropy can be used to measure the uncertainty of
i=1

an information system.
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In the domain U , let the divisions derived by P and QO on U be X and Y,
X={X,X,,, X}, Y={1,Y,,---,Y }, then the probability distribution of P and Q in U is a
subset composition is:

[X.P]_[ XX, X, } w0
S p(X) P p(X,) (30)
I e pry) (31)

X. X.
where: p(X,»)=H(i=1,2,'“,n), p@j,):%(j:l,z,---,m), with the symbol |[M| being the base

of the set M, ie., the number of elements contained in the set. The S—entropy H”(p) of the

knowledge 27 is:

v gafihel )

Then the knowledge Q(UIIND(Q)={K,Y2,”',YM}) is relative to the knowledge

P(U|IND(P)={X,,X,,--,X,}) can be defined as:
HY(Q1P)=-3 P(X)Y pp(¥,1X,)ogs (p(¥,1X,)) (33)

where: p(Y/ IX,):|Y/ mX,—|/|X,-|(l'=1,2,"-,n;j=l,2,---,m)_

Therefore, the information gain rate f—ratio under variable precision rough sets is:

i

Ratio (C,U) {mf(x)_g P (X)} /Split(C, U) (34)

X
where: Split(C,U) = Zﬁ' | 10g2(||U||j, and S is the categorization threshold, generally

specified by human experience, here 0.5< <1,

2.6.3. VPRSC4.5 algorithm. The process of constructing a decision tree is mainly the selection of
nodes. In the process of constructing the decision tree improvement algorithm using the variable
precision rough set method, the measure of the approximate classification quality of each attribute
75(X.Y) is computed according to Eq. (29), and the attribute with the largest classification quality
measure is selected as the root node. By analogy, the middle node of the tree is the attribute that has
the largest approximate classification quality measure for the samples contained in the subtree



OPTIMIZATION OF IDENTIFICATION AND INTERVENTION PATH OF PSYCHOLOGICAL 6759

rooted at that node, until the samples contained in the branches cannot be further divided,
generating leaf nodes. When two or more attributes have the same approximate classification quality,
the f—information gain rate ( B —ratio) for this attribute with variable precision is calculated, and
the attribute with the largest information gain rate is selected as the root node.

The algorithmic process is as follows:

a) Generate a node root based on the training sample set 7.

b) If C is empty, label node root with the decision attribute value that accounts for the majority
of the training instance set 7 and return. (c) If U takes exactly the same value on the decision
attribute, the decision attribute value is used to label node root and return.

c) For each equivalence class X, =U/C, (i --,n) of the conditional attribute C,, compute its
approximate categorization quality 7; (7 ( ,n accordmg to equation (29).

d) Take the maximum value of y;, maxy, (i ( =1,2,---
if maxy; only then

Assign its corresponding attribute C; to node root
else

e) Calculate the information gain rate ﬂ—mtio(C[,T ) for all conditional attributes that have
reached the maximum value according to equation (34), and assign the value of the attribute C,
corresponding to the maximum information gain rate to node root.

f) Add a new branch root= B, under root for each possible value of root, such that 7 -5,
denotes the subset of T that satisfies the attribute ¢ taking the value B;.

if T—B, isempty then

return the value of the most decision-making attribute in 7.

else

Add a subtree VPRSC4.5(T —B;,C—c,D, f) under this new branch.

g)If U is completely categorized by the decision tree branch, the algorithm ends.
2.7. Experiments and analysis of results

2.7.1. Experimental data. This paper investigates 300 undergraduate students at CQ University, of
which 100 students were assessed as students with mental health problems by experts at the
university's Psychological Center, and their mental health levels were classified as mild, moderate,
and severe. In addition, 200 undergraduate students were randomly selected from the whole
university. In this section of the experiment, the students were categorized into two groups; mild,
moderate and severe were positive samples, and students without mental health problems were
negative samples.

When designing machine learning experiments, the division of the dataset is particularly
important, and the reasonable division of the training set and test set helps to train and validate the
model. In this experiment, the data set sample is 300 students, of which 100 students are positive
samples and 200 students are negative samples, that is to say, the ratio of positive samples and
negative samples is 1:2. In order to make the ratio of the samples in the training set and the test set
are 1:2, 50 and 100 students are randomly selected from the positive samples and the negative
samples of the data set, respectively, to serve as the training set, and 25% of which are used as the
validation set and ensure that the ratio of positive and negative samples are both 1:2.Also, the ratio
of positive and negative samples in the test set is 1:2.

2.7.2. Comparative Experimental Analysis. The extracted features are fed into the classification
algorithm for model training and testing, comparing four common machine learning classification
algorithms, Random Forest (RT), Gradient Boosting Tree (GBDT), Plain Bayes (NB), Neural Network
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(NN) and this paper's C4.5 Decision Tree based on Variable Precision Rough Sets (VPRSC4.5), and the
results of different algorithms for recognizing the students with mental health problems are shown
in Figure 1. First, it can be clearly observed that in all models, the test accuracy is higher than the
recall rate, and the recall rate can only reach a maximum of 0.71, indicating that fewer samples can
be correctly identified. Secondly, VPRSC4.5 has the best overall performance, especially the recall
rate is improved more, therefore, the VPRSC4.5 algorithm is superior in this paper to be chosen for
students' psychological problem recognition. In order to verify the generalization ability of the
algorithm, the test dataset is inputted into the VPRSC4.5 algorithm, and the following experimental
results are obtained: the Precision is 0.75, the Recall is 0.73, and the F1-Measure is 0.74. According to
the experimental results of the test set, the VPRSC4.5 algorithm of this paper is able to identify 73%
of the students with mental health problems.

F1-Measure-test
0.642 \( —=RT 04
— GBDT

F1-Measure-train —
0.63 — NB 072
x —— NN

g Reallst —— VPRSC4.5[ o3
E
=  Recall-train
2 0.62 071
§ -
= Precision-test
= 0.65 \ 075
=
Precision-train ~
0.64 / 0/74
—
Algorithms
RT GBDT NB NN  VPRSC4.5
Algorithms

Fig. 1. Results of five classification algorithms to identify students with psychological

2.7.3. Results of identification of different psychological problems. Using the above five methods,
the samples of three types of mental health problems in the test set, mild, moderate and severe, were
identified, and the results of the identification of different psychological problems are shown in
Figure 2. In this paper, the recognition accuracy of VPRSC4.5 algorithm for the three types of mental
health problems, mild, moderate and severe, is 0.73, 0.72 and 0.75, the recall is 0.75, 0.74 and 0.77,
and the F1 value is 0.74, 0.73 and 0.76, which are higher than the other four classification algorithms.
Among them, the VPRSC4.5 algorithm was the most effective in recognizing students' severe mental
health problems.
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Fig. 2. Results of different psychological problem identification

2.7.4. Recognition performance in different specializations. The experiment analyzes the accuracy
of different methods in recognizing the mental health of students in different majors, and the
comparison results of the recognition accuracy in different majors are shown in Figure 3. The
VPRSC4.5 method of this paper has higher accuracy than the other four methods, and the accuracy of
mental health recognition of students in different majors is always higher than 74%, and the
recognition accuracy of different majors has little fluctuation, and the stability of recognition is high.
The recognition accuracy of the four comparative methods has more ups and downs, and the value of
the recognition accuracy is generally low, and the recognition accuracy of different majors is lower
than 70%. It can be seen that under different majors, the VPRSC4.5 method of this paper has high
accuracy and stability of mental health identification, which can greatly improve the mental health
identification effect of students in different majors.
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Fig. 3. Comparison of the identification accuracy of different majors

2.7.5. Characteristic importance analysis. Table 1 lists the 20 traits with high Pearson's
correlations. 7, 6, and 7 of the 20 traits belonged to personal, family, and school factors, respectively,
with a more balanced distribution. Two of the first three correlated traits were related to personality
orientation, and three of the first seven traits were related to growth history, indicating that
students' personality traits and growth history have the greatest impact on their mental health. In
addition, students' academic performance and school diligence also have some influence on their
mental health.

Table 1. The top 20 most relevant features

Numbe
- Feature category Feature description Correlation coefficient
1 Personality orientation High internal orientation 0.256
2 Growth process Stay-at-home children 0.255
3 Personality orientation Low openness 0.251
4 Family economy Low income 0.249
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5 Physical condition High medical frequency 0.248
6 Growth process Disabled family 0.233
7 Growth process Expanding family 0.232
8 Academic performance Poor academic performance 0.230
9 Diligence degree Low attendance rate 0.221

10 Household registration Farm home 0.218
11 Diligence degree High Internet frequency 0.211
12 Participate in collective activities Lower frequency of participation 0.209
13 Academic performance High inferior lattice 0.205
14 Social intimacy Weekends in the dormitory 0.203
15 Social intimacy Lunch average 0.193
16 Growth process The city level of high school 0.191
17 Academic performance Semester credit point 0.188
18 Diligence degree Breakfast habit 0.185
19 Physical condition Low physical test scores 0.172
20 Social intimacy Get up early on Monday 0.168

3. Intervention pathways for students with psychological problems

This chapter discusses the intervention path of students' psychological problems. Colleges and
universities need to build students' psychological crisis early warning and intervention mechanism,
combined with students' psychological problem identification model to establish a rapid response
network of psychological crisis, to strengthen the various types of psychological crisis intervention
and healing identification tracking, in-depth development of psychological crisis prevention, and to
strengthen the organic combination of psychological crisis early warning and intervention.

3.1. Improving the organization of psychological interventions

The leading organization of the psychological crisis early warning and intervention system needs to
regulate the internal and external relations of the school, and its composition should include leaders
related to psychological crisis early warning and intervention, and assign tasks to subordinate
organizations. The executive body performs its duties according to the work plan formulated by the
leading body, including the daily maintenance of the psychological crisis intervention system, the
monitoring of high-risk groups, and the tracking and monitoring of the results of the implementation
of the intervention. The school must ensure the normal operation of the psychological crisis
intervention center, and the psychological crisis management office is responsible for setting up
work objectives, deploying the personnel needed for the system, and allocating resources according
to the summary of all parties. The on-campus implementation team is the executive body of the
psychological crisis intervention system on campus, the social support management team is the
executive body of the psychological crisis intervention system off-campus, and the technical team is
responsible for the construction and maintenance of the psychological crisis intervention system.
The identification of students' psychological problems is the foundation of the psychological crisis
intervention mechanism. Colleges and universities can screen out those who have signs of
psychological crisis according to the identification model of students' psychological problems,
classify them according to the degree of the outbreak of psychological crisis, and formulate a
psychological crisis intervention program for the high-level group.
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3.2. Safeguards for psychological interventions

The psychological crisis early warning and intervention mechanism for students in colleges and
universities consists of subsystems such as crisis prevention and intervention and social support,
and the crisis prevention system is established mainly to enhance the psychological tolerance of
students, so that they can deal with crises partly caused by personal reasons by themselves. The
purpose of crisis early warning is to issue early warning information to nip the crisis in the bud, and
the social support system runs through the whole process of crisis intervention. Colleges and
universities to build students' psychological crisis early warning and intervention home-school
linkage mechanism, need to strengthen communication, education and guidance, clear division of
labor between the family and the school, tracking attention to promote the linkage of long-term
effectiveness. Psychological crisis early warning and intervention is a special psychological service,
which is characterized by the timeliness and preventive nature of the help, which helps students to
rationally treat and deal with the psychological crisis, and prevents accidents that are difficult to save.
Most of the psychological crises of students in colleges and universities come from academic, family
and employment pressure, etc. Colleges and universities need to subjectively train students' stress
perception tendency to reduce the probability of the occurrence of students' psychological crises,
and objectively reduce the intensity of the crisis and the damaging nature of the crisis events, and
pay attention to the guiding attention to the poor students and the students who have difficulties in
employment in the prevention.

4. Evaluation of the effectiveness of interventions for students' psychological

problems

4.1. Objects and Methods

1) Subjects of the study. Four schools in a city were selected, two of which served as intervention
schools and the other two as control schools, and the subjects of the study were all freshmen and
sophomore students.

2) Instruments. The Mental Health Diagnostic Test (MHT) test was used for mental health diagnostic
testing. The test has 100 items and contains 8 content scales, namely, learning anxiety, anxiety about
people, loneliness tendency, self-blame tendency, allergy tendency, physical symptoms, phobic
tendency, and impulsivity tendency. The standardized score of each content scale is less than 5 for
normal mental health, between 5 and 8 for easy mental health problems, and more than 8 for serious
mental health problems that require special guidance programs. If the standard score of the whole
scale is greater than 65, it is a serious mental health problem.

3) Test Method. The MHT psychological test questionnaire was uniformly distributed, and the
students in each school were tested by the main examiner according to the guidelines, and were
asked to answer the questions on the questionnaire one by one.

4) Psychological intervention. Based on the mental health identification of students in the
intervention schools using the psychological problem identification model, based on the intervention
pathway for students' psychological problems, targeted mental health interventions were provided
to students in the intervention group schools, and no interventions were taken in the control group
schools.
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5) Final Survey. At the end of the implementation of mental health interventions, students were
tested again to compare the differences before and after the interventions.

6) Statistical analysis. EpiData 3.1 was used for data entry, and SPSS 18.0 was used for statistical
analysis of the data, with independent samples t-test for quantitative data and chi-square analysis for
qualitative data.

4.2. Assessment of the effectiveness of the intervention

The standardized score results for the full scale showed that the proportion of students with
standardized scores =65 on the entire test in the intervention group was 1.47% and 0.98% before
and after the intervention, while the proportion of students with standardized scores =65 on the
entire test in the control group was 1.25% and 1.43% before and after the intervention, respectively.
The proportion of students with more severe mental health problems decreased by 0.49% overall in
the intervention group, while it increased by 18% in the control group.

Comparison of the factors of the mental health tests of the students in the control and intervention
groups before and after the intervention is shown in Tables 2 and 3. After the intervention, the scores
of the learning anxiety, loneliness tendency and terror tendency factors in the intervention group
decreased compared to the pre-intervention period, and the difference was statistically significant (P
< 0.05). Compared with the baseline survey, the scores of the learning anxiety factor and the
loneliness tendency factor in the control group increased, and the difference was statistically
significant (P < 0.05), while the other factors did not change much. Overall, the mean score of each
factor for students in the control group increased by 0.22 points, up 5.21%. The mean score of each
factor of the students in the intervention group decreased by 9.85%, indicating that the mental
health of the students was improved after the mental health intervention.



OPTIMIZATION OF IDENTIFICATION AND INTERVENTION PATH OF PSYCHOLOGICAL 6765

Table 2. The comparison of the control group' psychological health test factors

Content Base line Final period T value P value
Mean SD Mean SD
Learning anxiety 6.93 2.15 7.58 2.257 -3.162 <0.001
Interpersonal anxiety 3.92 2.26 3.96 2.15 0.156 0.152
Loneliness tendency 2.75 2.35 2.79 2.58 3.329 0.005
Self-blame tendency 5.62 2.26 5.89 2.36 0.475 0.228
Allergy tendency 5.23 2.40 5.27 2.79 -0.425 0.335
Physical symptom 4.19 2.16 4.54 2.27 0.756 0.195
Horror tendency 3.57 2.56 3.85 2.15 2.262 0.067
Impulsive tendency 2.13 2.25 2.25 2.26 -1.197 0.223

Table 3. The comparison of the intervention group' psychological health test factors

Content Base line Final period T value P value
Mean SD Mean SD

Learning anxiety 7.28 3.24 6.39 3.12 3.278 0.002
Interpersonal anxiety 3.87 2.42 3.35 2.23 0.596 0.257
Loneliness tendency 2.35 1.77 1.92 1.54 3.156 0.006
Self-blame tendency 441 2.43 4.14 2.14 -0.178 0.416
Allergy tendency 4.68 2.35 4.31 2.22 -0.662 0.641
Physical symptom 3.94 2.59 3.85 2.28 -0.651 0.645
Horror tendency 3.43 2.62 3.12 2.43 2.402 0.033
Impulsive tendency 2.01 2.15 1.74 2.38 -3.618 <0.001

5. Conclusion

In this paper, we select multifaceted student behavioral features, combine Dijkstra's algorithm to
construct students' social intimacy, and analyze the way of extracting other features, and use the C4.5
decision tree improvement algorithm based on variable-precision rough set as a classifier to
construct a model of students' psychological problem identification. Following that, the intervention
path of students' psychological problems is proposed, and experiments are set up to evaluate the
effect of psychological intervention.

1) In this paper, the results of the indicators for recognizing students' psychological problems using
the VPRSCA4.5 algorithm are higher than those of the comparison methods, and 73% of students with
mental health problems can be identified. In the identification of psychological problems of students
with different mental health levels and different majors, the identification accuracy, recall and F1
value of the VPRSC4.5 algorithm are all above 0.72, while the indicator results of the comparison
methods are less than 70%, which further verifies the superiority of the VPRSC4.5 algorithm. In
addition, students' personality traits and growth history are important factors affecting their
psychological health.

2) After psychological intervention, students in the intervention group showed significant decreases
in learning anxiety, loneliness tendency and terror tendency (P < 0.05), and the average scores of
each factor decreased by 9.85%, while the average scores of the control group improved by 5.21%,
indicating that the psychological intervention plays a positive role in the psychological health of
students.
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3) Colleges and universities should carry out psychological crisis prevention education, set and
evaluate psychological crisis warning and intervention indicators, make full use of students'
psychological problem identification model, build a three-dimensional network of psychological
crisis warning and intervention information, improve the operation mechanism of students'
psychological crisis intervention, activate the all-around psychological support system of the school,
the family and the society, improve the professional organization, clarify the functions and
responsibilities, and optimize the students' psychological crisis intervention. Optimize the operation
process of students' psychological crisis intervention.
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