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ABSTRACT 
This study aims to construct an effective pathway for students' career planning and innovative 
industry education by integrating support vector machine algorithm with big data analysis technology. 
By effectively integrating multi-source data and combining the improved genetic algorithm for feature 
selection and extraction of student data, the support vector machine algorithm is used to conduct in-
depth analysis of the data related to students' career planning and innovation and entrepreneurship 
education, to provide students with accurate and personalized career and entrepreneurship guidance, 
and based on which, the career planning and innovation and entrepreneurship education path is 
constructed. Experimental analysis of the classification prediction performance of the support vector 
machine algorithm and comparison with other classification prediction algorithms show that the 
support vector machine algorithm used in this paper has the highest classification accuracy in the 
assessment of students' career planning and innovation and entrepreneurship ability, and the model 
performance is the most stable. The results of the educational experiment show that after using the 
educational path proposed in this paper, the students' satisfaction with career planning and the mean 
value of the assessment score of innovation and entrepreneurship ability increase by 70.89% and 
170.73%, respectively. The above results fully demonstrate the effectiveness of the educational path 
constructed in this paper, which provides a useful reference for efficient education and teaching reform. 
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1. Introduction 

Career planning is a comprehensive educational work, for college students to carry out learning 
planning and career planning, so that college students can be clear about their own development 
direction, so as to promote their own learning behavior. Whether the career planning is effective or 
not will affect the quality of study and life of college students, and even affect the career performance 
of college students after they get out of school [1-4]. Therefore, in order to improve the effect of higher 
education, so that college students can be more smoothly in the career path after graduation, it is 
necessary to do a good job of career planning education, so that college students can form a certain 
understanding of their own career [5-8]. Innovation and entrepreneurship education, also known as 
“double creation” education, is a new trend in higher education in recent years. In reality, the main 
purpose of innovation and entrepreneurship education is to cultivate students' innovation ability and 
entrepreneurial literacy, so that college students can ϐlexibly cope with the workplace or start their 
own business after leaving school [9-12]. Innovation and entrepreneurship education has been paid 
attention to by many institutions of higher learning, and schools are actively opening specialized 
courses or simulation bases for entrepreneurial practice to provide students with opportunities and 
environments for practice. Exercise to cultivate students' innovation and entrepreneurship ability, to 
ensure that students can cope with the employment problems outside the campus [13-16]. 

With the rapid development of network technology, information has become one of the basic 
conditions for success, and “big data” technology has been widely used in many ϐields [17-18]. Driven 
by big data, college students' career planning and innovation and entrepreneurship education has 
ushered in a new development opportunity, big data can make accurate analysis of the current and 
future situation, and reasonably grasp the development of students' career and innovation and 
entrepreneurship situation [19-21]. 

In today's highly competitive job market, college students are faced with severe pressure to choose 
and develop their careers. In order to better plan their careers, it is crucial to understand the needs, 
trends and opportunities of the job market. Career big data and analytics is a powerful tool to help 
college students to plan their careers. Literature [22] reveals that there are many problems such as 
unclear goals in the career planning of college students nowadays. Based on this, with the help of big 
data analysis method, the analysis of many colleges and universities has been carried out, and 
proposed measures to optimize the career planning of college students. Literature [23] emphasizes 
the importance of career choice for students. And proposed a method based on XGBOOST model 
clustering center model to predict students' career choices. Based on evaluating previous student 
behavioral data, it was shown that the proposed method is more effective than other prediction 
techniques. Literature [24] used machine learning technique XGBoost based on data from speciϐic 
universities in order to predict the career choices of university students and the results pointed out 
that XGBoost is able to predict the career choices of students and facilitate educational institutions to 
conduct educational activities accordingly. Literature [25] examined the application of deep learning 
in career planning and entrepreneurship for college students. Models affecting college students' career 
choices and entrepreneurial intentions were developed and validated, and relevant recommendations 
were made. The results pointed out that deep learning can better help students plan their careers and 
improve their entrepreneurial abilities. Literature [26] introduces a novel career guidance and career 
planning system that incorporates machine learning algorithms. By constructing a career matching 
framework and a career planning recommendation system, and implementing a database security 
design. The results emphasized the ability of the system to meet the basic requirements of a career 
planning system. Literature [27] describes that postgraduate precision employment in the context of 
big data faces advantages such as diversiϐied data capture and disadvantages such as imperfect 
working mechanisms, and emphasizes that postgraduate precision employment education requires 
effective strategies such as full integration of advantages and disadvantages, opportunities and 
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challenges. Literature [28] visualized the career planning path of college students in order to help 
them adapt to the ϐlexible employment environment. By proposing the LSTM-Canopy algorithm and 
introducing it into the CP path visualization system for college students, in order to effectively improve 
the analysis and judgment of career. The validity and reliability of the system is veriϐied through 
experiments. 

With the rapid development of social economy and the continuous progress of science and 
technology, innovation and entrepreneurship education has become an important part of university 
education. In order to better promote the development of innovation and entrepreneurship education 
in colleges and universities, the application of big data analysis and evaluation is gradually becoming 
a trend. Literature [29] aims to investigate the current situation of innovation and entrepreneurship 
education system construction in colleges and universities. And it discusses the relationship between 
big data and the establishment of innovation and entrepreneurship education environment in colleges 
and universities. It helps to promote the deep integration of big data technology and innovation and 
entrepreneurship education, and provides reference for “innovation and entrepreneurship education 
ecosystem”. Literature [30] explored the application of adaptive identiϐication weighting algorithm in 
the grid-based analysis of innovation and entrepreneurship education in colleges and universities. A 
grid analysis ai teaching model is proposed. The ϐindings reveal that the innovative entrepreneurship 
education model in colleges and universities based on grid analysis network teaching and adaptive 
recognition weighting algorithm can diagnose students' teaching data, thus realizing the innovation of 
big data analysis technology in colleges and universities. Literature [31] constructs a framework model 
of dual innovation education system in colleges and universities from the dimensions of internal 
system module and operation mode, and focuses on the internal system module of dual innovation 
education and the operation mode of three-shift system, which is conducive to improving the level of 
dual innovation education in colleges and universities. Literature [32] proposes a new approach to 
college students' dual-creation education in the context of big data. By utilizing the k-mean clustering 
method, the college students' dual-creation data are deeply mined. The experimental results mention 
that the proposed method has excellent entrepreneurial data mining accuracy and more accurate risk 
assessment results. Literature [33] realized the quantitative evaluation of teaching effect based on the 
analysis of teaching effect of dual-creation courses, and proposed the evaluation method of teaching 
effect of dual-creation courses based on big data analysis. The simulation results proved that the 
evaluation results of the method were accurate and reliable. Literature [34] constructed a dual-
creation skill training model for college students based on data mining technology. And the local DTRS 
model and multi-granular decision theory rough set model are proposed. The data mining and data 
analysis modules of the college students' education model were implemented. The results show that 
the model realizes the expected requirements and is improved. Literature [35] constructed a 
framework for the application of big data bi-inventive education based on the problems of bi-inventive 
education. By determining the content and process of the application of big data in dual-creation 
education, the strategy of improving dual-creation education with the help of big data is proposed. 

In this paper, the support vector machine algorithm is introduced in detail from the perspectives of 
statistical learning theory, support vector machine model linear separable and indivisible cases, and 
the selection of kernel function, which provides technical support for the construction of student 
career planning and innovative entrepreneurship education model based on the support vector 
machine algorithm in the latter part of the paper. The improved genetic algorithm is utilized to select 
and propose features for the collected high-dimensional student career and entrepreneurship data, 
and the superiority of the feature selection algorithm in this paper is demonstrated through 
comparative experiments. The classiϐication prediction performance of this paper's support vector 
machine model and the effectiveness of the proposed educational paths are analyzed in depth, 
highlighting the reasonableness of the educational paths of student career planning and innovation 
and entrepreneurship constructed based on the support vector machine algorithm in this paper. 
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2. Support vector machine algorithm 

2.1. Statistical learning 

2.1.1. Empirical risk minimization. Suppose that data set      1 1 2 2, , , , , ,l tx y x y x y   is l  
independent and identically distributed samples. 

It is usually believed that there is a certain relationship between inputs and outputs in a dataset 
( , )F x y , through which new input samples can be accurately predicted when they appear, which is the 

purpose of machine learning. The problem to be considered in this process is how to ϐind the 
parameter that minimizes the expectation based on these samples and the set of functions in which 
they are located { ( , )}f x  . 0  The expected risk is deϐined as: 

     ( ) , , ,R L y f x dF x y    (1) 

where   is the parameter and   , ,L y f x   is the loss function. 
In categorization problems, the output variables often correspond to different categories, assuming 

that the output variable is { 1, 1}y    , the loss function is: 

    0, ( , )
, ,

1, ( , )

ify f x
L y f x

ify f x







  
 (2) 

In practice, it is difϐicult to ϐind this unknown relationship, so this paper adopts an alternative 
strategy of replacing the expected risk with the mean square error of the sample, which is the empirical 
risk. The empirical risk is: 

     
1

1

1
, ,emp i i

i

R L y f x
l

 


   (3) 

This approach transforms minimizing the expected risk to minimizing the empirical risk and is 
called the empirical risk minimization criterion (ERM) [36]. 

2.1.2. Minimization of structural risk. The VC dimension of a function set can be intuitively deϐined 
as follows: for h  a sample that can be separated by a function set in all 2h  forms, the maximum 
number of samples h  that can be broken up by this function set is its VC dimension. 

Statistical learning theory deϐines the relationship between function sets, empirical risk  cmpR   
and expected risk  R   as follows: 

    
    ln 2 / 1 ln / 4

emp

h l h
R R

l


 

 
   (4) 

where h  is the VC dimension and l  is the number of samples. 
Equation (4) can be simpliϐied as: 

      /empR R l h     (5) 

From equation (5), it can be seen that the minimization of the expected risk in the machine learning 
method, it is necessary that both the empirical risk and the conϐidence range are as small as possible, 
and the conϐidence range is related to the VCV and training samples of the learning method. And when 
the training samples are certain, ( / )l h  increases with the increase of h , and the conϐidence range 
increases, leading to a decrease in the generalization performance of the learning machine. 

When solving classiϐication problems, the VC dimension is often determined according to the form 
of the classiϐier, such as a linear classiϐier, which has a low VC dimension, so when it is used for 
classiϐication, it tends to get better results. However, in real life, it is often not easy to get the VC 
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dimension of a complex machine learning method to minimize the expected risk through equation (5). 
Thus statistical learning theory proposes the principle of structural risk minimization, i.e., the function 
set  ( , ),S f x     is decomposed into an ordered sequence of ordered according to the size of 
the VC dimension: 

 1 2 ,k i
i

S S S S S S       (6) 

Find the function that minimizes the empirical risk in each subset according to Eq. (6).SVM is a 
better implementation of the SRM principle. 

2.2. Support vector machine model 

In statistical theory, SVM is one of the youngest and fastest growing machine learning techniques and 
it is also in a state of continuous development [37]. It adopts the idea of SRM, and compared to the 
traditional methods based on the ERM idea, SVM has outstanding performance ability in nonlinear and 
high-dimensional pattern recognition, as well as regression estimation and small-sample learning 
problems, and the solutions obtained are globally optimal. So it is greatly favored in the whole ϐield of 
machine learning. The entire schematic diagram of SVM is shown in Fig. 1. 

K(x1,x) K(x2,x) K(xm,x)

α1y1 α2y2 αsys

y

x1 x2 xd

Input vector  1 2, , , dx x x x 

Inner product based on 
m support vectors

Output

Weights

 
1

sgn ,
n

i i i
i

y y K x x b


 
   

 


i i iy 

 

Fig. 1. Support vector machine mode 

2.2.1. Linear separability. SVMs have been proposed based on the linearly differentiable case where 
an optimal classiϐication plane exists. The optimal classiϐication plane is deϐined to satisfy the need for 
maximizing the classiϐication interval while ensuring accurate classiϐication of the two classes of 
samples. Classifying the two classes of samples correctly achieves the ERM. While maximizing the 
interval ensures that the conϐidence range is as small as possible, the combination of these two 
satisϐies the SRM principle. The purpose of linear separability is to ϐind a hyperplane that will correctly 
classify the samples of these two classes respectively, and the structure of the whole process is 
schematically shown in Fig. 2. The two classes of training samples in the ϐigure are represented by 
circular and square images, P   is the optimal classiϐication line,    is the classiϐication maximum 
interval, and 1P  and 2P  are the straight lines where the support vectors are located. If generalized 
to higher dimensions, P  represents the optimal hyperplane, and 1P  and 2P  represent the planes 
where the support vectors are located. From the statistical knowledge, we can get that the optimal 
hyperplane satisϐies the SRM principle, so the generalization ability of the optimal hyperplane is higher 
than that of other classiϐication hyperplanes. 
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Optimal 
Classification 

Surface

Category I
Category II
Support Vector
Support Vector

Maximum 
interval

P2 P1P

δ

1x b   

1x b  

0x b    

Fig. 2. The optimal hyperplane of a linear separable case 

Suppose the set of training samples is  ,i ix y  , 1, 2, ,i n   , dx R  ,  1, 1y    for classiϐication 
labels. Then the general form of the linear discriminant function in the d -dimensional space can be 
expressed as: ( ) *g x x b   and the classiϐication surface equation is: 

 * 0x b    (7) 

The decision function is: 

  ( ) sgn *f x x b   (8) 

where  sgn   is the sign function. 
Then the function ( )g x  is normalized so that ( ) 1g x   of the samples closest to the classiϐication 

surface, at which point the classiϐication interval is 2 /  . The problem of maximizing the 
classiϐication interval can be replaced by the problem of minimizing   (or 2 ). Then the problem of 
optimizing the solution of linearly divisible SVM can be summarized as follows: 

 

 

2

min
2

. . * 1, 1,2, ,i is t y x b i n



    
 (9) 

Next, the following function is deϐined using Lagrange's method for ϐinding extreme values: 

    2

1

, , 2 * 1
n

i i i
i

L b y x b    


       (10) 

where 0i   is called the Lagrange multiplier, and our problem is to ϐind the optimal *  and *b  
to make the function reach a minimal value. By taking the partial derivatives of   and b  in Eq. (10) 
and then making them equal to 0, we can convert the original convex quadratic optimization problem 
into its dual, i.e., in the constraints: 

 1

0

0 1, 2, ,

n

i i
i

i

y

i n








  


 (11) 

Solve for the maximum value of the following function under i : 
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    
1 , 1

max 1/ 2 *
n n

i i j i j i j
i i j

Q y y x x   
 

    (12) 

if *
i  is the optimal solution: 

 

 

* *

1

* *1

2

n

i i i
i

r s

x y

b x x

 









   


 (13) 

That is, the weight coefϐicients of the optimal classiϐication plane can be represented by the training 
sample vectors, where rx  and rx  are any pair of support vectors in the two categories. 

In the training samples, there will be a lot of samples *
i  will be zero, and only a small part of the 

samples *
i  is not zero; the optimal classiϐication plane is determined by the support vectors, i.e., the 

samples that *
i  is not zero. 

Then the optimal classiϐication function is: 

      * * *

1

sgn * sgn
n

i i i
i

f x x b y x x b 


        (14) 

*b  is the threshold for classiϐication, which can be derived from any of the support vectors. 

2.2.2. Linear indivisibility. Except for the linearly separable case described above, most problems in 
real situations are linearly indivisible. As shown in Fig. 3, this situation often produces a large error 
using the optimal classiϐication surface in the graph. When the linearly indivisible case is encountered, 
the optimal classiϐication surface needs to be improved accordingly. What the researcher uses is to add 
a relaxation term 0i    to the constraints, then the optimization problem of solving the optimal 
plane becomes solving for the minimum value of Eq. (15): 

 
 

2

1

1
( , )

2

. . 1 , 0

n

i
i

i i i i

C

s t y x b

    

  



 


    


 (15) 

where C is a constant used to penalize the misclassiϐied samples to a greater degree. As the penalty 
for misclassiϐication increases, the value of C increases. This is done to enhance the learning model 
to make it more generalizable. 

For the very small value problem of Eq. (15), the approach taken is also to utilize the Lagrangian 
dyadic form, with the difference being that the constraints are a little bit different from linear 
differentiability. Namely: 

    
1 , 1

max 1/ 2 *
n n

i i j i j i j
i i j

Q y y x x   
 

    (16) 

The constraints are: 

 

1

0 , 1, 2, ,

0

i

n

i i
i

C i n

y






   

  (17) 

The formula, i  has three possible values (1) 0i  . (2) 0 i C  . (3) i C  . 
ix  satisfying (2) is the standard support vector and ix  satisfying (3) is called the boundary support 

vector. From the above analysis, it is clear that only the support vectors play a role in determining the 
optimal hyperplane and the decision function. Meanwhile, we can see from equation (14) optimal 
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classiϐication function that there is a dot product between the classiϐication samples and the support 
vectors. In the case of binary classiϐication, it can be well understood; however, if it is on the high-
dimensional space, an inner product should be sought to replace the dot product, so that the original 
feature space can be transformed to a new feature space, and here  ,K x x  is used to replace the dot 
product in the optimal classiϐication surface. The optimization function at this point then becomes: 

  
1 , 1

( ) 1 / 2 *
n n

i i j i j i j
i i j

Q y y K x x   
 

    (18) 

and the corresponding discriminant function Eq. (14) should also become: 

    * * *

1

( ) sgn * sgn *
n

i i i
i

f x x b y K x x b 


 
    

 
  (19) 

Therefore, the idea of SVM can be summarized as the use of a suitable inner product function to deal 
with nonlinear problems, which aims to map the input space to high dimensions to ϐind the optimal 
classiϐication surface. 

Optimal 
Classification 

Surface

Category I
Category II
Support Vector
Support Vector

P2 P1P1x b   

1x b  

0x b    

Fig. 3. The optimal hyperplane of linear inseparably 

2.2.3. Kernel function. The reason why SVM can improve the handling of nonlinear problems and 
enhance the generalization ability of the learning model, these are because of the introduction of the 
kernel function, the kernel function allows the mapping of low-dimensional indivisible problems to 
high-dimensional linearly divisible, and the whole mapping process is shown in Figure 4. 

Low-dimensional linear 
indivisibility

High-dimensional 
linearly differentiable

 

Fig. 4. Low dimensional linear inseparably mapping to high dimensional separable 
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In the nonlinear mapping process, a suitable    -transformation function is introduced, and the 
set of training samples is set to be: 

  , , 1, , , , { 1,1}d
i ix y i l x R y       (20) 

Transformation from dR -space to Hilbert space H ( )x x : 

 , ( )dR H x x x    (21) 

by Eq. (20) makes the set of training samples   to be: 

   , , 1, , , , { 1,1}i ix y i l x H y         (22) 

In terms of Eq. (22), it can be seen that the transformation     is expressed in the form of an inner 
product of functions: 

     , ( )K x x x x      (23) 

In the actual classiϐication process, we are concerned with the realization of the classiϐication results 
rather than the data representation from the low-dimensional space mapped to the high-dimensional 
space, the kernel function of the advantage is that you can even do not need to know the speciϐic 
functional form of    , as long as there is a kernel function  ,K    to satisfy Mercer's conditions, 
which corresponds to a certain mapping space of the dot product. 

3. Data collection and processing 

3.1. Data sources 

1) Student academic data. This data contains students' course grades, course elective information, test 
score distribution, and homework completion. These data reϐlect students' performance and 
preference in specialized knowledge learning. For example, by analyzing a student's performance 
advantage in science and engineering courses, it is possible to initially determine his potential in 
technology development and other related innovative and entrepreneurial ϐields. 
2) Student Behavior Data. This data covers students' records of various activities on campus, such as 
the type and frequency of participation in club activities, experience of participating in research 
projects or competitions, and library borrowing records. Students who participate in innovation and 
practice club activities frequently may be more interested and motivated in innovation and 
entrepreneurship practices. 
3) Student psychological and career assessment data. In the process of collecting this data, students 
were tested and guided to vote on the types of support by using the common means of seven major 
types of psychological tests, including intellectual inclination, personality test, vocational interest, 
personality, ability, values and motivation, and developmental assessment test, respectively, and the 
Hollander's vocational interest test (SDS) among the vocational interest tests was ϐinally selected by 
combining the scenarios in which the seven types of tests were applicable. This test produces results 
through its partial test scale, constructing a hexagon consisting of conventional, corporate, social, 
artistic, research, and realistic types, etc., which makes a direct correlation between occupations and 
interests, and thus speculates on the type of work for which the test taker is suited. Collecting students' 
psychological and vocational assessment data helps to gain a deeper understanding of students' 
intrinsic traits and vocational tendencies, and determining the types of students' vocational interests 
based on the SDS test results provides a reference for career planning and entrepreneurial method 
selection. 
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3.2. Data cleansing and standardization 

3.2.1. Data cleansing. The purpose of data cleansing is to remove noisy data from the data, such as 
incorrect records, duplicate data, etc. There may be incorrectly entered grades in the student 
achievement data, which need to be cleaned by data veriϐication and correction. For missing data, this 
paper uses interpolation to ϐill in. In the process of data cleaning, the validity of the data is checked, 
such as student grades must be greater than 0, etc. At the same time, the collected student information 
may contain height, weight and other related information, which are of less value when applied to the 
subsequent analysis, and will lead to a waste of data analysis resources, so this paper excludes this 
type of data from the process. 

3.2.2. Data standardization. Since data from different sources may have different scales and value 
ranges, data standardization is required to facilitate subsequent data analysis and model training. The 
data standardization method used in this paper is the z-score  -normalization method, and its 
calculation formula is shown below: 

 new

x
x





  (24) 

where x  is the raw data,   is the mean of the data, and   is the standard deviation of the data. 

3.3. Feature Selection and Extraction 

3.3.1. Feature data preprocessing. Information gain can consistently and effectively describe the 
meaning of information in an information system, and the more balanced the data dispersion in an 
information system, the greater the corresponding information gain [38]. Therefore, information gain 
can be used to describe balanced information data. Let the discrete random variable be  S A : 

  
1

A

i
i

S A p


   (25) 

Where, ip   is the probability of discrete random variable A  in the supply chain terminal high 
dimensional data. 

Let the outcome variable B be a binary variable, i.e., 0,1B  ; the subset of primary dependent 
variables in the sample data is C and the subset of secondary ones is D , which can be expressed in 
the following equation: 

   is related to | : cC c A EB b  (26) 

  1,2, ,D i   (27) 

Examining the relationship between dependent variable cA   and outcome variable B  in an 
information system, the information gain of dependent variable cA  can be expressed in the following 
equation: 

  
1

cA

c i
i

S A p C


   (28) 

where 1ip  , 1, 2, ,c p  . 
Meanwhile, the information gain obtained for the dependent variable with greater correlation with 

the outcome variable B can be expressed in equation (29): 

  
1

cA

c i
i

S A B p B


   (29) 
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Using the sample data estimator to calculate the correlation between dependent variable cA  and 
outcome variable B , we can analyze the proportionate size of the importance of discrete random 
variables in the sample data to do characteristic screening and obtain the ϐinal simulation model. 

3.3.2. Feature selection for high-dimensional data: 
1) Feature Sorting. After completing the preprocessing of high-dimensional data of career planning 
and innovation industry, the information gain is sorted based on the improved genetic algorithm [39], 
the feature data beyond the edge range is removed, and the information density of each group 
information feature is set in order to effectively regulate the distribution of the subsequent data groups 
in the feature screening. 

Let the set of discrete random variables be  1 2, , , mX x x x    and the set of unclassiϐied 
characteristic variables of the sample be  1 2 1, , , nY y y y    , where the M  th data in the set of 
discrete random variables X   is characterized by  1 1MY l n     and the N  th data is 
characterized by  1 1NY l n   , where N M . The information density of MY  can be expressed 
by the following equation: 

 
 

 
1

1

, 1, 2, , 1M
M n

M
M

H Y
M n

H Y
 



  




 (30) 

Where  MH Y  is the information entropy of the Mnd data feature, according to equation (30) 
can be obtained between the two data information feature data density difference value, then set the 
information feature data density difference value between MY  and NY  is M NJ  , can be expressed in 
the following equation: 

 
   

 
1

1

, , 1, 2, , 1M N
M N n

M
M

H Y H Y
J N M n

H Y
 




  




 (31) 

As a result, the larger  MH Y   is, the larger the corresponding information density M   is, the 
smaller the value M NJ   of the difference in data density of information features between MY  and 
NY  is, the more compact the high-dimensional data is in some regions, and furthermore, the more 

likely it is that MY  and NY  will be computed in the same data distribution group. 
2) Feature coding. In the initial stage of feature screening of high-dimensional data of career planning 
and innovation industry, the improved genetic algorithm is used to encode the data distribution group 
that is sorted according to the grouping of data features. The size of the space occupied by the data 
distribution group is calculated based on the data coding obtained by the algorithm, and the initial 
race is selected based on the race size. At the same time, discrete random variables are used to generate 
initial races for data groups with the same lower limit as the population size, focusing on encoding 
high-dimensional data. 
3) Algorithm Evaluation. Let the set of data within the race be  1 2, , ,h mH h h h  , 1, 2, ,h m  , then 
the ϐlexibility function obtained by the improved genetic algorithm for the data within the race that 
has completed feature coding can be expressed by equation (32): 

 
1

1 N

h i
i

H
N




   (32) 

where hH  is the hnd data individual of the data set within the race, and i  is the classiϐication 
criterion corresponding to a particular data in the data classiϐication group. 

Let the data set outside the race be  1 2, , ,j nH h h h   , 1, 2, ,j n   . The ϐlexibility function 
obtained by the improved genetic algorithm in feature screening of high dimensional data can be 
expressed in equation (33): 
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where iH  is the set of data for which feature coding has been completed outside of races, and   is 
a condition that restricts the distribution of data features between races. 

4. Career planning and innovation and entrepreneurship model construction 
and optimization 

4.1. Modeling 

1) Determine input and output variables. The processed students' academic performance feature 
vector, behavioral feature vector and psychological assessment feature vector are composed into a 
comprehensive feature vector, which is used as the input variable of the support vector machine X , 
and the type of students' career planning (employment, further education, entrepreneurship, etc.) or 
the results of the assessment of innovation and entrepreneurship ability (high, medium, low) are used 
as the output variable Y . 
2) Selection of kernel function and parameter setting. Selecting the appropriate kernel function 
according to the characteristics of the data is especially important for the career planning and 
innovation and entrepreneurship model based on the support vector machine algorithm. Since the 
student characteristic data presents a complex nonlinear structure, selecting the traditional linear 
kernel function will lead to a decline in the model performance, which will ultimately reduce the 
accuracy of the model output results, so this paper chooses to use the Gaussian kernel function, and 
the parameters of the Gaussian kernel function as well as the regularization parameter C , etc., for 
tuning. 

4.2. Model optimization 

1) Cross-validation. In this paper, a k-  fold cross-validation method is used to evaluate the 
performance of the model and perform parameter tuning. The dataset is divided into k  subsets of 
similar size, -1k  subsets are used as the training set each time, and the remaining one subset is used 
as the test set, which is repeated k   times to calculate the performance metrics such as average 
accuracy, recall, and F1 value. The parameter settings with the best performance are selected by cross-
validation under different parameter combinations. 
2) Model Updating and Improvement. With the continuous generation of new data, the support vector 
machine model is regularly updated. In this paper, an incremental learning approach is used to 
gradually incorporate new data into the model training, while the model is adjusted and optimized to 
adapt to changes in the characteristics of the student population and the educational environment. For 
example, when a new innovation and entrepreneurship education program is implemented, data from 
students' learning and practical activities in related courses can be used to update the model so that 
the model can better reϐlect the new educational effects and student development. 

5. Educational paths based on support vector machine algorithms 

5.1. Personalized career planning guidance 

1) Student classiϐication and labeling. Using the trained support vector machine model to continue the 
classiϐication of students, according to the model output of the type of career planning labels, such as 
the students are divided into different categories such as suitable for employment type, further study 
and entrepreneurship type. For students who are suitable for employment, further analyze their 
suitable career ϐields, such as technology, management, service, etc. 
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2) Personalized Programming. Develop personalized career planning programs for different types of 
students. For entrepreneurial students, we provide entrepreneurial project recommendation, 
entrepreneurial resource matching, and entrepreneurial training course arrangement. For example, 
according to students' interests and ability characteristics, recommend matching entrepreneurial 
projects, such as science and technology entrepreneurial projects recommended for students with 
science and technology background and innovation ability. Provide students with resources of 
entrepreneurship mentors, whose area of specialization matches students' entrepreneurial direction. 
Arranging entrepreneurship training courses, including courses on business plan writing, marketing, 
ϐinancial management, etc. The depth and breadth of the course content is adjusted according to the 
students' foundation and learning ability. 

5.2. Design of practical activities for innovation and entrepreneurship education 

1) Model-based student team formation. In innovation and entrepreneurship practice activities, such 
as entrepreneurship competitions, scientiϐic research project team formation, etc., reasonable team 
formation is carried out based on the results of the analysis of students' innovation and 
entrepreneurship abilities and specialties by the support vector machine model. Students with 
innovative thinking ability, students with technical expertise, students with organizational and 
management ability, etc. are combined together to form a team with complementary advantages and 
improve team competitiveness. 
2) Activity content customization. Customize the content of practical activities of innovation and 
entrepreneurship education according to the characteristics and needs of the student groups, for 
example, for the student groups that show strong innovative ability in the model but insufϐicient 
practical experience, design more activities with practical operation links, such as enterprise ϐield 
research, entrepreneurial simulation of the actual battle, and so on. For students with certain 
entrepreneurial foundation and experience, organize activities such as high-end entrepreneurship 
forums and international entrepreneurship exchange programs to broaden their horizons. Enhance 
their entrepreneurial level. 

5.3. Evaluation of Educational Effectiveness and Feedback 

1) Construction of assessment index system. Establish a multi-dimensional evaluation index system of 
educational effect, including the indicators of students' knowledge and skill enhancement, such as the 
degree of mastery of entrepreneurial knowledge and the ability to utilize innovative methods. 
Indicators of students' attitude and value change, such as the degree of entrepreneurial willingness 
and the effect of innovation spirit cultivation. Indicators of students' actual achievements, such as the 
number of entrepreneurial projects launched, the number of innovative achievements transformed, 
etc. 
2) Model-based assessment and feedback. The support vector machine model is used to analyze the 
educational effect assessment data and predict the impact of educational interventions on the 
development of students' career planning and innovation and entrepreneurship abilities, even if 
problems and deϐiciencies in the educational process are found. For example, if the model predicts that 
a certain type of educational activity does not have a signiϐicant effect on the enhancement of 
innovation and entrepreneurship ability of a certain group of students, even if it adjusts the content 
and mode of the activity or increases the investment of educational resources, etc., and uses the 
feedback information to optimize the design of subsequent educational paths. 
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6. Experimental results and analysis 

6.1. Feature Selection and Extraction 

In this section, in order to validate the effectiveness of the proposed algorithms, comparison 
experiments of the algorithms will be carried out on 12 sub-datasets from the collected student 
characteristics data. Nine other algorithms are selected for comparison, which are SGAI algorithm, 
MIMIC-FS algorithm, SRS algorithm, RS algorithm, TIE algorithm, IAMB algorithm, PCMB algorithm, 
HITON-MB algorithm and MMMB algorithm. During the experiments, these algorithms are done with 
the assistance of 3 different classiϐiers respectively, the 3 classiϐiers are KNN, NB and SVM.The 
hardware equipment used in the experiments are Core i7 10510U 3.5 GHz processor, 16 GB DDR 4 
2666 RAM, and Windows 10 operating system are performed on HP workstation. 

6.1.1. Experimental data. A total of 12 benchmark sub-datasets were selected for the experiment, 
and the details of each dataset are shown in Table 1. In the table, four sub-datasets, including G1, G2, 
G3, and G4, were derived from students' academic performance characteristics, including ϐinal grades, 
usual grades, practical grades, and course choices, while ϐive sub-datasets, including B1-B5, were the 
types of clubs participated, the frequency of club participation, the number of competitions, the 
number of scientiϐic research projects, and the number of library borrowings, and the three sub-
datasets of H1-H3 were personality test scores, occupational interest test scores, and mental health 
test scores from students' psychological assessment characteristics, respectively. These 12 sub-
datasets cover all the data related to students' career planning and innovation and entrepreneurship, 
and the dimensions of the datasets range from 20 to 10394, the sample sizes range from 52 to 4572, 
and the categories of the datasets range from 1 category to 9 categories. For each dataset in the table, 
the limitations and peculiarities of ϐixed division of datasets can be avoided during model evaluation 
by conducting 50 experiments on each training dataset individually and ϐinally taking the average 
classiϐication accuracy. The optimal feature subset is selected by different feature selection methods, 
and then the selected optimal feature subset is applied to the test data and the classiϐication accuracy 
of the selected feature subset is evaluated using a classiϐier. 

Table 1. Experimental data set 

Datasets Instances Features Class Datasets Instances Features Class 

G1 262 20 3 B3 547 27 1 

G2 374 33 7 B4 238 45 4 

G3 108 52 6 B5 4572 58 8 

G4 52 201 2 H1 395 439 3 

B1 2076 498 4 H2 163 647 9 

B2 619 6397 5 H3 109 10394 7 

6.1.2. Experimental parameterization. In the course of the experiments, three classiϐiers are used to 
evaluate the feature subset, namely, the NB classiϐier and KNN classiϐier provided by Matlab Statistical 
Toolbox, and the SVM classiϐier provided by LibSVM library. Among the nine comparative algorithms 
of the experiment, MIMIC-FS algorithm, SRS algorithm, SGAI algorithm, RS algorithm, and TIE 
algorithm are feature selection algorithms based on common correlation coefϐicients; IAMB algorithm, 
PCMB algorithm, HITON-MB algorithm, and MMMB algorithm are feature selection algorithms based 
on the state-of-the-art Markov Blanket Filter. During the experiments, the parameters of the 
algorithms are designed as follows:(1) In the SRS algorithm, parameters 1  and 2  in the algorithm 
are varied over the interval [0,0.1] in steps of 0.05. (2) The signiϐicance level of IAMB algorithm, PCMB 
algorithm, HITON-MB algorithm and MMMB algorithm are all set to 0.05. (3) Parameter selection for 
the improved genetic algorithm: maximum number of iterations 500maxT   , initial population size 
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15N  . For the inertia weight  , the linear decreasing method is usually used to adjust  . However, 
the process of population genetics is not a linear process. In this paper, a nonlinear method is used to 
adaptively adjust the inertia weights   to increase the diversity, i.e: 

 min max min

max

1
ω=ω +(ω -ω ) (- )

t
1+(1+ )

T


 (34) 

6.1.3. Analysis of experimental results. In order to validate the feature selection and extraction 
performance of the Improved Genetic Algorithm (IGA) in this paper, experiments are conducted on 12 
different datasets and compared with 9 algorithms. The results of the experiments are analyzed in 
terms of both the classiϐication accuracy of the experiments and the size of the selected feature subset, 
where the classiϐication accuracy of the experiments and the number of selected features are averaged 
after 50 independent experiments, respectively. 
1) Comparison of classiϐication accuracy. Tables 2 - 4 show the results of comparison of IGA algorithm 
with MIMIC-FS algorithm, SRS algorithm, SGAI algorithm, RS algorithm, TIE algorithm, IAMB algorithm, 
PCMB algorithm, HITON-MB algorithm and MMMB algorithm on KNN, NB and SVM classiϐiers 
respectively. As can be seen from the table, the experimental dataset contains both binary and 
multiclassiϐication, for the KNN classiϐier, the experimental results on 12 datasets show that the IGA 
algorithm consistently outperforms the other 9 compared feature selection algorithms on 8 datasets 
(G1, G3, G4, B1, B3, B5, H1, H3), and the average of the experimental results of this algorithm on 12 
datasets is 0.863 , which is 0.050, 0.078, 0.070, 0.087, 0.073, 0.050, 0.062, 0.042, 0.077 better than the 
MIMIC-FS algorithm, the SRS algorithm, the SGAI algorithm, the RS algorithm, the TIE algorithm, the 
IAMB algorithm, the PCMB algorithm, the Hiton-MB algorithm and the MMMB algorithm, respectively. 
On the NB classiϐier, the IGA algorithm outperforms the other nine compared algorithms on eight 
datasets (G1, G3, G4, B2, B3, B4, H2, and H3), and on the remaining four datasets (G1, B2, B5, and H1). 
The IGA algorithm is ranked ϐirst with an average classiϐication accuracy of 0.872 on the 12 datasets, 
i.e., the classiϐication performance is optimal compared to the other nine algorithms. On the SVM 
classiϐier, each feature selection achieves better performance than on the other two classiϐiers, and the 
classiϐication accuracy of the IGA algorithm in this paper is signiϐicantly better than that of the other 
nine comparative algorithms on 10 datasets (G1, G2, G3, G4, B1, B3, B4, H1, H2, and H3), with an 
average classiϐication accuracy of 0.943 on 12 datasets, which is comparable with the other two 
classiϐiers the mean values of 0.080 and 0.071 respectively. It shows that the improved genetic 
algorithm and SVM model selected in this paper are more suitable, and applying it to the feature 
selection and extraction of the model constructed based on the support vector machine algorithm in 
this paper can make the model achieve better results. 
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Table 2. The classiϐication accuracy of the feature selection algorithm(KNN) 

Datasets 
IGA MIMIC-FS SRS SGAI RS 

ACC Std. ACC Std. ACC Std. ACC Std. ACC Std. 

G1 0.810 0.017 0.749 0.022 0.724 0.085 0.766 0.027 0.724 0.046 

G2 0.961 0.011 0.939 0.019 0.924 0.027 0.945 0.025 0.934 0.022 

G3 0.819 0.072 0.771 0.034 0.709 0.031 0.715 0.034 0.693 0.011 

G4 0.832 0.014 0.762 0.034 0.799 0.087 0.829 0.105 0.777 0.060 

B1 0.938 0.024 0.858 0.018 0.878 0.028 0.915 0.027 0.841 0.051 

B2 0.862 0.018 0.823 0.103 0.833 0.046 0.825 0.026 0.825 0.030 

B3 0.867 0.022 0.758 0.019 0.702 0.064 0.689 0.022 0.730 0.042 

B4 0.611 0.018 0.617 0.088 0.568 0.041 0.541 0.088 0.556 0.097 

B5 0.944 0.025 0.861 0.088 0.818 0.062 0.756 0.022 0.781 0.064 

H1 0.885 0.067 0.865 0.061 0.852 0.091 0.831 0.020 0.865 0.079 

H2 0.965 0.019 0.929 0.021 0.941 0.069 0.955 0.023 0.944 0.038 

H3 0.860 0.032 0.818 0.017 0.675 0.024 0.753 0.064 0.641 0.073 

Mean 0.863 / 0.813 / 0.785 / 0.793 / 0.776 / 

Rank 1 3 9 6 10 

Datasets 
TIE IAMB PCMB HITON-MB MMMB 

ACC Std. ACC Std. ACC Std. ACC Std. ACC Std. 

G1 0.766 0.089 0.697 0.015 0.697 0.081 0.708 0.091 0.697 0.059 

G2 0.938 0.062 0.962 0.031 0.940 0.030 0.969 0.034 0.934 0.050 

G3 0.769 0.029 0.812 0.054 0.742 0.092 0.802 0.076 0.791 0.019 

G4 0.814 0.047 0.817 0.014 0.792 0.040 0.769 0.076 0.765 0.038 

B1 0.786 0.026 0.808 0.016 0.863 0.026 0.911 0.042 0.911 0.023 

B2 0.847 0.033 0.857 0.017 0.872 0.031 0.872 0.059 0.833 0.079 

B3 0.702 0.029 0.786 0.013 0.730 0.064 0.758 0.015 0.675 0.036 

B4 0.585 0.084 0.568 0.021 0.545 0.051 0.556 0.013 0.556 0.056 

B5 0.728 0.032 0.850 0.021 0.879 0.040 0.848 0.056 0.838 0.023 

H1 0.839 0.043 0.865 0.031 0.800 0.083 0.852 0.078 0.865 0.062 

H2 0.955 0.025 0.926 0.016 0.976 0.061 0.976 0.092 0.931 0.032 

H3 0.750 0.083 0.808 0.031 0.780 0.058 0.830 0.020 0.637 0.067 

Mean 0.790 / 0.813 / 0.801 / 0.821 / 0.786 / 

Rank 7 3 5 2 8 
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Table 3. The classiϐication accuracy of the feature selection algorithm(NB) 

Datasets 
IGA MIMIC-FS SRS SGAI RS 

ACC Std. ACC Std. ACC Std. ACC Std. ACC Std. 

G1 0.831 0.023 0.777 0.147 0.697 0.105 0.716 0.042 0.697 0.077 

G2 0.966 0.018 0.905 0.057 0.932 0.054 0.952 0.098 0.941 0.095 

G3 0.929 0.090 0.753 0.101 0.791 0.100 0.910 0.089 0.780 0.090 

G4 0.941 0.022 0.754 0.093 0.798 0.164 0.847 0.099 0.757 0.090 

B1 0.933 0.028 0.725 0.104 0.974 0.055 0.974 0.021 0.911 0.036 

B2 0.861 0.018 0.773 0.080 0.787 0.037 0.777 0.099 0.780 0.040 

B3 0.911 0.012 0.758 0.039 0.814 0.018 0.680 0.105 0.831 0.096 

B4 0.751 0.024 0.653 0.050 0.599 0.078 0.580 0.029 0.660 0.041 

B5 0.648 0.017 0.558 0.104 0.638 0.016 0.649 0.024 0.638 0.105 

H1 0.892 0.012 0.919 0.093 0.839 0.054 0.805 0.105 0.883 0.064 

H2 0.955 0.018 0.938 0.103 0.899 0.016 0.919 0.093 0.919 0.029 

H3 0.849 0.012 0.694 0.079 0.678 0.049 0.698 0.044 0.648 0.054 

Mean 0.872 / 0.767 / 0.787 / 0.792 / 0.787 / 

Rank 1 9 5 4 5 

Datasets 
TIE IAMB PCMB HITON-MB MMMB 

ACC Std. ACC Std. ACC Std. ACC Std. ACC Std. 

G1 0.697 0.064 0.697 0.014 0.697 0.040 0.708 0.052 0.697 0.057 

G2 0.971 0.054 0.962 0.015 0.940 0.093 0.969 0.047 0.934 0.035 

G3 0.802 0.126 0.788 0.039 0.850 0.087 0.798 0.048 0.841 0.076 

G4 0.810 0.059 0.817 0.016 0.792 0.058 0.769 0.036 0.765 0.026 

B1 0.959 0.209 0.808 0.029 0.593 0.014 0.911 0.054 0.911 0.070 

B2 0.787 0.058 0.812 0.016 0.852 0.061 0.842 0.055 0.834 0.025 

B3 0.901 0.017 0.730 0.022 0.823 0.027 0.860 0.015 0.808 0.041 

B4 0.704 0.029 0.530 0.015 0.554 0.035 0.599 0.070 0.559 0.064 

B5 0.629 0.066 0.634 0.057 0.577 0.050 0.638 0.066 0.638 0.078 

H1 0.826 0.054 0.805 0.017 0.839 0.029 0.865 0.042 0.826 0.015 

H2 0.941 0.035 0.944 0.015 0.908 0.016 0.911 0.015 0.944 0.016 

H3 0.838 0.105 0.698 0.038 0.728 0.026 0.838 0.013 0.668 0.015 

Mean 0.822 / 0.769 / 0.763 / 0.809 / 0.785 / 

Rank 2 8 10 3 7 
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Table 4. The classiϐication accuracy of the feature selection algorithm(SVM) 

Datasets 
IGA MIMIC-FS SRS SGAI RS 

ACC Std. ACC Std. ACC Std. ACC Std. ACC Std. 

G1 0.916 0.111 0.856 0.102 0.795 0.159 0.795 0.106 0.795 0.110 

G2 0.993 0.128 0.916 0.113 0.976 0.104 0.958 0.365 0.929 0.109 

G3 0.998 0.105 0.855 0.165 0.807 0.318 0.937 0.106 0.928 0.108 

G4 0.999 0.120 0.886 0.111 0.915 0.152 0.971 0.128 0.893 0.104 

B1 0.947 0.105 0.938 0.141 0.755 0.301 0.848 0.129 0.839 0.148 

B2 0.865 0.101 0.926 0.141 0.865 0.101 0.943 0.112 0.856 0.148 

B3 0.999 0.105 0.836 0.108 0.845 0.106 0.704 0.167 0.762 0.140 

B4 0.791 0.105 0.751 0.146 0.777 0.104 0.725 0.116 0.747 0.133 

B5 0.888 0.119 0.705 0.105 0.919 0.129 0.907 0.124 0.932 0.138 

H1 0.973 0.134 0.907 0.115 0.848 0.119 0.809 0.135 0.809 0.109 

H2 0.999 0.107 0.923 0.189 0.934 0.174 0.973 0.178 0.954 0.139 

H3 0.950 0.101 0.903 0.130 0.905 0.128 0.905 0.182 0.895 0.155 

Mean 0.943 / 0.869 / 0.862 / 0.873 / 0.862 / 

Rank 1 3 5 2 5 

Datasets 
TIE IAMB PCMB HITON-MB MMMB 

ACC Std. ACC Std. ACC Std. ACC Std. ACC Std. 

G1 0.795 0.105 0.795 0.115 0.795 0.118 0.788 0.103 0.795 0.142 

G2 0.876 0.123 0.901 0.11 0.882 0.132 0.872 0.119 0.849 0.116 

G3 0.937 0.121 0.91 0.106 0.878 0.149 0.873 0.167 0.818 0.139 

G4 0.889 0.152 0.885 0.104 0.889 0.119 0.889 0.098 0.886 0.151 

B1 0.847 0.114 0.877 0.116 0.701 0.149 0.839 0.179 0.839 0.156 

B2 0.943 0.112 0.874 0.103 0.865 0.159 0.874 0.161 0.858 0.131 

B3 0.991 0.157 0.817 0.114 0.845 0.116 0.845 0.139 0.762 0.128 

B4 0.781 0.185 0.704 0.112 0.731 0.106 0.704 0.147 0.747 0.184 

B5 0.716 0.136 0.719 0.103 0.751 0.122 0.933 0.116 0.933 0.098 

H1 0.809 0.164 0.952 0.105 0.835 0.124 0.822 0.136 0.848 0.175 

H2 0.893 0.12 0.857 0.104 0.837 0.133 0.894 0.182 0.863 0.177 

H3 0.905 0.153 0.635 0.105 0.905 0.141 0.895 0.144 0.885 0.167 

Mean 0.865 / 0.827 / 0.826 / 0.852 / 0.840 / 

Rank 4 9 10 7 8 

2) Comparison of the size of selected feature subsets. The average number of features selected by the 
IGA algorithm is shown in Table 5 and Figure 5 shows the comparison of the number of features 
selected by the IGA algorithm with the MIMIC-FS algorithm, SRS algorithm, SGAI algorithm, Rs 
algorithm, TIE* algorithm, IAMB algorithm, PCMB algorithm, HITON-MB algorithm and MMMB 
algorithm, respectively. On most of the datasets, the number of features selected by the IGA algorithm 
is less than the other nine algorithms. Although on some datasets, the number of features selected by 
IGA algorithm is greater than the other algorithms.IGA maximizes the retention of the more salient 
features associated with the class. In terms of redundancy and separation performance of features, the 
IGA algorithm can remove redundant features more effectively, select features with stronger 
separation performance, further reduce the shrinkage space of features, and achieve the highest 
classiϐication performance with fewer features. 
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Table 5. The number of features selected by the IGA algorithm 

Datasets # of selected features Datasets # of selected features 

G1 2.72 B3 2.18 

G2 3.87 B4 2.36 

G3 2.93 B5 3.11 

G4 3.54 H1 4.28 

B1 7.17 H2 6.19 

B2 7.29 H3 8.47 

 

(a) IGA&MIMIC-FS    (b) IGA&SRS   (c) IGA&SGAI 

 

(d) IGA&RS    (e) IGA&TIE   (f) IGA&IAMB 

 

(g) IGA&PCMB   (h) IGA&HITON-MB   (i) IGA&MMMB 

Fig. 5. IGA algorithm compares number of features with nine algorithms 

6.2. Performance Analysis of Career Planning and Innovation and Entrepreneurship Models 

6.2.1. Model classiϐication forecast analysis. The division ratio of training set and test set in the 
student career planning and innovation and entrepreneurship dataset is 8:2, and the prediction test 
analysis of the student career planning and innovation and entrepreneurship education model based 
on SVM algorithm is carried out in the same hardware environment as that of the feature selection 
experiments, and the classiϐication results of the test are shown in Fig. 6, and the category labels C, P, 
and E denote the employment, further education, and entrepreneurship. Figure 6(b) shows the results 
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of the assessment of students' innovation and entrepreneurship ability, and the category labels H, M, 
and L represent students' high, medium, and low innovation and entrepreneurship ability, respectively. 
From the ϐigure, it can be seen that the model achieves 100% categorization prediction accuracy for 
the category of promotion (P) in career planning as well as the categories of medium (M) and low (L) 
in the assessment of innovation and entrepreneurship ability. Out of the total 50 sets of test 
classiϐication samples, 45 sets of samples were correctly classiϐied for the career planning test, with a 
model classiϐication prediction accuracy of 90%. There are 47 groups of correctly categorized samples 
for innovation and entrepreneurship ability assessment, and the classiϐication prediction accuracy is 
94%. Overall, the classiϐication prediction accuracy of students' career planning and innovation and 
entrepreneurship education model constructed based on SVM algorithm in this paper can reach 90% 
and above in both career planning and innovation and entrepreneurship ability assessment using 
students' data, and it shows good performance in the experiment. 

 

(a) Career planning     (b) Innovative entrepreneurial ability  

Fig. 6. Model classiϐication prediction results 

In order to verify the superiority of this paper's model, this paper's model is experimentally 
compared with three classiϐication prediction models, namely, DBO-SVM, SSA-SVM, and Random 
Forest (RF), and the results are shown in Figs. 7 and 8, where (a)-(d) represent the prediction results 
of this paper's model, DBO-SVM, SSA-SVM, and Random Forest model, respectively. It is obvious from 
the ϐigure that the classiϐication prediction effect of this paper's model is better than the other three 
classiϐication prediction models, both in terms of students' career planning and in terms of students' 
innovation and entrepreneurship ability assessment. It shows that the model constructed based on 
SVM algorithm in this paper is more suitable for students' career planning and innovation and 
entrepreneurship education scenarios. 

 



CONSTRUCTION OF BIG DATA-DRIVEN STUDENTS' CAREER PLANNING 1191 

 

(a) Ours        (b) DBO-SVM    

 

(c) SSA-SVM       (d) RF      

Fig. 7. The classiϐication prediction effect of different models in career planning 

 

(a) Ours        (b) DBO-SVM    

 

(c) SSA-SVM       (d) RF      

Fig. 8. Classiϐication prediction effect in innovative entrepreneurial ability 

6.2.2. Model performance analysis. Using accuracy (A), precision (P), recall (R) and F1 score as the 
evaluation indexes of model performance, the model in this paper is compared with DBO-SVM, SSA-
SVM and random forest model in the comparison experiments. The results are shown in Table 6 and 
Table 7. By analyzing the results in the tables, it can be seen that this paper's model has the highest 
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accuracy rate in career planning and innovation and entrepreneurship ability assessment, which are 
90% and 94% respectively, and it improves 16% and 32% compared to the SSA-SVM model with the 
next best performance. Meanwhile, the values of precision rate, recall rate and F1 score of this paper's 
model on the two types of tasks are all 1, indicating that this paper's model is able to maintain optimal 
model performance stability while ensuring high precision rate. Compared with the other three 
predictive classiϐication models, the performance of this paper's model is the most advanced in career 
planning and honest entrepreneurial ability assessment. 

Table 6. Model performance contrast(Career planning) 

Model Categories P R F1 A/% 

Ours 

C 1.00 1.00 1.00 

90.00 
P 0.98 0.92 0.96 

E 0.93 0.97 0.96 

Mean 0.97 0.96 0.97 

DBO-SVM 

C 0.75 0.77 0.73 

58.00 
P 0.62 0.58 0.61 

E 0.67 0.63 0.62 

Mean 0.68 0.66 0.65 

SSA-SVM 

C 0.78 0.74 0.76 

74.00 
P 0.67 0.69 0.66 

E 0.79 0.76 0.77 

Mean 0.75 0.73 0.73 

RF 

C 0.57 0.52 0.53 

54.00 
P 0.55 0.51 0.54 

E 0.56 0.52 0.55 

Mean 0.56 0.52 0.54 
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Table 7. Model performance contrast(Innovation and entrepreneurship assessment) 

Model Categories P R F1 A/% 

Ours 

H 1.00 1.00 1.00 

94.00 
M 0.99 0.98 0.98 

L 0.96 0.94 0.95 

Mean 0.98 0.97 0.98 

DBO-SVM 

H 0.71 0.64 0.67 

56.00 
M 0.54 0.58 0.56 

L 0.63 0.61 0.61 

Mean 0.63 0.61 0.61 

SSA-SVM 

H 0.73 0.76 0.74 

62.00 
M 0.53 0.57 0.52 

L 0.66 0.64 0.62 

Mean 0.64 0.66 0.63 

RF 

H 0.73 0.70 0.71 

60.00 
M 0.51 0.53 0.52 

L 0.61 0.63 0.61 

Mean 0.62 0.62 0.61 

6.3. Analysis of the effectiveness of educational pathways 

Based on the support vector machine algorithm, this paper constructs an educational model of 
students' career planning and innovation and entrepreneurship ability, and proposes an educational 
path of career planning and innovation and entrepreneurship ability combined with the support 
vector machine algorithm. In order to fully verify the effectiveness of the educational path of this paper, 
100 students were randomly selected in a university for a one-year educational experiment. According 
to the ratio of 1:1, the students were divided into experimental group and control group, and the 
experimental group used the educational path proposed in this paper to cultivate the students, while 
the control group used the traditional way of cultivating career planning and innovative 
entrepreneurial ability. Students' satisfaction scores on career planning and assessment scores on 
innovation and entrepreneurship abilities were measured before and after the educational experiment. 
Among them, the satisfaction score was scored by students independently through the form of 
questionnaire, and the innovation and entrepreneurship ability was obtained from the model of this 
paper. According to the assessment category of innovation and entrepreneurship ability, the low 
innovation and entrepreneurship ability is classiϐied to the score interval of [0,33], the medium ability 
to the interval of (33,67], and the high ability to the interval of (67,100], so that both the satisfaction 
score and the assessment score of innovation and entrepreneurship ability can be expressed in 
percentage. The results obtained from the experiment are shown in Fig. 9, with (a) and (b) denoting 
career planning and innovation and entrepreneurship ability assessment, respectively, and E and C 
denoting the experimental and control groups, respectively. It is obvious from the results that adopting 
the educational path proposed in this paper can signiϐicantly improve students' satisfaction with 
career planning and innovative entrepreneurial ability, in which the mean values of career planning 
satisfaction and innovative entrepreneurial ability scores of the experimental group students before 
the experiment are 48.71 and 31.33, respectively, and after the experiment are 83.24 and 84.82, 
respectively, which is an improvement of 70.89% and 170.73%. After the experiment, students' 
innovation and entrepreneurship ability increased from low grade to high grade, which fully proved 
the effectiveness of the educational path proposed in this paper. 
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(a) Career planning     (b) Innovation and entrepreneurship 

Fig. 9. Education path experiment results 

7. Conclusion 

This paper constructs the scientiϐic education path of students' career planning and innovation and 
entrepreneurship based on the branch vector machine algorithm, and analyzes the effectiveness of 
this paper's education path with the evaluation indexes of career planning satisfaction and innovation 
and entrepreneurship ability score. The results show that the average values of the experimental 
group's satisfaction with career planning and students' innovation and entrepreneurship ability 
before using this paper's educational path are 48.71 and 31.33, respectively, and after using this 
paper's educational path, the average values of the scores are increased by 70.89% and 170.73%, 
respectively, compared with those before the experiment. This result fully demonstrates that the 
educational path proposed in this paper has a signiϐicant positive effect on the rational planning of 
students' career and the enhancement of innovation and entrepreneurship ability. On the contrary, 
students in the control group, who used the traditional career planning and innovation and 
entrepreneurship training methods, did not have a signiϐicant increase in career planning satisfaction 
and innovation and entrepreneurship scores before and after the educational experiment, which 
further highlights that the educational path constructed in this paper is effective. 
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