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Abstract.  With millions of young people affected by depression and related conditions,
adolescent mental health has become a growing concern in China. In response, national
policies have emphasized strengthening school-based mental health education and expanding
the allocation of dedicated teachers. This study uses macro-level data from the China
Statistical Yearbook and the annual reports of the Ministry of Education (2020–2023) to
analyze trends in mental health teacher allocation and its potential association with student
well-being. Descriptive statistics and linear regression show a steady increase in teacher
allocation, with an estimated annual rise of approximately 10 percentage points, though
statistical significance was limited by small sample size. Exploratory regression using
available outcome data from 2020 and 2022 suggests a positive relationship between teacher
allocation and the proportion of students reporting good mental health. To further illustrate
methodological approaches, a logistic regression model incorporating education expenditure,
GDP, student–teacher ratio, and urbanization rate was applied to simulated data, yielding
moderate discriminatory capacity (AUC = 0.798). While these findings are preliminary due to
restricted data availability and reliance on macro-level statistics, they provide initial evidence
that the expansion of mental health teacher resources may support improvements in adolescent
mental health outcomes. Future research should incorporate larger, multi-year, and individual-
level datasets to more rigorously evaluate the policy’s impact.
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1. Introduction

In today’s fast-paced society, many people face high levels of stress, and mental health problems have
become more and more common [1]. Among all the age groups, adolescents are especially vulnerable
[2]. Their psychological development is not yet complete, but at the same time, they carry heavy stress
from school, family, and social life. In 2023, The Blue Book of Mental Health in China [3] reports that
about 95 million people in China live with depression, and more than 28 million of them are
adolescents, accounting for 30.28% of the total.

Adolescence is a vital stage of human growth [4]. Poor mental health during this period can lead to
a series of problems, such as low academic performance [5], difficulties in socializing, and even long-
term effects for personal development [6]. Many adolescents experience symptoms such as anxiety
and depression. Even worse, some may engage in self-harm or suicidal behavior [7]. Thus, improving
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adolescent mental health has become an urgent priority, not only for the well-being of young people,
but for the future of society as well.

While most research on adolescent mental health in China relies on survey data or clinical cases
and tends to focus on the individual level, studies at the national or macro level remain limited [8].
Against this background, using data from the National Bureau of Statistics to track trends in mental
health education resources and examine their connection to student mental health offers a fresh
perspective. Hence, this study utilizes public data from the National Bureau of Statistics to examine
the allocation of mental health teachers in Chinese secondary schools between 2020 and 2023, and to
investigate how this allocation may be associated with students' mental health. To address these
problems, this study applies descriptive statistics, correlation analysis, and multivariable regression
models to analyze the data. This study gives some early evidence that adding more mental health
teachers could help support better outcomes for students, which is an important issue in China today.
It also shows one possible way to use national statistics to study the link between education policies
and student well-being, which may be useful for later research.

2. Methods

2.1. Research methods

This study mainly relied on publicly available data from the China Statistical Yearbook and the annual
reports of the Ministry of Education (2020–2023) [9-10]. The research design was observational, with
the aim of examining trends in the allocation of mental health teachers in Chinese secondary schools
during this period and exploring, in a basic way, how this allocation might be linked to adolescent
mental health outcomes.

For the variables, the percentage of mental health teachers out of the total number of teachers was
treated as the exposure variable, while the percentage of students reporting “good” mental health was
defined as the outcome variable. To reduce the influence of other social and educational factors,
several covariates were also included, such as education expenditure, Gross Domestic Product (GDP),
the student–teacher ratio, and the urbanization rate.

The analysis was carried out in a few steps. First, a simple trend analysis of the yearly changes in
the allocation of mental health teachers was conducted, followed by the use of a linear regression
model to estimate both the direction and the size of the change over time. Second, since student
mental health data were only available for 2020 and 2022, an exploratory regression was performed
for these two years to assess, at least in a preliminary way, whether teacher allocation was related to
the proportion of students reporting good mental health. Third, a logistic regression model was
constructed, with “achievement of the policy target” (1 = achieved, 0 = not achieved) as the dependent
variable, and education expenditure, GDP, student–teacher ratio, and urbanization rate as independent
variables, in order to investigate the potential impact of multiple contextual factors. Finally, model
discrimination was evaluated using Receiver Operating Characteristic (ROC) curve and Area Under
the Curve (AUC), and sensitivity analyses were conducted to ensure the robustness of the findings.

2.2. Statistical methods

(1) Linear regression: Teacher allocation ratio was set as the dependent variable and the year as the
independent variable. The general model was:

(1) Yi =  β0 +  β1Y eari +  εi
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with β, R², and P-values estimated to evaluate the direction and strength of the trend.
(2) Exploratory regression: Because student mental health outcomes were only available in 2020

and 2022, an exploratory regression was performed using teacher allocation ratio as the independent
variable and the proportion of students with good mental health as the dependent variable. Given the
limited data points, the results were interpreted as preliminary.

(3)  Logistic regression and model evaluation: A logistic regression model was constructed with
“policy target achieved (1 = yes, 0 = no)” as the dependent variable, and education expenditure, GDP,
student–teacher ratio, and urbanization rate as independent variables:

(2)

ROC curve and AUC were used to assess model discrimination. A simple sensitivity analysis was
conducted to examine robustness. Because of data limitations, the logistic regression was based on
simulated data (n = 20) and is presented only as a methodological demonstration.

3. Results

3.1. Time trend of teacher allocation

Between 2020 and 2023, the allocation of mental health teachers showed an overall upward trend. The
fitted regression equation was

(3)

with slope β = 10.73, R² = 0.853, and P ≈ 0.076. Although the result did not reach conventional
statistical significance (α = 0.05), the high R² suggests a strong increasing trend (Figure 1).

Figure 1. Time trend of teacher allocation

log( pi

1−pi
) =  α  +  ∑k γkXki

Ŷ=−21638.67+10.73×Year
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3.2. Exploratory analysis of teacher allocation and student mental health

Using the available data from 2020 and 2022, the allocation of mental health teachers increased from
30.5% to 58.6%, while the proportion of students reporting good mental health also went up from
81.0% to 85.2%. A simple linear fit between these two points suggested a positive relationship, which
seems to indicate that better teacher allocation could be linked to improved student well-being (Figure
2). Still, because there were only two data points, it is not possible to make strong claims about effect
size or statistical significance. For this reason, the results should be seen only as preliminary evidence.

Figure 2. Relationship between teacher allocation ratio and proportion of students with good mental
health in 2020 and 2022

3.3. Logistic regression and discriminatory performance

To further examine the influence of multiple factors on policy target achievement, a logistic regression
model was constructed. The dependent variable in this model was whether the policy target was
achieved (Y, coded as 1 = achieved and 0 = not achieved). The independent variables were education
expenditure (EduExp), gross domestic product (GDP), student–teacher ratio (StuTeach), and
urbanization rate (UrbanRate). The model was written as shown below:

(4)

where β1, β2, β3, and β4 are the regression coefficients for each predictor.
The model was tested on a small, simulated dataset (n = 20) for demonstration purposes. Its

performance was evaluated with the ROC curve, and the AUC was 0.798. This value falls in the range
of 0.7 to 0.9, which is usually considered moderate discrimination (Figure 3). In other words, the
model was reasonably able to separate cases where the policy target was achieved from those where it
was not.

It should be noted that this analysis was done with simulated data and is only meant to show how
the method can be applied. The results should not be taken as strong policy evidence. Robust
evaluation would require larger, real-world datasets covering additional years and regions, as well as
validation with more comprehensive samples. Table 1 shows the basic statistics of education
expenditure, GDP, student–teacher ratio, and urbanization rate in 2020 and 2022, which were used as
independent variables in the logistic regression model.

logit (P (Y   =  1)) =  β0 +  β1 ⋅ EduExp  +  β2 ⋅ GDP   +  β3 ⋅ StuTeach  +  β4 ⋅ UrbanRate
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Table 1. Descriptive statistics of education and socioeconomic indicators in 2020 and 2022

Year Education Expenditure (100 million yuan) GDP (trillion yuan) Student–Teacher Ratio Urbanization Rate (%)

2020 53033.87 7.2447 16.1 63.9
2022 61329.14 8.5698 15.6 65.22

Figure 3. ROC curve of the logistic regression model based on simulated data (n = 20)

4. Conclusion

This study makes use of macro-level statistical data from China between 2020 and 2023 to examine
the relationship between the allocation of mental health teachers and adolescent mental health. The
findings indicate that the proportion of mental health teachers increased gradually during this period,
which seems to reflect some progress in government policy. At the same time, although the available
data on student mental health is limited, there appears to be a pattern: as the allocation of teachers
went up, the proportion of students reporting good mental health also rose. Even though the number of
data points is quite small, the overall trend suggests that there may be a positive link between these
two factors.

The linear regression analysis showed that the allocation rate of teachers increased by about 10
percentage points per year. The R² value was quite high, which indicates that the model fit was
reasonable. However, because the P-value was greater than 0.05, the result cannot be considered
statistically significant. This suggests that with such a small sample size, the findings might not be
very reliable, and collecting more data would be important in order to make stronger conclusions. In
fact, the exploratory regression was based on only two data points, from 2020 and 2022, and it
suggested that higher teacher allocation was linked to a greater proportion of students reporting good
mental health. This is consistent with many earlier studies suggesting that school-based mental health
education and resources may help improve student well-being. Still, because the analysis was based
on only two years of data, this conclusion should be seen as suggestive rather than definitive.

In the logistic regression demonstration, this study included education expenditure, GDP, student–
teacher ratio, and urbanization rate as predictors. The model produced an AUC value of 0.798, which
indicates a moderate level of discrimination. This means that with larger and real-world datasets, such
a multi-factor model could be useful for evaluating policy outcomes. However, in this study, the
logistic regression was run on simulated data, so the results are mainly meant to demonstrate the
method rather than provide real evidence of policy effects.

Of course, this study has several limitations. First, the data were macro-level statistics rather than
individual-level survey or clinical data, which raises the risk of ecological fallacy. Second, the data on
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student mental health were only available for two years, which is really limited and makes it hard to
do more advanced time-series or causal analysis. Third, the macro-level data could also be influenced
by regional differences and other factors, like differences in education quality across provinces or
variations in social support systems, and these were not fully taken into account in this study. For
future research, it would be better to collect data from more years and more regions, and if possible, to
include school-level or even individual-level data. It is also worth paying attention not just to the
number of teachers but also to their professional training and the approaches they use in practice, since
these factors could directly affect how effective the policy is.
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