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ABSTRACT

The study constructs a prediction model to predict the mental health status of innovative
entrepreneurs. The real data of mental health assessment of innovative entrepreneurs in S province in
2023 is chosen as the data source. The recursive random forest feature elimination method is used to
select the features of the mental health status prediction model. The pre-selection-elimination
mechanism was used to construct the mental health state prediction model. The prediction models
constructed by support vector machine algorithm, decision tree algorithm and random forest
algorithm were trained and evaluated respectively. The AUC value and accuracy corresponding to the
random forest algorithm are 0.9126 and 86.39%, respectively, which are better than the other two
comparison models. Among the 17 mental health characteristic variables selected in this paper,
emotional stress and self-acceptance degree have the greatest influence on the prediction model based
on the random forest algorithm.

Keywords: Support vector machine, Decision tree, Random forest, Mental health status

1. Introduction

In modern society, innovative and entrepreneurial ability is regarded as an important element in the
future career development of college students. However, the mental health problems of college
students have gradually attracted widespread attention. Therefore, understanding the relationship
between college students' mental health and innovation and entrepreneurship ability is crucial to help
college students develop healthily [1-3].

First of all, mental health has an important influence on the development of college students'
innovation and entrepreneurship ability. Mental health refers to the good state of an individual in
terms of mental, emotional and social functions. Under good psychological state, college students are
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more likely to have positive innovation and entrepreneurship consciousness and behavior [4-6]. On
the contrary, if college students have mental health problems, such as anxiety, depression, or excessive
stress, it may affect their thinking ability, emotional regulation and decision-making ability, which may
reduce the innovation and entrepreneurship ability [7-9]. Secondly, innovation and entrepreneurship
ability also has a positive effect on the enhancement of college students' mental health. The success
and sense of achievement in the process of innovation and entrepreneurship will enhance the self-
esteem and self-confidence of college students, thus improving their psychological health [10-12]. In
addition, the difficulties and challenges in the process of innovation and entrepreneurship can also
motivate college students to face difficulties positively, enhance their ability to cope with pressure, and
thus improve their mental toughness and resilience [13-14]. However, the relationship between
college students' mental health and innovation and entrepreneurship ability is interactive. Mental
health problems may become obstacles to the development of college students' innovation and
entrepreneurship ability, but at the same time, they may also be improved and promoted from the
process of innovation and entrepreneurship [15-17].

Literature [18] reveals the influence of college students' psychological quality on their innovation
and entrepreneurship. The integration of students' mental health education and innovation and
entrepreneurship is examined in the light of the educational practice of college students. It is
emphasized that educational concepts should keep pace with the times, and the combination of the
two is beneficial to the development of education. Literature [19] emphasized the importance of
college students' psychological quality on entrepreneurship. It analyzes the penetration of mental
health education in the cultivation of college students' entrepreneurship education, which is of great
practical significance. Literature [20] is based on the development of innovation and entrepreneurship
education to alleviate the employment anxiety of college students. The cross-sectional questionnaire
method was used to discuss the impact of the development of innovation and entrepreneurship
education on college students’ employment anxiety. The results showed that innovation and
entrepreneurship education intervention had a significant mitigating effect on college students'
employment anxiety. Literature [21] mentioned the strategy of integrating red culture and ideological
and political education based on educational psychology. The effectiveness of the strategy was proved
through comparative experiments. Literature [22] reveals the status quo of many mental health
problems of college students, and proposes a teaching mode that combines mental health education
with ideological and political education in colleges and universities as a means of intervening in
students' psychological activities, and the results prove that the method is effective in improving the
mental health problems of college students, and improves the effect of teaching. Literature [23] aims
to reveal the cultivation of innovation and entrepreneurship of college students and its impact on
talent cultivation and cultural diversity. Its findings provide a scientific theoretical basis for higher
education to carry out innovation and entrepreneurship education and cultural and nutritional
activities, and have certain practical value. Literature [24] discusses the impact of health on
entrepreneurial behavior and the creation of value in entrepreneurial behavior, aiming to stimulate
relevant research, i.e. to stimulate the attention of academic practitioners to this social issue.
Literature [25] realizes the transformation of the innovation and entrepreneurship education system
based on educational psychology, and examines its impact on the positive psychology of college
students' entrepreneurship, so as to help college students understand the market entrepreneurial
environment and their own entrepreneurial ability, and maintain a positive mindset in entrepreneurial
practice. Literature [26] conducted a questionnaire survey on college students. The factors affecting
college students' sense of responsibility for innovation and entrepreneurship were analyzed using the
factor analysis model, and the relationship between positive qualities and innovation and
entrepreneurship was analyzed using linear regression. The results specified that psychological
qualities such as modesty, bravery, and wisdom are the factors affecting college students' sense of
responsibility for innovation and entrepreneurship. And wisdom is the most obvious predictor of
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social responsibility and group responsibility. Literature [27] analyzes the relationship between
innovation and entrepreneurship education and entrepreneurial intention based on the perspective
of educational psychology. A questionnaire survey was conducted on college students, and multiple
linear regression analysis and mediation effect model analysis were adopted. The results emphasize
that enterprise environment education is positively correlated with entrepreneurial intention. And
entrepreneurial knowledge plays a mediating role in the relationship between entrepreneurial
intention and entrepreneurial performance.

The study firstly collects the mental health data of innovative entrepreneurs, and adopts data
cleaning, data integration, and data transformation to deal with abnormal data. Second, the features
that are highly correlated with the mental health status are screened out by recursive random forest
feature elimination method. Then, the AUC value, accuracy, precision, recall, F1 value, and loss function
value of each model were compared respectively, and the pre-selection-elimination mechanism was
used to screen out the best prediction model for mental health state prediction from the support vector
machine, decision tree, and random forest models. Finally, SHAP values were used to interpret the
models and the contribution of each feature variable to the model output was calculated.

2. Analysis of mental health assessment data

2.1. Data processing

The data used in this paper come from the results of the mental health assessment of innovative
entrepreneurs in Province S in 2023, which utilized the symptom self-assessment scale SCL-90.A total
of 796 SCL-90 scales were recovered using the mental health assessment system in this paper, of which
750 were valid. The assessment data mainly include the basic information of the innovative
entrepreneurs (including gender, household type, family economy, whether they are only child, age,
etc.), as well as the scores of the 90 assessment scales.

There are some incomplete and invalid noise data in the data used, and the direct use of the data for
experiments will have a certain impact on the experimental results, and the complex data will also
have an impact on the efficiency of the implementation of the algorithm to a certain extent. In order to
ensure that the ideal experimental results, this paper carries out the following pre-processing
operations on the data.

1) Data screening: determine the target of data mining and keep only the data related to the target.
For this study, it is necessary to screen the data related to this goal from the massive amount of raw
data. Psychological assessment data include information such as the user's anxiety dimension
assessment score, depression dimension score, obsessive-compulsive disorder dimension score, etc.,
as well as basic information such as the assessment user's gender, hukou type, family economy,
whether he or she is an only child, and his or her age.

2) Data Cleaning: Including missing fill, error detection, duplicate filtering, consistency test, etc.
Missing padding includes zero-value padding, mean-value padding and probability distribution
padding. Error detection refers to checking whether the data meets the specifications through the
rules. Duplicate filtering refers to duplicate data generated during data export or system failure, which
needs to be eliminated or merged to ensure data uniqueness. Consistency testing includes whether
the basic information of the innovative entrepreneurs and the information of the psychological
assessment data of the innovative entrepreneurs are consistent, and the inconsistent data should be
corrected by rules or handled manually.

3) Data conversion: convert the cleaned data into a data format that facilitates data analysis and
mining. One conversion method is to convert the time format of the psychometric scale assessment
time, assessment time spent, etc. into a unified format. Another is to convert all Chinese characters in
the assessment database with English acronyms to reduce the data storage space, for example,
converting depressive symptoms into YY, anxiety into JL, and so on.
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2.2. Analysis of basic user attributes

The statistical analysis of basic user information data is shown in Table 1. In the sample of the
evaluators, most of the innovative entrepreneurs are male (69.7%), have better family financial
conditions (56.1%), and are between 20 and 30 years old (64.4%).

Table 1. User basic information data analysis

Variable Counting Percentage
Male 523 69.7%
Gender
Female 227 30.3%
. City 498 66.4%
Growth environment
Countryside 252 33.6%
) Yes 445 59.3%
Only child
No 305 40.7%
Worse 106 14.1%
Family economy Medium 223 29.7%
Better 421 56.1%
20~25 269 35.9%
o 26~30 214 28.5%
Age distribution
31~40 161 21.5%
>40 106 14.1%

2.3. Analysis of SCL-90 scale data

The dataset for this paper is derived from the Symptom Self-Rating Scale SCL-90, which is globally
recognized as one of the most prominent mental health assessment scales and is currently the most
widely used screening tool for mental disorders and illnesses in outpatient populations. The SCL-90
examines ten dimensions to assess a person's mental health [28], which consists of 90 items assessing
the state of mental health of the innovator-entrepreneurs in different domains of mental health. These
include somatization, obsessive-compulsive symptoms, interpersonal sensitivity, depression, anxiety,
hostility, fear, paranoia, and psychoticism.Each item on the SCL-90 scale is rated on a five-point scale
ranging from 1 (none) to 5 (severe), indicating the severity of the symptoms experienced. The final
results include total and mean scores for each dimension, as well as the number of positive items and
an overall assessment of the number of positive items, which represents the number of items with
scores between 2 and 5, indicating the presence of symptoms described in those specific items.

The SCL-90 scale measure factor score statistics are shown in Figure 1. A total of 413 innovative
entrepreneurs had a scale score of more than 180, and their positive detection rate was 55.1%. Among
them, the innovative entrepreneurs who showed symptoms of anxiety, symptoms related to
interpersonal sensitivity, and symptoms of depression accounted for 49.3%, 26.5%, and 23.1% of the
total number of mental health abnormalities, respectively. Among the different symptoms, anxiety
seems to be the most prevalent phenomenon among innovative entrepreneurs.
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Fig. 1. SCL-90 scale measurement factor score statistics
3. Characterization of models for predicting mental health status

Recursive Feature Elimination (RFE) is an efficient and practical feature selection algorithm, whose
core idea is based on a recursive strategy to finely rank features by continuously evaluating their
importance. In this process, the algorithm will gradually eliminate those features that contribute
relatively little to the model, aiming to achieve model simplification and optimization. This approach
not only helps to reduce the complexity of the model, but also significantly improves the generalization
ability of the model, which makes the model show stronger robustness and prediction accuracy in the
face of new data. The advantage of recursive feature elimination is that it systematically identifies and
retains the features that are most critical to model prediction, while removing redundant or noisy
features, thus providing a powerful tool for building more streamlined and efficient machine learning
models.

RFE relies on the base model to compute the importance scores of features. In the case of a random
forest, for example, the importance score of a feature is calculated by relying mainly on the sum of the
Gini impurity reduction of that feature in all trees. For a Gini impurity at node ¢ the formula is as
follows:

G(r)=1-2p/ (1)

where p; is the proportion of samples belonging to the category. C is the total number of
categories.

The importance of feature ; is calculated by accumulating the reduction in Gini impurity
contributed by that feature in all trees, with the following formula:

Importance(j):ZAG(t)-It (]) 2)
tel

where AG(t) is the Gini impurity reduction at node ¢. It(j) is whether feature ; is used for
splitting at node #,and 7 isthe set of nodes of all trees.

The specific algorithm is as follows:

Input:

1) Feature matrix X (ofshape nxm, where 7 isthe number of samplesand m isthe number
of features).

2) Target vector y (length n).
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3) Base model (random forest).

4) Number of features to be selected k.

Output:

The optimal subset of features to be selected:

1) Initialization: set the current feature set to all features X z{xl,xz,...,xm}. Set the number of
features to be selected £.

2) Train the base model using the current feature set X.

3) Calculate the importance score of each feature according to equations 1) and 2).

4) Sort the features according to the importance score.

5) Remove the feature with the lowest importance score.

6) Repeat steps 2) to 5) until the number of remaining features is equal to .

7) Output the optimal subset of features and return the current feature set X .

The advantage of RFE is that it can significantly reduce the number of features, which reduces the
complexity of the model and improves the generalization ability of the model. At the same time, the
interpretability of the model can be enhanced by eliminating irrelevant or redundant features.

When using RFE for feature selection, there is a certain degree of blindness in setting
n_features_to_select, which may make the model performance deteriorate, so the Recursive Random
Forest Feature Elimination Method (RF-RFECV), which is combined with cross-validation, is used in
practice to compute the validation errors of all the subsets, and ultimately select the features selected
from the subset with the smallest error rate.

4. Construction of a model for predicting mental health status

The study uses a pre-selection-elimination mechanism to construct a mental health state prediction
model. Pre-selection means that several different types of classification models with classification
ability are first selected, given the same training dataset for training, and finally, based on the average
results of several experiments, the model with the optimal output is selected as the final prediction
model, and the rest of the models are eliminated. The reason for choosing this method to construct the
model is that the mental health assessment data used in this paper is a kind of data that has not been
studied and applied, so it is necessary to pre-select some models to compare and analyze the
advantages and disadvantages of the performance of the different models for this kind of data, and
then finally determine the prediction model.

4.1. Modeling algorithm selection

4.1.1. Support vector machine algorithms. The essence of Support Vector Machine (SVM) is to divide
the sample data identified as different classes in the feature dimension space with at least one
hyperplane, which is also the classification boundary between these classes can also be called as
decision boundary [29].

The division of the sample data classes is shown in Figure 2. When the sample data is linearly
divisible as shown in Fig. 2(a), it can be seen that there can be multiple straight lines or hyperplanes
between the positive and negative classes to distinguish them from each other. However, the purpose
of the support vector machine is to find a straight line or hyperplane so that the two classes can be
distinguished as much as possible as shown in Fig. 2(b), and for this purpose the SVM uses the interval
maximization method to find this straight line or hyperplane.
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(b)

(a) Linear Separable Data Set (b) Maximum Interval Hyperplane

Fig. 2. Sample size is classified according to category

The dataset with m sampleis D= {(Xl,yl),(Xz,yz),- (Xs Vi )} , ¥, denotes the classification

identifier of the m rd data sample, the feature space of the sample dataset contains 7 feature
dimensions, and the feature dimension vector corresponding to the m th sample data is

X, = {x;,xi,m,x;} .
A linearly differentiable hyperplane H can be represented as:
H:o0" - X+b=0 (3)
where o' ={a)l,a)2,---,a)n} is the weight vector and 5 denotes the bias. Then the classification
boundary of this hyperplane is:

H:o' X+b>1y=+1 (4)

H, o' X+b<-1,y=-1 (5)
The interval between hyperplane classification boundaries can be expressed as:
7/:@51%(@5@+b21),i:1,2,--~,n (6)

Maximizing » under constraints is the objective of the support vector machine to maximize the
interclass spacing, and the objective function is:

f= nazlgl%”a)"z sty (a)Tx,. +b> 1),1’ =1,2,---,n (7)

The training procedure for the linearly divisible SVM algorithm is shown below:
Input: linearly differentiable training set D.

Output: hyperplane and classification model.

1) Solve the optimization problem with constraints by combining the KKT conditions:

1 N N N
mainEZZaiajyi(xi«xj)—Zai (8)
i=l1

i=1 j=1

i=1
sty ey, =0,0,20,i=12,+,N )
N



8836 L. HUANG

* * * * T
Find the optimal solution: « =(a1,a2,--~,aN) .

2) Calculate:
* N *
® =) %y (10)
i=1

Choose a positive component a; >0 of ¢" and compute:

N
_Zaiyi(xi'xj) (11)
i=1
3) Find the separating hyperplane:
o x+b =0 (12)
Separate decision functions:
f(x)zsign(a)*~x+b*) (13)

When the sample dataset is linearly divisible, the support vector machine divides the dataset by
means of hyperplanes with low dimensions, while when the dataset is nonlinearly divisible, the
support vector machine handles it in the opposite way to the operation when it is linearly divisible,
and maps the dataset to high dimensions by means of kernel functions, in order to find the existence
of hyperplanes that can divide the dataset in a high-dimensional space. The kernel function is defined
as:

Let y be a n-dimensional space, H a m -dimensional space, and mll n if there exists a
mapping (p(X):;(—)H from n to m dimensions such that for all x,ze y the function K(x,z)
satisfies the following conditions:

K(xz)=(p(x).0(z)) = 0(x)-0(z) (14)

Then function K(x,z) is the kernel function and (/)(x) is the mapping function.

The training procedure of the nonlinearly differentiable SVM algorithm is shown below:

Input: nonlinearly differentiable training set D.

Output: classification model.

1) Select appropriate kernel function K (x,z) and parameters C to solve the optimization
problem under constraints:

mm ZZa ay.y,; ( )—ZO!,- (15)

i=l j=1 i=1
i=1
sty ey, =0,0<q,<C,i=12,N (16)
N
Find the optimal solution:
* * * * T
a =(a1,a2,-~-,aN) (17)
2) Choose a positive component 0< a; <C of o« and compute:
N *
—Zal. yl,K(xl. ~xj) (18)
i=l

3) Decision function:
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N
f(x)=sign(2a;yil<(x'xi)+b*j (19)
i=1

4.1.2. Decision Tree Algorithm. The decision-making mechanism of decision tree is a learning
method that makes constant judgment according to the characteristic attributes of the data set and
finally achieves the classification effect. The model structure of decision tree is tree-shaped and
intuitively visible, so the model is highly interpretable. Decision tree through the multi-layer
conditions of continuous decision-making, and finally determine the input belongs to the classification
type [30]. A decision tree is a tree structure consisting of nodes and directed edges, except for the leaf
nodes which represent classifications, the rest of the nodes represent features or attributes and the
directed edges represent different decision conditions. There are many decision tree algorithms, of
which C4.5 algorithm is described in this section. To understand the C4.5 algorithm one must first
understand the following concepts:

Information entropy: a parameter used to measure the orderliness of the data in a data system, when
there is a variety of data present within a data system, and the proportion of data from various
categories is not low, then the sample set is disordered and impure. The formula for information
entropy is:

5

Ent(D)=-) p,log, p, (20)
k=1
D is the dataset, p, is the proportion of data in category &, and |y| indicates the number of
categories; the smaller the information entropy, the purer the sample dataset. The minimum value of
0 indicates that there is only one category of data in the sample dataset.
Information gain: the difference between the information entropy of the sample dataset and the
original dataset after it is divided according to a certain feature dimension. The formula for
information gain is as follows:

v |pY
Gain(D,et) = Ent(D Z‘ Ent( ) (21)
v=I
D isthe dataset, a isthe selected attribute, thereare ¥ valuesin «,with these V' valuesto
divide the dataset D, respectively, to get the dataset D' to D", respectively, the entropy of these
V' datasets, and weighted average, and finally the difference with the information entropy of the
dataset D, thatis, the information gain.
Information gain rate: the ratio of information gain Gain(D, a) to the information entropy / V(a)
of attribute o :

Gain ratio(D 0{)—M (22)
- T ()
D' D’

V(a)= Z‘|D|lg2‘|D| (23)

v=1

The decision basis of the C4.5 algorithm is based on the information gain rate of the dataset after
each split, and each time the variables are split the direction with the maximum gain rate feedback is
selected for execution, and finally the whole decision tree is obtained.

4.1.3. Random Forest Algorithm. Random Forest algorithm is essentially composed of many
subtrees, so it is figuratively called “forest”, these subtrees are the decision trees mentioned earlier, the
decision results of the subtrees will be combined with the Boosting strategy through integrated



8838 L. HUANG

learning to determine the output of the Random Forest model. The Random Forest algorithm is highly
resistant to data interference and has excellent applicability in classification scenarios [31]. The
algorithmic process of random forest is as follows:

Input: training dataset D ofsize N, data with feature dimension M.

Output: random forest model M = {TI,TZ,"-,TK} .

1) Sample N datasamples D from the dataset with putback using bootstrap sampling method.

2) Randomly select m[] LM feature subsets from the feature dimension space.

3) Using the decision tree algorithm, train a decision tree 1, with each tree left to grow without
pruning operations.

4) Repeat steps 1) to 3) K times to obtain a random forest model M = {]},Tz,- . -,TK} .

4.2. Model Training and Evaluation

Three modeling algorithms were used in the pre-selection modeling algorithm phase, which are
Decision Tree Algorithm, Support Vector Machine Algorithm (SVM), and Random Forest Algorithm (RF)
to build the classification model. The definition domain of the model and the representation of the
function are as follows:

qub Xbel - ix1 (24)

U is a matrix of mental health characteristics of a sample of labeled individuals, P is a matrix of
mental health states of a sample of labeled individuals, and R is a projection matrix that reveals
potential mapping relationships between mental health characteristics and mental health states of
labeled individuals. Each user's mental health profileisa 5 -dimensional feature vector defined as the
number of items under a factor of the SCL-90. If we are able to collect the mental health characteristics
of a sample of labeled individuals, we can build U . If we are able to collect the Symptom Self-Rating
Scale SCL-90 measurements of a labeled sample, we can build P . When both U and P are
established, the key R that can predict mental health status in a mental health prediction model can
be established. To be able to obtain the optimal R, we define the following object function:

f(u,r)=F(u,r)-F, (25)

F, is the test result of the Symptom Self-Rating Scale SCL-90, » is the projection matrix, and the
task of this paperistofinda » that minimizes f:

f, =argmin f (u,r) (26)

The evaluation metrics corresponding to this two-class classification model are set as precision and
recall.

The confusion matrix for the two-class classification model is shown in Table 2. Four values are used
to calculate the precision and recall which are true positive #p, false positive fp, true negative tn
and false negative fi, the sum of these four values is the total number of samples in the sample set
i.e. tp+ fp+tm+ fn=n, n isthe total number of samples.
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Table 2. Confusion matrix

. ) Predict
Confusion Marrix . .
Positive Negative
Positive tp fn
Real -
Negative fp In

The precision rate measures the accuracy of the model's prediction results, and for the two-class
classification model, which is divided into positive and negative classes, their precision rates can be
calculated separately with the following formula:

Precision rate of the positive category = 1p/(tp + /p) (27)
Precision rate of the negative class =n/(m+ fi) (28)

Recall measures the rate at which samples in a sample set are successfully predicted, and the
formula for recall for the POSITIVE and NEGATIVE classes is as follows:

Recall of the positive class = #p / (Zp + fn) (29)
Recall of the negative class = tn/ (tn + fp) (30)
Accuracy of the model = (tp + tn) / n (31)

5. Analysis of model experiment results

5.1.  Selection of the number of features

Mental health related data collected for this study included a total of 37 variables including general
demographic indicators, sleep, exercise, personality and stress. Features were selected using recursive
random forests and subsequent predictive models were learned based on the final selection. In order
to find the optimal number of features, cross-validation is used along with recursive random forest to
obtain accuracy scores for different subsets of features and select the set of features with the best
scores. During the process, the number of cross-validation was set to 5 and finally 17 features were
selected as a result of RFECV feature selection. The relationship between the number of features and
the 50% discount cross-validation score is shown in Figure 3. With the increase of the number of
features, the score is in an overall upward trend. When the number of features is 17, the curve appears
to peak at 0.8076, while after that the score has a fluctuation as the number of features increases, but
the effect is all lower than when the number of features is 17. The 17 characteristics thus selected were:
emotional stress, self-acceptance, life feelings, neuroticism, sleep quality, self-evaluation,
interpersonal stress, relationship stress, sense of meaning-seeking, life attitudes, life goals,
agreeableness, extraversion, health stress, family stress, openness, and frustration stress. The
variables obtained after feature selection were all continuous type variables.
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Fig. 3. Feature selection validation

5.2.  Analysis of model prediction results

Decision-Tree, SVM, and RF models were utilized for the prediction of mental health status of
innovative entrepreneurs, respectively. The models were trained using the training set and the trained
models were validated using the validation set. The ROC curves of each model in the test set are shown
in Figure 4. The corresponding AUC values for Decision-Tree, SVM, and RF are 0.9032, 0.9049, and

0.9126, respectively.

0.8

0.6

0.4

True Positive Rate

0.2

0.0 L=

0

Decision-Tree SVM RF

0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Fig. 4. ROC curve of each model in the test set

The comparison of the accuracy, precision, recall and F1 value of each model is shown in Table 3.
The RF model proposed in this paper achieved optimal results in all four evaluation indicators, and its

accuracy rate of predicting the mental health status of innovative entrepreneurs was 86.39%.
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Table 3. Experimental results of each model

Model Accuracy/% Precision/% Recall /% F1
Decision-Tree 82.11 65.39 70.36 0.73
SVM 83.64 76.36 70.69 0.74
RF 86.39 89.63 70.98 0.79

The changes in the loss function value of each model with the increase in the number of iterations
are shown in Fig. 5. During the model training process the loss function value of the RF model proposed
in this paper has been kept lowest compared to the other models, with an average loss function value
of 0.194. It shows that the model has strong learning ability and generalization ability, and it can
converge quickly and maintains better results.

s Decision-Tree SVM RF
08 |-
g
= 0.6
i*)
=
=
7
204 |
]
02
0.0 1 1 1
0 50 100 150 200

Iteration number

Fig. 5. Changes in the value of loss functions with iteration times

According to the performance of the three models it can be seen that the RF prediction model can
get more ideal results. Therefore, the study chooses this Random Forest-based algorithm to construct
a prediction model for the mental health status of innovative entrepreneurs, eliminating the Decision-
Tree and SVM prediction models.

5.3.  Model Interpretation and Characteristic Importance

In order to be able to understand the importance of each variable in the RF model, this study adopts
the SHAP value to explain the model.The SHAP value method is an additive explanatory model based
on the Shapley value, which adopts a game theoretic approach to explain the output of the model, and
it belongs to the ex post explanation method of the model, which outputs a predictive value for each
sample, and it can be calculated that the contribution of each variable to the output of the model. Both
the influence of a single variable and the influence of a group of variables can be considered, and the
problem of multicollinearity can also be solved.The absolute value of the size of the SHAP value
represents the degree of influence of the feature, and the sign represents the direction of the influence
of the feature. The order of importance of the variables is shown in Figure 6. The variable that has the
greatest influence on mental health status is emotional stress (1), followed by self-acceptance (2), and
the influence of these two variables in the model is 0.051 and 0.049, respectively.The other variables
in descending order of importance are feeling of life (3), neuroticism (4), quality of sleep (5), self-
appraisal (6), interpersonal stress (7), and relationship stress (8), Sense of seeking meaning (9), Life
attitude (10), Life goals (11), Likability (12), Extraversion (13), Health stress (14), Family stress (15),
Openness (16), Frustration stress (17).
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6. Conclusion

Support vector machine algorithm, decision tree algorithm and random forest algorithm were chosen
to construct the mental health state prediction model. The pre-selection-elimination mechanism was

used

to select the prediction model with the most ideal prediction effect. The AUC value, accuracy,

precision, recall, F1 value, and loss function value corresponding to the random forest algorithm were
0.9126, 86.39%, 89.63%, 70.98%, 0.79, and 0.194, respectively.Compared with the other two models,
the prediction model based on the random forest algorithm was more effective in predicting the
mental health status of innovative entrepreneurs. Among the 17 feature variables selected using
recursive random forest, emotional stress and self-acceptance degree had the greatest degree of
influence on the prediction model based on the random forest algorithm.
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