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Abstract: In response to the existing problems in the prediction accuracy, data collection, real-time moni-
toring, and consideration of factors leading to depression in the current mechanism for predicting depression
among college students, this article used computer intelligent systems to study the prediction mechanism of
depression among college students. This article conducted a survey on students at University A using a survey
questionnaire to understand the main reasons that affect their tendency to develop depression. It processed
and analyzed the data using the Beck Depression Scale and Statistical Product and Service Solution 21.0 (SPSS
21.0). Meanwhile, natural language processing techniques in computer intelligence systems can be utilized.
This article combines emotional dictionaries and word frequency-inverse document frequency to construct a
prediction mechanism model for depression tendencies among college students, improving the accuracy of
predicting student depression tendencies. The experiment shows that the average accuracy of the depression
tendency prediction mechanism model constructed based on Natural Language Processing technology after 50
experiments was 97.02%, which was 5.33% higher than the model constructed based on neural network
calculations. Overall, research on the prediction mechanism of depression tendency among college students
based on computer intelligence systems can provide more effective mental health support and intervention
measures for schools, helping students improve their psychological state, academic achievement, and quality
of life.

Keywords: depression tendencies, predictive mechanisms, computer intelligent systems, natural language
processing, emotional dictionary, neural network

1 Introduction

In the twenty-first century, with the acceleration of the social rhythm, people have to face many hardships. The
incidence rate of depression is also rising year by year, and college students are high-risk groups for depres-
sion. Academic stress in college students is an important cause of depression. Many students face expectations
from school, family, and society. These expectations may exceed their ability to bear, leading to emotional
stress and depression; second, communication problems with parents and classmates are also an important
factor in student depression. The increasing incidence of depression among college students not only affects
their learning and quality of life but also leads to the occurrence of extreme behaviors. Many scientific studies
have confirmed that depression patients are more likely to engage in violent behavior, with the majority of
depression patients engaging in suicidal behavior, and about half of all suicide cases are caused by depression
patients. The number of college students suffering from depression accounts for about 20% of the total
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number. Therefore, it is necessary and urgent to conduct research on depression tendencies among college
students. However, existing methods for predicting depression tendencies among college students have pro-
blems with low prediction accuracy and inability to conduct real-time monitoring. Therefore, this paper uses
computer intelligent systems to study the prediction mechanism of depression tendency among college stu-
dents, accurately predicting and intervening in a timely manner for this depression group in universities. This
can effectively prevent students from transitioning from depressive tendencies to depression, hoping to
prevent tragedies and provide a scientific basis for research and intervention in university psychology.

Depression is a mental illness that often manifests as persistent symptoms such as low mood, irritability,
insomnia, poor appetite, fatigue, and inferiority complex [1,2]. Depression tendency is the beginning of depres-
sion, exhibiting certain symptoms of depression but not yet meeting the diagnostic requirements for depres-
sion [3,4]. To investigate the role of social skills in depression among college students through the mediation of
loneliness, Fauziyyah and Ampuni [5] and Ozimek and Bierhoff [6] used the Social Skills Scale to measure
social skills and the Beck Depression Scale II to measure depression and conducted regression analysis using a
simple mediation model [5,6]. Zhengjie et al. believed that depression was one of the most common mental
illnesses in the world. Its characteristics are sustained low emotions, slow thinking, and decreased energy. In
recent years, predicting the risk of depression through physiological techniques has become a hot topic in the
field of neuroscience [7,8]. Yano et al. believed that sensory-processing sensitivity (SPS) is a genetically
determined trait characterized by sensitivity and responsiveness to environmental stimuli. Therefore, they
conducted a study on the relationship between life skills based on individual differences in SPS and depressive
tendencies [9]. Qin et al. conducted a study on the correlation between depression and depressive symptoms in
the adult population of China. They found that women, elderly people, and people living in the Midwest and
rural areas are more prone to depression [10,11]. Nurwulan and Selamaj studied the impact of improving
students’ dual roles as students and workers on the depression rate of working college students and found that
working during the study period does not necessarily affect students’ academic performance [12]. In summary,
scholars have conducted in-depth research on depression tendencies and student depression, but there is not
much research on depression prediction. It has problems such as low prediction accuracy and incomplete data
collection, and computer intelligent systems have great advantages in improving prediction accuracy.

Research based on computer intelligence systems refers to the use of technologies such as artificial
intelligence and machine learning. It endows computers with intelligent abilities similar to or even surpassing
those of humans to complete various complex tasks and problem-solving and has significant advantages in
improving prediction accuracy. He et al. proposed an end-to-end trainable intelligent system that can effec-
tively simulate potential depression patterns and achieve better performance in most video-based depression
recognition methods [13]. Bohu et al. [14] and Pimenov et al. [15] proposed the meaning of modeling and
simulation technology for new artificial intelligence systems. They explored the impact of new artificial
intelligence system simulations on modeling and simulation techniques, as well as the ability to improve
the accuracy of system predictions [14,15]. The principle of system intelligent prediction proposed by Zhao [16]
and Ye et al. [17] is to perform reasonable structured clustering and prediction modeling based on existing data
in the system. Li et al. [18] and Ayon et al. [19] proposed an asynchronous joint optimization algorithm for
convolutional neural networks (NNs) based on joint learning to improve communication costs and conver-
gence rate. The results indicate that the proposed method can effectively protect user privacy while ensuring
prediction accuracy [18,19]. Qureshi et al. [20] and Yang et al. [21] proposed a new deep NN model based on
attention for multitasking learning. It promotes the fusion of various patterns and uses this network to regress
and classify the level of depression, improving the accuracy of predicting depression [20,21]. In summary,
computer intelligence systems have a wide range of applications and use a wide range of technologies, which
can greatly help improve the accuracy of system predictions. It can be applied to the research on the prediction
mechanism of depression tendency in university learning, which can effectively solve the problem of inaccu-
rate prediction and improve the accuracy of prediction.

With the implementation of expanded enrollment policies in higher education institutions, many schools
have experienced the phenomenon of relaxed admission and strict withdrawal, which has led to the emer-
gence of some negative phenomena and brought great difficulties to student education and management. To
address the management issues of students with depression or depressive tendencies, a comprehensive
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analysis of the causes and manifestations of depression is necessary. Depression generally has endogenous

pathogenic factors, that is, physiological or hereditary causes, which are usually the consequences of changes

in the body’s biochemical factors. This kind of depression has certain psychotic symptoms. Patients are unable
to respond appropriately to the individual’s internal and external environment, and they may exhibit uncon-
ventional behaviors that are already very abnormal. Therefore, this article first conducts a survey of

University A students through a survey questionnaire. This can help understand the reasons that lead to

students’ tendency towards depression. It conducted a specific survey on 3,620 students. This article studies the

indicators that affect depressive tendencies; next, it combines natural language processing technology in
computer intelligent systems with emotion dictionaries and word frequency-inverse document frequency.

This can construct a prediction mechanism model for depression tendency among college students, helping

schools guide students to adapt to school life and grow healthily using scientific and effective methods.

The novelty of the research on the prediction mechanism of depression tendency of college students based
on computer Intelligent Systems is mainly reflected in the following aspects:

1. Data-driven predictive model: Through computer intelligent systems technology, a large amount of college
student data can be collected, including social media data, academic performance, physiological indicators,
etc., and the predictive model can be trained through machine learning algorithms to accurately predict
students’ depressive tendencies.

2. Personalized treatment plan: Through computer intelligent systems technology, a personalized treatment
plan can be formulated according to the specific situation of each student to improve the treatment effect,
and at the same time, it can better meet the needs of students.

2 Data on the prediction mechanism of depression tendency
among college students

Depression is often manifested as an emotional and psychiatric disorder, which is a clinical symptom based on
personal experiences of depressive emotional states [22,23]. Depression is a symptom of pathological depres-
sion or emotional depression. According to research, depression can be divided into three types: emotional
depression, neurological depression, and psychological depression. A strict definition of depression is
undoubtedly beneficial for the diagnosis of depression. At the same time, it often overlooks those who suffer
from depression but do not reach the essence, which is the so-called depression-prone population. Depression
tendency is between the treatment of normal depression and depression neurosis. This group does not have
existing diagnostic criteria as pathological. If they miss the opportunity for active intervention, their physical
and psychological discomfort also has an impact on the lives of the corresponding group, causing the group to
suffer from depression and have nowhere to go. More importantly, mild depression, moderate depression, and
severe depression are different stages of emotional change from good to bad. A person’s emotions can go from
bad to good or from good to bad. Depression patients’ emotions are weak, persistent, and diffuse [24,25]. This
emotional way of thinking can make people think that things around them also feel the same way, which can
lead to a more difficult emotional state. This can lead to depression-prone individuals gradually becoming
depression patients and may even become high-risk groups for depression.

2.1 Reasons for depression tendencies among college students

With the changes in society, social competition has become increasingly fierce, which has had a very negative
impact on the mental health of college students. For example, because they are not sure about whether they
can find a job with higher income and social status in the future, they have no sense of control over future
events, which leads to the increased psychological pressure on some students. This also makes people pay close
attention to the mental health of college students, and depression is a very common negative emotion [26,27].
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There are many reasons that cause depression among college students. A survey was conducted on 1,000
students from University A, and two main causes of depression were identified (multiple choices are avail-
able). The specific investigation is shown in Table 1.

Table 1: Causes of depression among college students

Serial Cause classification  Explanation of meaning Number of
number people
1 Personal reasons Personal personality, self-care ability, and personal emotional 300
regulation ability are all closely related to whether depression can
occur
2 Family reasons Problems such as the discordant family atmosphere, sudden and 220

major family changes, and difficulties in maintaining family livelihoods
have increased the psychological pressure and psychological burden
on students in the past

3 Social reasons The development of the economy has improved people’s living 100
standards, but it has also caused many undesirable social problems,
among which social indifference is a major killer of depression among
college students

4 Network reasons As a group of Internet users, college students may receive some bad 140
information, which in turn produces negative emotions and cause
psychological depression

5 Physiological reasons  People’s condition manifests as depression, which is mainly because 100
of a disorder in the chemicals released by their brain nerves. This
disorder is related to human genes

6 Psychological reasons  The person is noticed and sympathized because of depression, which 250
satisfies the individual’s need to be noticed and makes up for some of
the individual’s emotional needs, so the state of depression will be
strengthened

7 Economic difficulties Students may need to independently bear financial responsibilities 130
such as tuition and living expenses. For college students with financial
troubles, financial pressure may cause a mental burden

8 Academic pressure Higher education often has high requirements for students, and these 150
pressures may bring frustration and depression to students
9 Interpersonal reasons  College students are facing new social environments and 165

interpersonal challenges, and these difficulties may make them feel
tired, anxious, and depressed

As shown in Table 1, a survey was conducted on 1,000 selected students, and it was found that they have
nine main causes of depression among college students. Among them, the number of students who choose
personal and psychological reasons is the highest, and most students believe that a person’s depression is mainly
due to internal factors. For external factors, students believe that family reasons are the main external cause of
depression, as well as interpersonal and academic pressures, which can also lead to depression in students.

2.2 Experimental materials
2.2.1 Beck depression inventory (BDI)

BDI is an indicator evaluation scale that measures depressive symptoms and emotions in self-reports over the
past 2 weeks [28]. The scale has a total of 21 items, with different selection scores for each item. The total score
for the 21 items would be between 0 and 63 points. The total score was no depression in the range of 0-13, mild
depression from 14 to 19, moderate depression from 20 to 28, and severe depression from 29 to 63.
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2.2.2 Self-rating depression scale (SDS)

The SDS is a common psychological assessment tool and is mainly used to assess the degree of depression in
individuals. By answering the questions on the scale, individuals can assess their depression. SDS can be used
to measure the severity of depression, with 20 items divided into 4 levels. It mainly measures the frequency of
symptoms, and the higher the frequency, the more severe the depression situation of the surveyed people
[29,30]. “1” indicates no or little time has; “2” means sometimes has; “3” means most time has; “4” means the
majority of time. The main statistical indicator of SDS is score, which is the final total score obtained by adding
the scores of 20 items and multiplying the total score by 1.25 to obtain the standard score.

2.3 Data collection

The purpose of this study is to understand the current state of depression among students at University A and
identify relevant influencing factors. This article proposes solutions based on influencing factors to reduce the
overall depression rate of University A students, improve their learning quality, and ensure their mental
health. Based on the 1,000 students selected in Table 1, this article expands the sample data. It randomly
selected 3,750 students of all grades from University A for scale testing. A total of 3,620 questionnaires were
collected, with a recovery rate of 96.53%. The specific situation is shown in Table 2.

Table 2: Specific situation of students selected by University A

Variable Category Number of people Proportion (%)
Gender Male 1,815 50.14
Female 1,805 49.86
Grade Freshman year 1,000 27.62
Sophomore 820 22.65
Junior year 930 25.69
Senior year 870 24.04
Professional Medical major 560 15.47
Accounting major 1,020 28.18
Business administration major 960 26.52
Civil engineering 710 19.61
Art major 200 5.52
Semester education major 170 47
Only child Yes 1,620 44.75
No 2,000 55.25
Source Urban 1,567 43.29
Rural 2,053 56.71

As shown in Table 2, a total of 3,620 valid questionnaires were selected. Among them, the proportion of
boys and girls is very close, ensuring the rationality of the research data in terms of gender and avoiding large-
scale differences. In terms of grade, the number of freshmen is the highest, with 1,000 students accounting for
27.62%, while the number of sophomores is the lowest, with only 820 students accounting for 22.65%. For the
selected student sources, the number of students from rural areas is slightly higher than that from urban
areas. For the majors of students, the largest number is the accounting major, accounting for 28.18%, while the
number of art majors and preschool education majors is relatively small, with a total of only 370 people.
Regarding whether students are only children, the number of non only child students is 380 more.

The research object of this research is a student of University A. First, for the criteria of depression
tendency and health, students can be divided into those with depression tendency and those with health
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through the established criteria. Based on the statistical results obtained from the school’s mental health
survey scale, individuals who meet the requirements can be selected, and the experimental content and needs
can be summarized to these individuals. Next, it would inquire about the students’ willingness to participate in
the investigation, whether there is a reason to participate. If they are willing, they can sign an informed
consent form and basic personal information registration form. At the same time, they would fill out BDI and
SDS according to the requirements and finally conduct the experiment. The informed consent form is an
important legal document in the medical process. It records the process by which the doctor informs the
patient of medical information when the patient receives medical services, and the patient decides whether to
receive medical services. Throughout the entire experiment, the subjects were alone in a quiet place using
professional writing equipment. If there were any questions, the experimenter could help answer them. The
specific framework is shown in Figure 1.

Current students

L No
Entry criteria > End
Yes
Is it below BDI13 No
points?
Yes Depressive tendency
group
Healthy control group

Assign number

Sign informed consent

|

Depressive tendency
prediction experiment

i

End

Figure 1: Data collection framework diagram.

As shown in Figure 1, this article collected data from students at University A and screened the learning
criteria for inclusion. If it does not meet the criteria, it ends. If it does, it is determined whether the criteria for
compliance are below BDI 13. If it is, it is divided into a healthy group; if it is not, it is divided into a depression-
prone group. Next, these two groups can be numbered, and eligible students can sign informed consent forms
to conduct depression tendency prediction experiments and obtain experimental results.
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2.4 Feature extraction

Emotional features can be extracted, and then sentiment analysis models can be used to determine the
sentiment of student scale texts. Emotion can be used to study students’ depressive tendencies, which takes
into account students’ emotional demands and is not limited to identifying students’ language patterns.
Considering that depression patients have negative emotions and symptoms, they are also more inclined to
express negative emotions in social settings. Common ones include anxiety and tension, avoidance and with-
drawal, low self-esteem and self-doubt, and anger and hostility. Therefore, emotions can be used to identify
whether students suffer from depression. Therefore, emotional features are used to extract the depressive
emotional features of University A students [31,32]. Using an emotion dictionary can effectively capture users’
emotional characteristics and judge students’ emotions. It is currently widely used in emotion analysis and has
achieved good results. Based on the above considerations, sentiment distribution is used to analyze users’
language and text features, and sentiment features are evaluated based on sentiment dictionaries. In the
feature quantification stage, emotional features Senta are added. The language structure of users is disas-
sembled and refined, and the user’s emotion value, word frequency weight, and other information are
calculated through feature quantification. The calculation formula is as follows:

n
Senta = —, 1
N @

where n represents the number of negative sentiment Weibo posts detected by the sentiment classification
model, and N is the total number of Weibo posts posted by users.

2.5 Data

This study used a simple random sampling method for questionnaire distribution and reviewed the collected
questionnaires to eliminate those that were not effectively utilized. The valid questionnaires obtained can be
used for statistical calculations using Statistical Product and Service Solution 17.0 (SPSS17.0). At the same time,
a dataset can be created and transferred to SPSS21.0 software for preliminary data preprocessing and calcula-
tion. The Cronbach’s alpha method was used to study the consistency of questionnaire data. In this study, the
relevant techniques included in different levels of depression were clearly described through frequency and
percentage.

The methods used in data analysis can be used to study the detection of depression symptoms among
students of different grades and majors. It mainly uses BDI and SDS for detection, and these two measurement
scales are used for depression monitoring. Scores greater than 50 indicate obvious depressive symptoms,
scores between 30 and 49 indicate probable depressive symptoms, while scores below 29 indicate no depres-
sive symptoms, as shown in Tables 3 and 4.

Table 3: Detection of depressive symptoms among students of different grades

Symptoms Freshman year Sophomore Junior year Senior year
No depressive symptoms Number of people 620 400 445 365
Composition ratio (%) 62 48.78 47.85 41.95
May have depressive symptoms Number of people 220 250 265 240
Composition ratio (%) 22 30.49 28.49 27.59
Obvious depressive symptoms Number of people 160 170 220 265
Composition ratio (%) 16 20.73 23.66 30.46
Total Number of people 1,000 820 930 870

Composition ratio (%) 100 100 100 100
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As shown in Table 3, the survey on depression among students of different grades should be divided into three
types. It can be found that the number and proportion of students without depressive symptoms are the
highest in their freshman year, while the number and proportion of students with obvious depressive symp-
toms are the lowest. As freshmen, they have just started school and are full of freshness in everything. At the
same time, their academic pressure is relatively low, and they do not have to face financial pressure. Everyone
has just started school, and interpersonal communication is also relatively less stressful. The number of
students without depressive symptoms in their senior year is the lowest, and the proportion is also the lowest.
At the same time, the number of students with obvious depressive symptoms is the highest, and the proportion
is also the highest. Because the senior year is the graduation season, students need to face internships, enter
society, and begin to bear pressure from society. At the same time, their academic focus on papers may also
exacerbate stress and lead to depression among students. The proportion of sophomores who may have
depressive symptoms is the highest, with 30.49%, while the number of people who may have depressive
symptoms in their third year is the highest, with 265 people.

As shown in Table 4, a study on the depression situation of students in different majors reveals that the
proportion of medical students without depression symptoms is low, only 10.71%. The proportion of people
with obvious depressive symptoms is as high as 58.93%, which is also the highest. This is because medical
students face high academic pressure and also face various experiments, which can easily lead to depression.
The proportion of students majoring in business administration without depressive symptoms is the highest,
with 52.08%. The proportion of civil engineering students with obvious depressive symptoms is the lowest,
only 17.18%. The proportion of art students who may have depressive symptoms is the highest, with 50%.
Students majoring in accounting may have the highest number of depression symptoms, with 376 people,
while students majoring in education during the semester have the lowest number of obvious depression
symptoms, with only 40 people.

3 Construction of a prediction mechanism model for depression
tendency in university learning

3.1 Model design

Many methods are involved in computer intelligent systems, and Natural Language Processing (NLP) tech-
nology is chosen to study the prediction of depression tendency in college learning [33,34]. By using NLP to
analyze students’ emotions and text content mining, students’ current emotional state and thinking mode can
be clearly understood. This information can help predict whether students are depressed and providing
interventions for school teachers to help avoid increased depressive symptoms. NLP technology can be used
to explore important features in student language and improve the effectiveness of stress assessment. First, pre-
trained text can be used to create word embedding vectors, and then the vector representation of words can be
modified based on semantic content. Then, based on the concept of words and the characteristics of phonetics,
the information of words can be embedded into an emotion dictionary to obtain fine-grained feature representa-
tions of words. This can detect the feature information with the highest correlation to the model, thereby
obtaining the weights of words and phrases, thereby improving the accuracy of search results. The effectiveness
of this method can be demonstrated through a large number of experiments in the end.

The first step is to convert the text into a sequence of words. Assuming H represents a text H = {vy, Vy, V3, ***,Vp}
in the data, where v;(1 < i < m) represents the ith word in the text. For sequence H, for each word v;, its corre-
sponding word vector is represented as w;":

w' = fu 2

The input text data can be transformed into vector representations of words.
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The foundation of NLP technology is to use contextual information to predict the appearance of target
words. The formula is

Q = (M; | My, =+ , My, Mi—1, Mys1, Mysz -+ ,Mysj), 3

where M; represents the word to be predicted, and j represents the window size.
Multiply the initial vector Y with the corresponding matrix M to obtain the result of the hidden vector:

1
fo= _ZYIT X Maxp. @
Y

Then multiply the hidden layer f; by the hidden layer matrix M’ to obtain the hidden layer output:
R = fy * My (5)

During the training process, the training error is calculated through the loss function, and the matrices M
and M’ are iterated and optimized through backpropagation.

After preprocessing and word segmentation of text data, a depression candidate sentiment word set would
be generated. At the same time, it is necessary to remove irrelevant useless words related to depression and
stress and only retain useful words related to them. To this end, the term frequency-inverse document
frequency (TF-IDF) weighting algorithm was used for word frequency weight analysis, resulting in a depres-
sion seed word set [35,36]. The formulas for calculating the frequency index used in TF-IDF are as follows:

TF - IDF = tf x idf, ®6)
di
N di 7
tf () R @)
oo m
idf (i) = logim(i) 1 8

In the above formulas, the feature word i belongs to the candidate emotion word set, and ¢f (i) represents
the frequency of the feature word i in the total word count d of the text. idf (i) represents the frequency of the
inverse document, which is the degree of domain generalization of the word to the text. m represents the total
number of text. Overall, the tf — idf value of the ith word is determined by the frequency of its occurrence in
the text and the domain generalization of the text.

By using TF-IDF to process the weighted algorithm of college students’ texts and extending the calculation
of cosine similarity between words, the calculation formula for cosine similarity is as follows:

Z?:H(ai x by)
VI @? * T

where 6 refers to the angle between two words after vectorization; g; is the numerical value of the word i on
the dimension a after vectorization representation; the cos value of the angle between two words indicates
their similarity.

The seed word set filtered by the TF-IDF weighted algorithm belongs to a set of depression emotion
dictionaries. Due to the incomplete generalization ability of subset domains, the seed word set also needs
to be expanded. In order to improve the quality and efficiency of the dictionary, this article uses a basic
sentiment dictionary to expand and support the depression seed word set on the basis of promises. Figure 2
shows the extension of the depression dictionary:

By fusing TF-IDF word frequency features with text sentiment features, a text feature vector is obtained,
and the input vector h; of this part is represented as:

cos(9) = 9

hi = Witigr @ Wrule, (10)

where wyggr represents the TF-IDF word frequency feature, and wyye represents the emotional value feature of
the text.



DE GRUYTER Prediction mechanism of depression tendency = 11

Cosine similarity

.

. Chinese depression
Merge — To repeat > Extension — . Pt
emotion dictionary
A
Y
Filter Merge
Y v
Depression emotional Chinese depression
word level emotion dictionary

Figure 2: Expansion process of depression emotion dictionary.

The depression tendency detection module would fuse the W; and H; feature vectors obtained, represented
as formulas (11) and (12).

Mixedpeawre = concatenate(W,, Hy), 11
Fea = BiINLP(Mixedpeature), (12)

where Mixedgeature represents the fused feature vector, and Fea represents the output vector obtained from the
fused feature vector.

Then, input Fea into the Sigmoid layer for classification and obtain the final prediction Result, repre-
sented as:

Result = Sigmoid(Fea). (13

3.2 Model construction and training

In order to evaluate the performance of the model, precision rate, recall rate, and F1 score values are mainly
used for evaluation. Among them, the text of patients with depression is the positive sample size, while the
normal text is the negative sample size. In general, accuracy and recall affect the overall performance of a
model and are positively correlated with the overall performance of the model. The specific formulas are as
follows:

. i
Precision = s 14
L+ F (14)
I
Recall = s 15
T+ Fy (15)

N Precision x Recall
(Precision + Recall)’

Fl =2 (16)
where Tp represents the number of correctly classified positive samples, Fp represents the number of negative
samples classified as positive samples, and Fy represents the number of positive samples classified as negative
samples.

Based on the collected data, a predictive model can be constructed, with depression tendency as the target
variable and other features as input variables. Many methods are involved in computer intelligent systems for
conducting experiments on extracted sample data using different methods. In addition to NLP, there are also
NN, support vector machine (SVM), and other methods that use text to predict depression tendencies, such as
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recurrent neural network (RNN), long short term memory (LSTM), transformer model, etc. The results of the
depression tendency prediction models constructed using these different methods can be compared with the
results obtained from the research methods in this article. It is mainly compared from three aspects: precision
rate, recall rate, and F1 score value, as shown in Table 5.

Table 5: Comparison of experimental results of different models

Model Precision (%) Recall (%) F1-score (%)
NLP 98.67 97.92 98.06
NN 90.47 91.76 89.47
SVM 91.68 90.33 88.96
RNN 91.24 89.75 91.08
LSTM 89.86 90.72 90.76
Transformer 90.33 88.69 91.33

As shown in Table 5, regardless of the precision rate, recall rate, or F1 score value, the student depression
tendency prediction model constructed based on NLP technology is higher than other student depression
tendency prediction models. Among them, the model built based on the LSTM algorithm has the lowest
precision rate, while the model based on the Transformer has the lowest recall rate, and the model based
on the SVM algorithm has the lowest F1 score value. The model precision rate based on NLP technology is 8.2,
6.99, 7.43, 8.81, and 8.34% higher than that based on NN, SVM, RNN, LSTM, and Transformer, respectively. The
recall rate of the model based on NLP technology is 6.16% higher than that of the model constructed based on
the NN algorithm. In summary, the model constructed based on NLP technology has more accurate perfor-
mance results in predicting students’ depressive tendencies through text.

4 Experiment of the predictive mechanism of depression tendency
among college students on NLP

Studying the predictive mechanism of depression tendencies among college students can help prevent their
depression psychology in advance. To study the student data collected in Table 2, this article utilizes NLP
technology in computer intelligent systems to construct a prediction model and perform predictive analysis on
the student data in Table 2. In order to make the experiment more scientific and reasonable, multiple experi-
ments were conducted. The accuracy of each prediction obtained can be compared with the experimental
results of prediction models constructed based on NN, SVM, and RNN algorithms. The specific comparison
results are shown in Figure 3.

In Figure 3, the x-axis represents the number of experiments, with a total of 50 conducted. The y-axis
represents the accuracy of experimental predictions. As shown in Figure 3, 50 experiments were conducted,
but the prediction accuracy of the depression tendency prediction mechanism model constructed based on
NLP technology was much higher in each experiment than in the other three prediction models. Among them,
the predictive accuracy of the depression tendency prediction mechanism model based on NLP technology was
over 95.68%. The prediction models constructed based on NN, SVM, and RNN algorithms were below 94.21%,
below 93.86%, and below 93.74%, respectively. At the same time, the average prediction accuracy of the NLP-
based depression tendency prediction model in 50 experiments was 97.02%, which was 5.33, 4.79, and 5.03%
higher than the prediction average based on NN, SVM, and RNN algorithms, respectively. The experimental
results indicate that the depression tendency mechanism model based on NLP technology improves the
accuracy of prediction through data mining on language and text.
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Figure 3: Comparison of prediction accuracy of different depression tendency prediction models.

It predicts depression tendencies among students from University A selected in Table 2. These students can
collect a lot of data through surveys, and the faster the analysis is completed, the better it can help predict the
school’s depression tendency. Based on the sample data of 3,620 people in Table 2, this article expands the data
and increases the number of people in the dataset. It uses the NLP technology-based prediction mechanism for
college students’ depression tendency to predict and analyze these student data and would obtain the analysis
time. The comparison of the time required for prediction analysis with models built based on NN, SVM, and
RNN algorithms is shown in Figure 4.
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Figure 4: Comparison of time for student data processing using different prediction models.

In Figure 4, the x-axis represents the sample data. The y-axis represents the time of predictive analysis,
and the unit is minute. As shown in Figure 4, based on the student data in Table 2, the number of students has
been expanded. Different numbers of students would generate different amounts of data, and the time
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required for predicting and analyzing school depression tendencies also varies. The prediction mechanism model
for college students’ depression tendency based on NLP technology takes much longer to predict and analyze
students’ depression tendency than other prediction models. Among them, for the predictive model of SVM, it takes
longer to analyze the depression tendency of different numbers of students than the model based on NLP tech-
nology but lower than the model constructed by NN and RNN algorithms. When the number of students was below
7,000, the time required for predicting depression tendency based on the NN algorithm model was higher than that
based on NLP and SVM models, but it was lower than that based on RNN models. When the number of students
exceeded 7,500, the time required for predicting and analyzing depression tendencies using the model constructed
based on the NN algorithm was higher than the other three models. When the number of students was 3,620, the
time required for the predictive analysis of depression tendency based on NLP technology was 4.29 min. It took 1.59,
1.1, and 2.13 min less than models built based on NN, SVM, and RNN algorithms. When the number of students was
10,000, the time required for the predictive analysis of depression tendency based on NLP technology was 15.54 min.
It took 4.87, 2.91, and 4.35 min less than models built based on NN, SVM, and RNN algorithms.

This article numbers the nine reasons in Table 1 that may cause students to develop depressive tendencies
or depression. The accuracy of predicting and identifying these nine reasons using the method studied in this
article is very high. In order to further demonstrate the superiority of the research method in this article, the
experimental results are compared with models constructed based on NN, SVM, RNN, and LSTM algorithm:s.
The comparison of the recognition accuracy of these three models for the nine causes of depression tendencies
in students in Table 1 is shown in Figure 5.

100

94

92 4

90 -

Accuracy of identifying the cause of depression(%)
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Figure 5: Comparison of recognition accuracy of different models for students’ depression tendencies.

In Figure 5, the x-axis represents different models for predicting student depression tendencies. Five
models are constructed based on different technologies or algorithms to predict the cause of depression,
and the y-axis represents the accuracy of identifying the cause of depression. The various elements in the
figure represent the accuracy of identifying each of the nine causes. The position of the red square is the mean
of the accuracy of identifying nine causes, and the red connecting line is the mean connecting line of each
algorithm. As shown in Figure 5, the prediction mechanism model constructed based on NLP technology had
an accuracy of over 96.7% for identifying nine causes. The recognition accuracy of models constructed based
on NN, SVM, RNN, and LSTM algorithms was below 93.07, 93.16, 93.73, and 92.78%, respectively. Among them,
the average accuracy of the research method in this article for identifying nine causes was 97.74%, which was
6.63, 5.47, 5.81, and 6.06% higher than the average recognition accuracy of models constructed based on NN,
SVM, RNN, and LSTM algorithms, respectively.
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5 Conclusions

Depression is a psychological problem, and depressive tendencies are early symptoms of depression. If not
intervened in a timely manner, it is easy to develop into depression. The main symptoms of depression among
college students include disappointment in academic and daily life, decreased academic performance, and
social difficulties. Based on the preliminary analysis results, regression analysis was conducted using the
influencing factors of the research survey as the independent variable and depression tendency as the
dependent variable. The results indicate that students’ family reasons, academic pressure, and interpersonal
relationships are all important factors that affect their tendency to develop depression. For this reason, as well
as the current mechanism for predicting depression tendencies among college students, there are problems in
terms of prediction accuracy, data collection, real-time monitoring, and consideration of factors leading to
depression. The NLP algorithm can be further used to construct a depression tendency prediction model.
Comparing this model with other models in experiments, it can be found that this model can accurately predict
the depression tendency of college students, and the speed of prediction analysis for students is also faster. It
can analyze a large amount of student data in a very short period of time, helping to lay the foundation for
subsequent predictions. It can also effectively identify the reasons that lead to students’ tendency towards
depression and can provide targeted medication and psychological treatment for students based on different
reasons. Through the research on the depression tendency of college students, it can be helpful to predict the
depression tendency of college students in advance, and targeted intervention measures can be taken to
reduce the incidence rate of depression. It should be noted that this research field involves personal privacy
and ethical issues and that students’ informed consent and privacy protection are ensured in the process of
data collection and use. In addition, the accuracy and interpretability of the prediction model are also issues
that need to be considered to ensure the credibility and practicability of the model.
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