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In this study, we examined the impact of college students’ mental health on their social behavior. A social network was identified
based on the behavior of college students sharing a meal. We analyzed the impact of depression on the structure of this network
and found that students without obvious depressive symptoms, based on the test data of the SCL-90 Assessment Scale, were better
at socializing than students with obvious depressive symptoms. We proposed a public opinion spreading model on social
networks and formulated a heterogeneous mean-field theory to describe it. Further, using computer simulation experiments, we
studied the impact of students’ mental health on the process of information propagation in college. )e results of the experiments
showed that students without obvious depressive symptoms were more likely to receive information than students with obvious
depressive symptoms. Based on the results of our study, college psychological consultants can actively identify students who may
be at risk of mental illness and give them attention and guidance.

1. Introduction

In the present self-media era, people can communicate
online with friends through various platforms such as
WeChat, QQ, Weibo, and BBS [1–4]. College students are
interested in novelty and are the main users of various social
platforms. On the one hand, students can communicate
through these platforms to improve their studies. On the
other hand, various views and opinions held by disgruntled
members of colleges and universities also pass through these
social platforms as public opinion and have a significantly
negative impact on students. )erefore, understanding the
principles and mechanisms of public opinion dissemination
in colleges and universities has become a focus of intensive
research study. )e core of these studies lay in analyzing
information dissemination on social networks [5–12].

Structurally, online social networks often have charac-
teristics such as small-world and scale-free properties and
high clustering coefficient [13–17]. )ese characteristics
have a strong influence on the information propagation
process, propagation range, and burst threshold [18–23].
Watts [24], a well-known network science scholar, analyzed

the spread of news stories, videos, and pictures on Twitter
and found that the propagation process showed a substantial
structural diversity; “hot” events, which spread quickly over
the social network, often have both viral propagation and
broadcast characteristics. Lu and Zhou [4] found that it was
easier to spread information on high-cluster coefficient
networks. For high-risk information (such as political in-
formation), single dissemination cannot eliminate the risks
and uncertainties caused by the dissemination of the in-
formation; multiple confirmations become particularly
important [25, 26]. Zheng et al. [27] proposed complex
propagation dynamics based on multiple confirmations to
characterize the information propagation process in social
networks. It was found that the smaller the average, the
higher the difference in the spread of information on regular
and random networks. Because of the limited risk of re-
dundant information to eliminate the propagation [28], Wu
et al. [29–31] further analyzed information propagation on
multilayered social networks based on the theory of edge
division [32]. During the dissemination process, it was found
that the multilayer network structure is comparatively more
conducive to information dissemination. Shu et al. [33]
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found that the interlayer network structure is particularly
crucial to information spread.

In the dissemination of public opinion in colleges and
universities, different students have different roles. For ex-
ample, students who frequent the library may have short
online communication times. By contrast, students who live
in dormitories may have an extended online learning and
communication time, which leads to differences in the in-
fluence of different student attributes on colleges’ public
opinion communication attributes. In this study, we con-
structed a public opinion spreading model to determine
whether students with apparent symptoms of depression
influence the spread of public opinion in colleges and
universities.

2. Data Descriptions

To quantify the impact of college students’ mental health on
their social relationships in school, we collected data from
4955 freshmen in a college, including the SCL-90 Assess-
ment Scale (hereafter referred to as the SCL-90 form) of
20188 swipe-card data in October 21–31, 2018.)e data used
in the article, which could only be used for statistical analysis
to obtain certain macrostatistical characteristics, were all
processed through anonymization; hence, it is impossible to
identify specific students. Derogatis proposed the SCL-90
table in 1975. )e table is deployed for comprehensively
scoring people’s mental health on multiple levels, such as
feelings, emotions, thoughts, consciousness, behavior, life-
style, interpersonal relationships, diet, and sleep, and
quantifying multiple depression. Related test indicators
include somatization, obsessive-compulsive symptoms, in-
terpersonal sensitivity, depression, anxiety, hostility, terror,
paranoia, and psychosis. Based on the respondent’s answer,
the degree of depressive symptoms is established on a scale
of 1 to 5, which indicates “none,” “very light,” “moderate,”
“heavy,” and “serious.” )e overall score range of the re-
spondents was [13–65]. Based on their scores, respondents
can be divided into five categories: none (no symptoms),
mild (symptomatic but infrequent), moderate (symptomatic
and frequent), heavy (symptomatic and severe), and severe
(symptomatic and very serious). To simplify the research, in
this follow-up study, the subjects were divided into two
categories based on whether they had or did not have ob-
vious depressive symptoms. )e overall score range of
students without apparent symptoms of depression was
[13–26]. Students with moderate, heavy, and severe symp-
toms, with an overall score range of [27–65], were catego-
rized as those with apparent symptoms of depression.

Among the 4955 students, 3879 weremale and 1076 were
female. )e minimum age was 16.1 years (as of October 1,
2018), the maximum was 25.1, the average was 18.5, and the
median was 18.4. Dining in the cafeteria is a typical behavior
of college students that can reflect students’ social behavior
to a certain extent.)erefore, we built a social network using
the swiping-card data from the student canteen. )e graph
G(V, E) was used to represent a social network, where V

represents a set of nodes and E represents a set of connected
edges. )e nodes represented students, with the edges

representing the social relationships between them. We
inferred that there was a link between two students that met
the following three conditions at the same time: (1) they
spent a similar length of time on a credit card machine; (2)
their spending time interval was less than two minutes; (3)
During the entire observation time (August 21 to October 31,
2018), the number of times conditions (1) and (2) were met
was greater than the threshold T.

3. Propagation Model Description

)e college students’ social network G could further de-
termine whether the students had obvious symptoms of
depression. Students with obvious depressive symptoms
were recorded as GH, and those without obvious depressive
symptoms were recorded as GN. Mathematically, the social
network G and the networkW are adjacent weights;wij � nij

represents the number of meals the two categories of stu-
dents have in a short period. )e greater wij, the closer the
relationship between student i and student j.

To describe the propagation process of public opinion
in universities, we proposed a generalized susceptible-in-
fected-recovered (SIR) model. )e susceptible students
were those that did not know the news but were likely to
come to know it. )e infected students were those that
already knew the news and were willing to share it with
friends. )e recovered students were those that were not
interested in the information. At the initial moment, a
student was randomly selected as infected. At a specific
moment t, there was a certain probability of each infected
student i informing a susceptible neighbor. To consider the
spread of student depression arising from public opinion
information in universities, we assumed that the proba-
bility of students passing information to students with
depression and those without depression was heteroge-
neous and could be specifically divided into the following
four cases:

(i) If the student i had no obvious depressive symptoms,
the probability that he would pass the information to
a friend without obvious depressive symptoms j was
λNN, where N indicates no obvious symptoms of
depression. Specifically, λNN is expressed as follows:

λNN � 1 − 1 − λnn( 
wij . (1)

(ii) If the student i had no obvious symptoms of de-
pression, the probability that he would pass the
information to a friend with obvious symptoms of
depression j was λNH, where the subscript H indi-
cates the presence of obvious symptoms of depres-
sion. Similarly, λNH is expressed as follows:

λNH � 1 − 1 − λnh( 
wij . (2)

(iiii) If the student i had obvious depressive symptoms,
the probability that he would pass the information
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to a friend without obvious depressive symptoms j

was

λHN � 1 − 1 − λhn( 
wij . (3)

(iv) If the student i had no obvious symptoms of de-
pression, the probability that he would pass the
information to a friend with obvious symptoms of
depression j was

λHH � 1 − 1 − λhh( 
wij . (4)

Students’ depression has different effects on the trans-
mission of different types of information. )e probability of
each student losing interest in the news was c. )e prop-
agation dynamics evolved until there were no infected
students in the system.

4. Theoretical Analysis

In this section, we propose a set of heterogeneous mean-field
theories to characterize the public opinion propagation
model. )e degree of distribution of the network G is
denoted as P(kH, kN), which indicates that a randomly
selected node i has kH friends with obvious depressive
symptoms and kN friends with no obvious depressive
symptoms. SX(kH, kN, t), ρX(kH, kN, t), and RX(kH, kN, t)

were used to indicate that students with degree (kH, kN)

were in the susceptible, infected, and recovered states, re-
spectively, where X ∈ H, N{ } indicates whether the student
had obvious symptoms of depression. At the initial time, that
is, t � 0, we have S(kH, kN, t) � (1 − 1/n),
ρ(kH, kN, t) � (1/n), and R(kH, kN, t) � 0, where n repre-
sents the number of nodes in the network G.

A student iH with obvious depressive symptoms with
degree (kH, kN) is in a susceptible state and needs to satisfy
two conditions at the same time: (1) he is not infected by a
friend with obvious symptoms and (2) he is not infected by a
friend without obvious symptoms. For condition (1), the
probability that the student iH is connected to an infected
friend with obvious symptoms is

cHH �
kH
′ P kH
′ , KN
′( kH
′ ρH kH
′ , KN
′( 

〈kH〉
. (5)

where 〈kH〉 indicates the number of students with obvious
depressive symptoms. )erefore, the probability of the
student iH not getting infected by a friend with obvious
depressive symptoms is

ηHH(t) � 1 − SH kH, kN, t( λHHcHH. (6)

Similarly, we can obtain the probability of satisfying
condition (2), that is, the probability of the student iH not
being infected by a friend without obvious depressive
symptoms, as follows:

ηHN(t) � 1 − SH kH, kN, t( λHNcHN, (7)

where cHN represents the probability of the student iH being
connected to an infectious friend without obvious symp-
toms, which is expressed as follows:

cHN �
kN
′ P kH
′ , KN
′( kH
′ ρH kH
′ , KN
′( 

〈kHN〉
, (8)

where 〈kHN〉 represents the number of students with ob-
vious depressive symptoms who have no obvious depressive
symptoms.

Considering conditions (1) and (2) comprehensively, the
probability of student iH being infected at t was

χH(t) � 1 − 1 − ηHH(t)(  1 − ηHN(t)( . (9)

)erefore, we can obtain the evolution equation of
SH(kH, kN, t) as

dSH kH, kN, t( 

dt
� −χH(t). (10)

For those infected with obvious depressive symptoms,
this growth stems from the infection of the susceptible nodes
by neighbors, and the decrease comes from recovery.
)erefore, the state evolution equation of ρH(kH, kN, t) is

dρH kH, kN, t( 

dt
� χH(t) − cρH kH, kN, t( . (11)

)e state evolution equation of RH(kH, kN, t) is
dRH kH, kN, t( 

dt
� cρH kH, kN, t( . (12)

Similar to the aforementioned discussion, it can be
observed that the degree of the nodes indicating students
without obvious depressive symptoms is (kH, kN); the
evolution equations in the susceptible, infected, and re-
covered states, respectively, were

dSN kH, kN, t( 

dt
� −χN(t), (13)

dρN kH, kN, t( 

dt
� χN(t) − cρN kH, kN, t( , (14)

with
dRN kH, kN, t( 

dt
� cρN kH, kN, t( , (15)

where

χN(t) � 1 − 1 − ηNN(t)(  1 − ηNH(t)( . (16)

)e probability of a student without obvious depressive
symptoms iN connecting to an infected friend without
obvious symptoms was

cNN �
kN
′ P kH
′ , KN
′( kH
′ ρN kH
′ , KN
′( 

〈kN〉
. (17)
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where 〈kN〉 represents the number of students with no
obvious depressive symptoms connected to those without
obvious depressive symptoms and cNH indicates the prob-
ability of the student iN connecting to an infected friend with
obvious symptoms, which is expressed as follows:

cNH �
kH
′ P kH
′ , KN
′( kH
′ ρH kH
′ , KN
′( 

〈kNH〉
. (18)

where 〈kNH〉 represents the ratio of students with obvious
depressive symptoms to those without obvious depressive
symptoms.

We have presented the evolution equations of students
with and without obvious depressive symptoms in various
states. It is not difficult to obtain the proportion of various
nodes in the SIR states in this system, as follows:

S(t) � 
kH,kN

P kH, kN(  SH kH, kN, t(  + SN kH, kN, t(  ,

ρ(t) � 
kH,kN

P kH, kN(  ρH kH, kN, t(  + ρN kH, kN, t(  ,

(19)

R(t) � 
kH,kN

P kH, kN(  RH kH, kN, t(  + RN kH, kN, t(  ,

(20)

respectively.
Next, we determined the outbreak threshold of public

opinion. At t⟶ 0, only a few nodes in the network were
informed; consequently, ρH(t)⟶ 0, and ρN(t)⟶ 0.
)erefore, we can obtain the Jacobian matrix of the equa-
tions (11) and (14) as H. )e dimension of the matrix H is
kmax

H kmax
N × kmax

H kmax
N . )e critical condition to be met by the

outbreak threshold is as follows:

λc �
1
Λ(H)

, (21)

where Λ(H) represents the maximum eigenvalue of the
matrix H.

4.1. Numerical Simulation. In this section, we applied the
public opinion information dissemination model on the
real-world social network and randomized network and
analyzed the influence of the network structure on infor-
mation dissemination. We set the threshold as T � 2. )e
randomized null model was constructed as follows. (1) Two
connected edges, e1 and e2, were randomly selected. e1 was
connected to nodes i and j, and e2 was connected to the
nodes m and n. If the network does not have double edges
and self-loops, when the nodes connected by the two
connected edges are exchanged, then the nodes were ex-
changed; otherwise, the nodes were left as they were. (2) Step
(1) was repeated until the 10E step, where E represents the
number of edges.

In the experimental simulation process, we calculated
the probability of propagating information between nodes of
the same type as equal, denoted as λin; the probability of
propagation between nodes of different types was equal,

denoted as λbetween. Using the same parameters, we con-
ducted, at least, 1000 experimental simulations to calculate
the average values.

First, we analyzed the network topology of the social
network. In Figure 1(a), the relationship between students
without obvious depressive symptoms is shown. Compared
with the zero model of stochastic networks, large-degree
nodes in real networks tend to connect with small-degree
nodes. In Figure 1(b), we also observed a similar phe-
nomenon in the context of a meal-sharing social network.
Only a few large-degree nodes dined together; the con-
nection was more of a star-shaped knot, that is, large-degree
nodes were connected to more small-degree nodes.

Figure 2 shows the clustering coefficients of students
with or without obvious depressive symptoms. We found
that the clustering coefficient ck decreased with k, regardless
of whether the students had obvious depressive symptoms.
Compared to the null model, when k≤ 400, the students had
a high clustering coefficient, which indicated that nodes with
a small degree were more inclined to have a group meal with
three people, while nodes with a high degree had few meals.

In Figure 3, we show the proportion of susceptible,
infectious, and recovered states over time of students with
and without obvious depressive symptoms. In the figure,
λin � 0.004, λbetween � 0.006, and the recovery probability
c � 0.1. For students without obvious depressive symptoms,
we found that the real network was not conducive to in-
formation dissemination. )is phenomenon may be at-
tributable to the following reasons. Compared with the
random network, the real network has a higher cluster
coefficient. When the information dissemination rate is
high, information in the network with a high clustering
coefficient always passes to the surrounding nodes, and as it
is not easy to reach nodes beyond the surrounding ones, this
environment is not conducive to information dissemination.
Similarly, among students without obvious depressive
symptoms, it was more difficult to disseminate information
on the real network compared to the random ones, as shown
in Figure 3(b).

In Figure 4, we present a graph of the evolution of the
state of the nodes in the network over time. Figures 4(a)–4(c)
show that t � 0, t � 5, and t � tmax on the random network
in Figure 3. Students with significant depressive symptoms
were infected. In the figure, green indicates the susceptible
state, red indicates the infected state, and blue indicates the
recovered state. Similarly, Figures 4(d)–4(f ) show students
without obvious depressive symptoms on random networks
at t � 0, t � 5, and t � tmax. Figures 4(g)–4(i) show students
with obvious depressive symptoms on the real network,
when t � 0, t � 5, and t � tmax. Figures 4(j)–4(l) show the
state of students who have no obvious depressive symptoms
on the real network at time t � 0, t � 5, and t � tmax.

In Figure 5, we show the spread of information among
students on real social networks in detail. In the figure, we set
the recovery probability to c � 1.0. )rough numerous
experimental simulations, we found that varying the value of
c did not qualitatively change the propagation phenomenon.
Figure 5(a) shows the proportion of students without sig-
nificant depressive symptoms receiving information RN as a
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Figure 1: Degree correlation for (a) real-world network and (b) null model network.
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Figure 2: Clustering for (a) real-world network and (b) null model network.
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Figure 3: )e status of various students evolves over time on social network (a) with and (b) without obvious depressive symptoms.
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function of λin and λbetween. As λin and λbetween increased, RN

also increased. When both λin and λbetween were less than
their outbreak threshold (can be predicted by using equation
(21)), it was almost impossible for students without obvious
symptoms of depression to receive information. When λin or
λbetween was greater than the outbreak threshold, a large
number of students without obvious depressive symptoms
could receive the message. When λin (λbetween) was suffi-
ciently large, λbetween � 0 (λin � 0) could cause global in-
formation bursts. We observed a similar phenomenon in
Figures 5(b) and 5(c), which show RH and R with λin and
λbetween, respectively.

Figure 6 shows the spread of public opinion on the
corresponding null model random network. Among them,
the three subgraphs show the changes in RN, RH, and R with
λin and λbetween. From the three figures, a phenomenon
similar to Figure 3 can be observed.

To further compare the impact of the real network
structure on information dissemination, we show the dif-
ference in the spread of information on real and random
networks in Figure 7. For students without obvious de-
pressive symptoms, the difference in the spread was defined
as

ΔRN � R
real
N − R

random
N , (22)

(a) (b) (c) (d) (e) (f )

(g) (h) (i) (j) (k) (l)

Figure 4: Node state on different time steps.
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Figure 5: Information spreading on real-world networks.
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where Rreal
N and Rrandom

N represent the spread of informa-
tion on real and random networks, respectively. Similarly,
the difference in the spread of the proportion of students
with significant depressive symptoms receiving informa-
tion and the proportion of all students receiving infor-
mation was ΔRH and ΔR. Figures 7(a)–7(c) show ΔRN,
ΔRH, and ΔR along with λin and λbetween changes. We found

that when λin and λbetween were small, ΔRN, ΔRH, and ΔR
were all greater than zero, which indicates that the true
network structure was not conducive to information
dissemination. Because the real network had a high
clustering coefficient, it was conducive to the spread of
information in a local range. With increase in λin and
λbetween, ΔRN, ΔRH, and ΔR were all less than zero, that is,
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Figure 6: Information spreading on null model networks.
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Figure 7: Difference of information spreading on real-world and null model networks.
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the real network was not conducive to information
dissemination.

5. Conclusions

We proposed a model of public opinion information dis-
semination based on the SIR model. In the model, the
students were divided into two categories based on whether
they had obvious depressive symptoms or not. We proposed
a heterogeneous mean-field theory to characterize the
model. Several computer simulations revealed that students
without obvious depressive symptoms were more likely to
receive information than students with obvious depressive
symptoms. Further, due to the existence of high clustering
coefficients in real social networks, there were two scenarios
of information propagation. When the information dis-
semination rate was low, it was easier to disseminate in-
formation on real social networks than on random networks.
)e results help us to have a deeper understanding of the
effects of student depression on the spread of public opinion.
In big data era, the online data about the student activity
should be taken into consideration when building their
social network and the effects of student depression on the
spread of public opinion in university should be further
investigated.
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