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Abstract

With the development of the Internet, more and more people prefer to confide their sentiments in the virtual world,
especially those with depression. The social media where people with depression collectively leave messages is called
the "Tree Hole”. The purpose of this article is to support the “Tree Hole" rescue volunteers to help patients with depres-
sion, especially after the outbreak of COVID-19 and other major events, to guide the crisis intervention of patients
with depression. Based on the message data of “Tree Hole”" named “Zou Fan’, this paper used a deep learning model
and sentiment scoring algorithm to analyze the fluctuation characteristics sentiment of user's message in different
time dimensions. Through detailed investigation of the research results, we found that the number of “Tree Hole” mes-
sages in multiple time dimensions is positively correlated to emotion. The longer the “Tree Hole"is formed, the more
negative the emotion is, and the outbreak of COVID-19 and other major events have obvious effects on the emotion
of the messages. In order to improve the efficiency of “Tree Hole" rescue, volunteers should focus on the long-formed
"Tree Hole"and the user groups that are active in the early morning. This research is of great significance for the emo-
tional guidance of online mental health patients, especially the crisis intervention for depression patients after the

outbreak of COVID-19 and other major events.
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Introduction

Depression is one of the oldest and most common men-
tal health diseases in mankind, and it often brings serious
damage to a country [1-3]. In 2008, the World Health
Organization listed major depressive disorder as the
third cause of death and disease [4]. And it is predicted
that it will ranked first in the global burden of disease in
2030. However, after suffering from depression, it is not
only difficult for patients to realize it, but also difficult
for doctors to recognize [5]. This phenomenon leads to
depression patients usually accompanied by major pain,
high morbidity and high mortality [6]. It can be seen
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that depression has become a serious social and medi-
cal problem [7]. Nearly half of depression patients have a
sense of stigma [8, 9], which leads depression patients to
be reluctant to seek help, delay in their illness, and even
commit suicide [10]. With the continuous popularization
of Internet terminals, more and more people like to con-
fide their emotions in the virtual world [11], especially
those with depression [12]. Usually, we call the social
media where people with depression focus on their emo-
tions as “Tree Hole”

In March 2012, a user of Microblog named “Zou Fan”
committed suicide after leaving the last message on her
Microblog account. After that, a large number of patients
with depression left messages on her Microblog account,
making it becoming the largest “Tree Hole” in Microblog,
namely “Zou Fan Tree Hole” Based on the message data
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of “Zou Fan Tree Hole” and other Tree Holes, Professor
Zhisheng Huang and a group of scholars have carried out
research for monitor and early warn patients. Moreo-
ver volunteers such as the “Tree Hole Rescue Team” and
social organizations have carried out online and offline
suicide intervention and rescue [13], which has attracted
great attention from the society to the “Tree Hole” pop-
ulation and even patients with depression. At present,
there are more than 600 Tree Hole Rescue volunteers in
the rescue community, including university professors
and psychologists, covering all regions of the country
[14]. From the end of July 2018 to the end of December
2020, the Tree Hole Rescue Team has provided assistance
to 11,715 people at high risk of suicide and prevented
3629 suicides.

The outbreak of COVID-19 has led to an epidemic of
fear, anxiety and depression. Patients with mental ill-
ness belong to a special population, who are more likely
to experience aggravation of the disease, relapse of the
disease, and increased risk of suicide when faced with
acute stress events. This shows that people with mental
problems are more emotionally affected by the new coro-
navirus epidemic. This phenomenon makes “Tree Hole”
users become more active, and the number of comments
increases. At the same time, new “Iree Holes” like Dr.
Wenliang Li Microblog have also been formed.

Based on the message data of “Zou Fan Tree Hole’, this
paper used a deep learning model and sentiment scoring
algorithm to analyze the fluctuation characteristics senti-
ment of user’s messages in different time dimensions. The
“Tree Hole” agent (i.e., an Al program) was used in the
article to obtain the data of more than 2.3 million “Tree
Hole” messages from 2012 to 2020. After preprocessing
the data which includes cleaning, deduplication, and for-
matting, we used the Bert+BiLSTM deep learning model
completes the sentiment classification task for each mes-
sage data. Then this deep learning models and sentiment
scoring algorithms was combined to analyze the fluctua-
tions of the sentiment and number of messages in the
“Tree Hole” at all time, day, week, month and year. It also
analyzed the sentiment and quantity fluctuations of the
“Tree Hole” messages before and after the outbreak of
COVID-19.

The remainder of this paper is organized as fol-
lows. Section 2 introduces the literature work related
to depression monitoring analysis based on Microblog
“Tree Hole” and semantic analysis with machine learn-
ing and deep learning model. In Sect. 3, we describe the
data set and present the proposed model and algorithm.
Section 4 illustrates the designed experiment results and
analysis, and Sect. 5 presents further discussions and
suggestions. Finally, we draw a conclusion of this study in
Sect. 6.
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Related work

Research on Microblog data can help us find out the pos-
sible correlation factors between the onset of depres-
sion and suicide, so as to find suicidal people. At present,
many papers have analyzed the message data of the “Tree
Hole” For example, Gong et al. [15] analyzed the geo-
graphical distribution of the message data of the “Tree
Hole” and found that the number of “Tree Hole” users in
each region is related to the local GDP. Huang et al. [16]
analyzed the change rule of the number of “Tree Hole”
messages in the time dimension. Chen et al. [17] used the
sentiment dictionary to score the sentiment of the “Tree
Hole” message, and further analyzed the characteristics
of the keywords in the message. However, most of the
analysis of “Tree Hole” messages now only focuses on the
number of messages, ignoring the regularity in the time
dimension between the emotion of messages and the
number of messages.

At present, the main sentiment analysis methods
include three categories: sentiment classification meth-
ods based on sentiment dictionaries, sentiment classifica-
tion methods based on machine learning, and sentiment
classification methods based on deep learning. The senti-
ment classification method based on sentiment diction-
ary mainly uses Chinese sentiment dictionaries including
NTUSD [18], How Net [19], and sentiment vocabulary
ontology database [20]. Since most of the sentiment val-
ues of words defined in sentiment lexicons are based on
general domains, Cai et al. [21] constructed a sentiment
dictionary based on specific domains, and superimposed
two classifiers of SVM and GBDT together, which is bet-
ter than a single model. Lili et al. [22] optimized the con-
text polarity algorithm of sentiment words by analyzing
the dependency relationship of words, extracting entities
and related attributes in the text to construct the domain
ontology, and combining the domain ontology with the
SBV (Subject-Verb) algorithm to obtain the sentiment
tendency of the sentence.

Commonly used machine learning algorithms for text
sentiment analysis include Maximum Entropy, Naive
Bayes Model, and Support Vector Machine (SVM).
Pang et al. [23] found that the use of SVM for text senti-
ment analysis is better than Naive Bayes and Maximum
Entropy algorithms. Wikarsa et al. [24] studied an appli-
cation that uses the Naive Bayes method to classify the
sentiment of Twitter users.

Deep learning models are commonly used for senti-
ment classification include single-network models, multi-
network combined models, and models with attention
mechanisms. The representative deep learning models
include Convolutional Neural Network (CNN), Recur-
rent Neural Network (RNN), Long Short-Term Mem-
ory (LSTM) and attention mechanism [25]. Deng [26]
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compared the performance of SVM, CNN and LSTM on
sentiment classification tasks, and found that LSTM has
the highest accuracy on the sentiment classification task
of Microblog message text. Xu [27] used BiLSTM to com-
plete the sentiment classification task of Microblog data
and found that BiLSTM is superior to the LSTM model.
Liu et al. [28] proposed a two-layer CNN-BiLSTM model
(DASSCNN-BILSTM) that combines attention mecha-
nism and sentence ordering, which is superior to RNN,
LSTM and BiLSTM in text sentiment classification tasks.
Szegedy et al. [29] proposed the concept of adversarial
samples. Goodfellow et al. [30] put forward the concept
of adversarial training for the first time, and gave a basic
adversarial training method Fast Gradient Sign Method
(FGSM), which is to add a disturbance to the original
input sample and then use it for training. Miyato et al.
[31] applied adversarial training to the text field for the
first time, and improved the generalization performance
of the text classification model by adding disturbances to
continuous word vectors. Zhang et al. [32] used adver-
sarial training methods and applied adversarial pertur-
bation to the word embedding layer as a regularization
technique to improve the quality of text representation.

Data set, models and algorithms

Data set and preprocessing

In this article, data such as message identity document
(ID), time and text from 2012 to 2020 in “Zou Fan Tree
Hole” were obtained through the “Tree Hole” agent.
Due to some data fields were missing, we used distrib-
uted crawler technology to complete and correct the
data. Finally, more than 2.7 million pieces of data from
March 2012 to December 2020 were obtained, which is
called “total data set” Considering the ethical issues of

Table 1 Total data set
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experimental data, during the process of data collection
and use, we anonymized the message ID, user ID, user
name and other information in the data. In order to pro-
tect the security of user information, we do not consider
exposing experimental data to the public in the future.
The data elements of the data set are shown in Table 1.

Science there were still some data to be standardized
in the “total data set’, such as “ 2012-3-19 7 “ 2015,1,1 7,
“0:12 7, etc. Therefore, the “total data set” was processed
by the data normalization method, and the data items
of “Date” and “Time” were split into finer-grained data
items of “Year’, “Month’, “Day’;, “Hour” and “Minute”. And
according to the date of the message, the day of the week
was calculated later. After the above data processing, a
“processed data set” was formed, as shown in Table 2.

In order to meet the training needs of the sentiment
classification model of the “Tree Hole” message text, we
randomly separated 100,000 pieces of data from the “pro-
cessed data set’, and used public sentiment analysis tools
to mark positive message texts as “1” and others as “0”.
The untrusted data was deleted by writing rules such as
follows: (1) to delete data entries with full-symbol text;
(2) to delete data entries in which the sentiment shown
in the emoji does not match the marked sentiment; (3)
randomly to select 200 pieces of data, analyze the char-
acteristics of the text with errors, and delete the data
entries with the same characteristics; (4) only to keep the
message text and its emotional tags. After the above pro-
cessing, we took the intersection of datasets processed
by two researchers and balanced the amount of data for
positive and negative labels. Finally, 60,000 pieces of data
were obtained, forming a “labeled data set’, as shown in
Table 3.

Date Time Message-ID User-ID User-Name Message Other

2012-3-19 00:00 Null 165..711 Bob Asigh. Null

2020-12-28 16:42 458..335 622..929 Alan I'thought | could do'it, but | It's hard
couldn't.

Table 2 Processed data set

Year Month Day Hour Minute Week User-ID User-Name Message

2012 03 19 00 00 1 165..711 Bob A sigh.

2020 12 28 16 42 1 622..929 Alan I thought | could

doit, but|
couldn't.
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Sentiment classification model

In order to ensure better results in the short text senti-
ment classification task mentioned in this article, we
divided the “labeled data set” into a training set, a vali-
dation set, and a test set at a ratio of 8:1:1. We used the
training set to train 4 different deep learning models, and
compared the training times and accuracy of the models
under the sentiment classification task of “Tree Hole”
short text messages on Microblog. The results are shown
in Fig. 1. Through comparison, the Bert+BiLSTM model
is most suitable for the short text classification task.

Model adversarial training

Adversarial training is to enhance the robustness of
the model by attacking and defending. In the field of
NLP, adversarial training is used as an effective method
to improve the generalization ability of the model.
Therefore, we used adversarial methods to train the
Bert+BiLSTM classification model. We added a pertur-
bation action r,;, to the original input sample x of the
BiLSTM model as a confrontation example, and then
used the confrontation example for training, as shown in
formula (1).

Table 3 Labeled data set

Page 4 of 10

max L(0,x + 7aqv; Yiaver) | (1)

min E(x, Yizper) ~ D
0 radveS

The formula is divided into two parts. The inner layer is
the maximization formula, where x represents the sam-
ple input into the model, and r,,, represents the distur-
bance superimposed on the input. L(6,% + ruqy, Viabel)
is the loss function of the model, y;,p; is the label of the
sample, and x + r,4, means superimposing a disturbance
a4y on the sample x. The outer layer is the minimization
formula, that is, when the disturbance is fixed, the neural
network model with the smallest loss is trained to make
the model robust.

Sentiment scoring algorithm

This article uses a trained sentiment classification model
to calculate the positive probability (P) and negative
probability (N) of all message texts. Then it is processed
by the Softmax algorithm to make P + N = 1, so that the
sentiment score of the message text can be obtained by
calculating the expected value, as shown in formula (2).

S=P+*P+Nx*N 2)

In the formula, S represents the emotional score of the
message text, P represents the weight of positive senti-
ment, and N represents the weight of negative sentiment.
This article set the weight of positive sentiment to 1 and
the weight of negative sentiments to 0. Therefore, for-
mula (2) can be simplified to formula (3).

Message Target 3
9 9 S=P,5€[0,1] 3)
No day is happy 0 . . .
After the message text passes the sentiment classification
"""""" model, the probability that the text is a positive sentiment
Happy new year, Fanfan 1
1
0.9 o
0.8 = =
0.7
3 06
o
s 0.5
Q
£ 04
0.3
0.2
0.1
0
ST NO M OVOAOANNOOAdTNO M mwaﬁv’\Ommemwﬁﬂ'l\S
e NN AN NN vmmmmmwv\r\r\v\wwwmmm‘_‘
Epoch
BERT+BiLSTM — — BiLSTM LSTM TextCNN
Fig. 1 The performance of the 4 models on the task of the short text classification
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can be obtained (ﬁ). The probability of positive senti-
ment is multiplied by the weight, and the score of the
sentiment of the message can be obtained. The higher the
score of the sentiment of the message, the more positive
the sentiment of the message. Through formula (3), the
sentiment scoring algorithm of each time dimension can
be obtained:

Dy S(Day_hour = x) )

)= - L xe[0,23], Sel01]
(4)

y= >oim1 S(Week_day = x)i, xe[l,7], Selo0,1]
” (5)

. S S(Month_day = x)i’ xe[L,31], Sel0,1]
" (6)

_ Yz S(Year_month = Mi e [1,12], Se€[0,1]
8 (7)

X S(Ee“r =%i € [2012,2020, S € [0,1]
®)

Formulas (4), (5), (6), (7) and (8) are respectively used to
calculate the emotional scores of “Tree Hole” messages in
1 day, 1 week, 1 month, 1 year and so far. Where x rep-
resents a certain time period, y represents the average
emotional score of all messages in this time period, n
represents the total number of message texts in this time
period.

Experimental results and analysis

Analysis of “Tree Hole” message sentiment and number

in a day

Formula (4) was used in this paper to calculate the senti-
ment score of “Tree Hole” messages in a day. The average
change curve of sentiment and quantity of “Tree Hole”
messages in a day were drawn according to the score to
analyze the correlation between messages and sentiment,
as well as the change of curve before and after the out-
break of COVID-19 epidemic, as shown in Figs. 2 and 3.
Then the change law of the sentiment of the “Tree Hole”
group in a day, and the impact of major events such as
the outbreak of the epidemic on the sentiment of the
depression group can be inferred.

From the sentimental and quantitative change curve of
“Tree Hole” messages drawn in days, the following char-
acteristics of “Tree Hole” people and the messages can be
analyzed:

1. Before the outbreak of COVID-19 epidemic, the
changes in number of “Tree Hole” messages in one
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Sentiment and number of "ZouFan tree hole" messages in one day
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Fig. 3 COVID-19: sentiment and number of “Zou Fan Tree Hole" mes-
sages in one day

day basically showed a trend of high at both ends and
low in the middle. This rule is in line with the sched-
ule of people who work and study during the day.
That is, most “Tree Hole” users were used to pour-
ing out their feelings to “Tree Hole” at night. Com-
bined with the change trend of “Tree Hole” message
sentiment in a day, it can be found that the closer the
night was to the early morning, the more positive the
message sentiment was, and the more the number of
messages were. The highest point of sentiment in the
“Tree Hole” in a day occurred between 7 and 8 AM.
The sentiment between 0 and 4 AM showed a rapid
downward trend.

2. After the outbreak of COVID-19 epidemic, the
number curve of “Tree Hole” messages also showed
a trend of high at both ends and low in the middle.
The maximum number of “Tree Hole” messages
appeared at 1 AM, the number of messages gradu-
ally decreased from 1 to 6 AM, and did not begin to
rise until 8 PM The highest point of “Tree Hole” sen-
timent occurred between 0 and 1 AM every day.

3. Comparing the curve of the number and the senti-
ment of “Tree Hole” messages in one day before and
after the outbreak of the epidemic, it could be found
that the overall sentiment of “Tree Hole” after the
outbreak of the epidemic was lower than that before
the outbreak of the epidemic, and the sentiment fluc-
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tuation was more intense. After the outbreak of the
epidemic, there was no significant change in the fluc-
tuation trend of the number of “Tree Hole” messages
in one day, but the peak of the number of messages
was delayed by 1 h.

Analysis of “Tree Hole” message sentiment and number
in a week
Formula (5) was used in this paper to calculate the score
of “Tree Hole” message sentiment in a week, and the
change law curve of “Tree Hole” message sentiment and
quantity in a week were drawn according to the score,
as shown in Figs. 4 and 5. Then we analyzed the change
law of the sentiment of the people in the “Tree Hole” in
a week, and the impact of major events such as the out-
break of the epidemic on the sentiment of the depression.
From the sentimental and quantitative change curve of
“Tree Hole” messages in weeks, the following character-
istics of “Tree Hole” user group and the messages could
be analyzed:

1. The sentiment of the message text in “Tree Hole”
showed an obvious downward trend in a week, and
only increased slightly on Friday. The number of
messages also showed an obvious downward trend
within a week. The fluctuation of the two curves in
Fig. 3 is also roughly the same.

2. After the outbreak of COVID-19 epidemic, the senti-
ment of “Tree Hole” message text fluctuated greatly.
Sentiment in Monday was low, but the sentimen-
tal change showed an upward trend until Thursday,
when the sentiment reached the first peak in a week.
Then the sentimental value decreased sharply, and
reached their lowest values in a week on Friday and
Saturday. But the sentimental value on Sunday rose
rapidly, reaching the second peak in a week.

3. Comparing the curve of the number and the senti-
ment of “Tree Hole” messages in 1 week before and

Sentiment and number of "ZouFan tree hole" messages in one week
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Fig. 4 Sentiment and number of “Zou Fan Tree Hole" messages in 1
week
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after the outbreak of the epidemic, it could be found
that the overall sentiment of “Tree Hole” after the
outbreak of the epidemic is lower than that before
the outbreak of the epidemic. On the sentiment and
quantity curve of message text in week, it could be
clearly seen that the sentiment and quantity of mes-
sage before and after the outbreak of the epidemic
changed synchronously.

Analysis of “Tree Hole” message sentiment and number

in a month

Formula (6) was used in this paper to calculate the sen-
timental score of “Tree Hole” messages in 1 month, and
change curve of sentiment and quantity of “Iree Hole”
messages in 1 month was drawn according to the score,
as shown in Figs. 6 and 7. Then the change law of the sen-
timent of the main user groups in the “Tree Hole” in 1
month, and the impact of major events such as the out-
break of the epidemic on the sentiment of the depression
were analyzed.

From the sentimental and quantitative change curve of
“Tree Hole” message text drawn in month, the following
characteristics of “Tree Hole” people and the messages
could be analyzed:

Sentiment and number of "ZouFan tree hole" 1 in one month

0.470

/ -~ Sentiment 90000
0.465 ! —— Quantity

80000
0.460

»
4]
=3
©
a
a

70000

60000

o o
s &
& &
3 &

0445} 50000

Message sentiment

4
b
@
E
€
5
=

0.440] % 40000

N " Y30000

23456 7 8 9101112131415 1617 18 19 20 21 22 23 24 25 26 27 28 29 30 31
Day

Fig. 6 Sentiment and number of “Zou Fan Tree Hole" messages in 1
month




Guo et al. Health Information Science and Systems (2022) 10:15

COVID-19:Sentiment and number of "ZouFan tree hole" messages in one month

0420f
0418

0.416

Message sentiment
Number of messages

0.414

0.412

12000

23456 7 8 9101112131415 1617 18 19 20 21 22 23 24 25 26 27 28 29 30 31
Day

Fig. 7 COVID-19: sentiment and number of “Zou Fan Tree Hole" mes-

sages in 1T month

1. The sentiment of the message text in “Iree Hole”
fluctuated basically in January, showing a rapid
upward trend only in the days around the 19th, and
then tended to be flat. The fluctuation of the num-
ber of message text within a month was similar to
the fluctuation of sentiment, and there would be an
explosive growth trend only on the 18th and 19th.
The reason is that in the early morning of March 17,
2012, Zou Fan hanged herself, and on March 19, the
death of Zou Fan was officially announced. Then the
users of “Zou Fan Tree Hole” would post more posi-
tive messages around the 19th to commemorate her.

2. After the outbreak of COVID-19 epidemic, the fluc-
tuation of sentiment and quantity of “Tree Hole”
message text became irregular. The sentiment of the
message text reached the lowest point around the
15th day of a month and reached the highest point
of a month at the 30th day. The number of messages
reached the highest point on the 8th day of a month
and reached the lowest point in a month on the 31st.

3. Comparing the curve of the number and the senti-
ment of “Tree Hole” messages in 1 month before
and after the outbreak of the epidemic, it can also
be found that the overall sentiment of “Iree Hole”
after the outbreak of the epidemic was lower than
that before the outbreak of the epidemic, and the
sentiment fluctuation was more intense. Comparing
the number of messages in the two figures, it can be
found that before and after the outbreak of the epi-
demic, the end of the month was the time with the
least number of messages.

Analysis of “Tree Hole” message sentiment and number

in ayear

Formula (7) was used in this paper to calculate the sen-
timental score of “Tree Hole” messages in each month,
and the change curve of sentiment and quantity of “Tree
Hole” messages in each month was drawn according to
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the score, as shown in Figs. 8 and 9. Then the change law
of the sentiment of people in the “ITree Hole” in each
month, and the impact of major events such as the out-
break of the epidemic on the sentiment of the depression
was analyzed.

From the sentimental and quantitative change curve of
“Tree Hole” message drawn in year, the following char-
acteristics of “ITree Hole” users groups and the messages
can be analyzed:

1. The sentiment of messages in “Tree Hole” showed
regular fluctuation in years. The sentiment of the year
reached the most positive state in March and reaches
the second peak from May to June. The change trend
of the number of messages was basically consistent
with the change trend of sentiment. The number of
messages reached the peak in 1 year in March, and
then decreased rapidly. The change of the number of
messages tended to be gentle in May, and the number
of messages showed a temporary increase in Septem-
ber.

2. After the outbreak of COVID-19 epidemic, the fluc-
tuation trend of sentiment and quantity of “Tree
Hole” message text was roughly the same. It showed
an upward trend from January to March, a trough
from April to May, and then rose slowly.
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3. Comparing the curve of the number and the senti-
ment of “Tree Hole” messages in year before and
after the outbreak of the epidemic, it can also be
found that the overall sentiment of “Tree Hole”
after the outbreak of the epidemic is lower than that
before the outbreak of the epidemic. The change
trend of message number and sentiment was still
similar. Before and after the epidemic, March was a
very positive month for “Tree Hole” messages.

Analysis of messages sentiment and number from 2012
to 2019
Formula (8) was used to calculate the number of mes-
sages and average sentiment score of every year from the
generation of “Zou Fan Tree Hole” to 2020. According to
the score, the change curve of sentiment and number of
“Tree Hole” messages in each year were drawn, as shown
in Fig. 10. Then the change law of the sentiment of the
main user groups in the “Tree Hole” in each year, and the
impact of major events such as the outbreak of the epi-
demic on the sentiment of the depression was analyzed.
From the sentimental and quantitative change curve of
“Tree Hole” message text drawn in year, we can analyze
the following characteristics of people in “Zou Fan Tree
Hole” and its message:

1. The sentiment of the messages in Zou Fan® Tree
Hole” showed regular fluctuations in years. On the
whole, the sentiment of “Zou Fan Tree Hole” mes-
sages from its formation to 2020 showed a downward
trend year by year. Only the sentiment score in 2013
is more than 0.5, which means that the positive senti-
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ment of the messages in that year is greater than the
negative sentiment.

2. The number of messages in “Zou Fan Tree Hole”
showed a fluctuating and increasing trend year by
year, which is just opposite to the curve of sentiment
score. Since 2016, the number of messages in “Zou
Fan Tree Hole” has accelerated and reached the high-
est in 2020. The reason is that the suicide of Chinese
online writer Pu Erding in 2016 pushed “Zou Fan
Tree Hole” into the trending of Microblog.

Discussion and suggestion

Discussion

It can be seen from the results that the sentiment and
quantity of “Tree Hole” messages show regular fluctua-
tions. Therefore, we can infer the reasons for the regular
fluctuation of sentiment and quantity of messages in dif-
ferent time dimensions as follows:

1. According to the analysis of the number of “tree hole”
messages in 1 day and 1 week, the following infer-
ences can be made. Most users in the “Tree Hole”
may be people who are busy in the daytime such as
students or staff. This group is used to pouring out
their feelings in the “Tree Hole” after a day’s work
or study. Having good work and rest is conducive
to maintaining positive sentiments. The more “Tree
Hole” messages are, the more positive the senti-
ment is, and vice versa. This phenomenon shows that
appropriate communication can eliminate some neg-
ative sentiments.

2. Comparing the sentiment of messages before and
after the epidemic, it can be inferred from Figs. 4
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and 5. After the outbreak of COVID-19 epidemic,
the overall sentiment of “Tree Hole” messages is far
lower than before, which indicates that the outbreak
of COVID-19 epidemic has a negative impact on the
“Tree Hole” users. It makes people fear going out
on weekends, and people at home on weekends are
prone to negative sentiments.

3. According to the analysis of the number of messages
in the “tree hole” and the trend of sentiment change
in Sect. 4.5, we can make the following inferences.
It can be observed that the quantity of messages in
the “Tree Hole” shows an upward trend year by year,
from the emergence of the “Tree Hole” to 2020, while
the sentiment of messages in the “Tree Hole” shows
a downward trend, which shows that the “Tree Hole”
will gradually attract a large number of people with
negative sentiments to leave messages. That is, the
longer the “Tree Hole” occurs, the more dangerous it
is. Moreover, the negative events such as the suicide
of Pu Erding in 2016 and the outbreak of COVID-
19 epidemic in 2019 will have a huge impact on the
“Tree Hole” message.

Suggestion

Most users in the “Tree Hole” are students and staff,
who prefer to enter the virtual world at night to talk
about their sentiments. But staying up late and having
other irregular habits will aggravate their negative sen-
timents. The volunteers such as the Tree Hole Rescue
Team and so on should focus on people with irregular
work and rest in the “Tree Hole” and improve the early
warning sensitivity on those people. And in the imple-
mentation of crisis intervention and psychological
counseling, they should guide patients to adjust their
work and rest time to prevent the fermentation of their
own negative sentiments.

Moreover, the Tree Hole Rescue Team should take
the initiative to make positive comments in the “Tree
Hole’, especially at the time when the “Tree Hole”
users are depressed, such as the early morning of every
day, every Saturday, the middle and late days of every
month. The longer the “Tree Hole” is formed, the
lower the user’s sentiment are. Therefore, early warn-
ing and rescue efforts should be strengthened for the
“Tree Hole” that has been formed for a long time. In
addition to paying attention to the special time period,
the volunteers such as the Tree Hole Rescue Team and
so on should also pay attention to the impact of major
events on the mood of “Tree Hole” users, especially
social celebrity suicide, epidemic outbreak and other
events.
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Conclusion and outlook

In this paper, we analyze the sentiment and quantity of
the message text data in “Zou Fan Tree Hole” from mul-
tiple time dimensions, especially for the impact of the
outbreak of the COVID-19 epidemic on the sentiment
of “Tree Hole” users, and explains possible reason. We
conclude that the sentiment and number of messages
will fluctuate regularly as time goes by. “Iree hole”
users with irregular work and the rest are more sus-
ceptible to negative emotions. However, in most cases,
“Tree hole” emotions will be affected by the number of
messages, and more communication can drive “Iree
Hole” users to have positive emotions. Incidents such
as the outbreak of the COVID-19 epidemic and the sui-
cide of Chinese online writer called Pu Erding will have
a negative impact on the emotions of “Tree Hole” users.
The longer the “Tree Hole” is formed, the greater the
proportion of people with negative emotions and the
more concentrated depression patients.

This paper has completed a multi-dimensional time
characteristic analysis of the sentiment and quantity of
Microblog “Tree Hole” messages. In addition, we also
analyzed the impact of the outbreak of the COVID-19
epidemic and Pu Erding suicide on “Tree Hole”. How-
ever, we have not yet analyzed the impact of positive
social events on “Tree Hole” Therefore, we will con-
tinue to collect more data to analyze events that have a
positive impact on the sentiment of “Tree Hole” users.
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