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ABSTRACT 
With the development of big data and education informatization, education reform and talent 
cultivation mode are facing digital reform. In this paper, the important feature selection algorithm 
based on random forest is used to select the relevant features that affect the application effect of 
teachers' practice teaching cultivation and innovation mechanism, which lays the foundation for 
constructing the practice teaching data mining model based on LightGBM. Then the data processed by 
feature selection is preprocessed and standardized, and then the processed data is partitioned and the 
model is trained in turn to get the prediction results. The LightGBM-based practical teaching data 
mining model was compared with other classification models in different datasets, and the 
experimental results showed that the model in this paper has an advantage over other classification 
models in a number of evaluation indexes, with the highest accuracy rate of 13.07%, and the model 
data mining results accurately locate the open innovation experimental indexes that have a lower score 
of importance to students' development, and provide a good basis for the optimization of teaching 
paths and students' development. , which provides ideas for the optimization of teaching paths and 
the improvement of the impact of students' future development. 
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1. Introduction 

The rapid development of digital technology and the rise of the information society, the digitalization 
of education has become one of the trends in global education. With the increasing demand for 
education from students, parents and the society, traditional education methods have been difϐicult to 
meet people's needs. In the traditional form of education, students' monotonous classroom learning 
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and boring teaching methods are unable to stimulate students' interest in learning. At the same time, 
the solidiϐied education concept hinders the improvement of teachers' teaching level and professional 
development [1-3]. While digital education combines the digital classroom with the traditional 
classroom, changes the teachers' teaching philosophy, improves teachers' digital literacy, combines the 
students' needs and the operability of teaching, and can better promote the development and 
innovation of education [4-5]. 

Education is the mainstay of a hundred-year plan. Teachers are the foundation of education. 
Teachers are the ϐirst resource for the development of education and an important cornerstone for the 
wealth and strength of the country, the revitalization of the nation and the happiness of the people. 
The external law of education usually lies in the active adjustment of its own talent training methods 
and training paths, prompting education to actively participate in maintaining the prosperity of the 
regional economy, for the high-quality development of education, the key lies in the improvement of 
the quality of technical and skilled personnel training, and the core of improving the quality of 
personnel training is to improve the level of the teaching staff, that is, high-quality teaching staff is the 
ϐirst resource and the key force to promote the development of education quality. That is to say, high-
quality teaching force is the ϐirst resource and key force to promote the high-quality development of 
education [6-8]. Teacher team building is a soft factor that determines the quality of teaching and the 
improvement of the quality of technical skills training in schools. Teachers, as the main bearers of 
talent training in schools, are the center of education and teaching activities, and the overall level of 
the teacher team will directly constrain the development of students' knowledge and skills and 
vocational ability, which directly affects the quality of education [9-12]. Practice teaching is the key to 
improve the quality of education, and cultivating teachers' practice teaching ability is an important 
factor in practice teaching. Teachers' practical teaching cultivation, on the one hand, can improve 
students' learning interest and participation, and improve the effect and quality of teaching [13-14]. 
On the other hand, it can enhance teachers' professionalism and educational concepts, improve the 
quality of education and teaching, and at the same time promote teachers' professional development 
and innovation, and promote the long-term development of education [15-16]. Innovating education 
and teaching methods, strengthening practical teaching links, and forming new advantages in talent 
cultivation are the guiding guidelines for improving practical teaching [17]. In the context of digital 
education, it is important to explore the innovative mechanism of teachers' practical teaching 
cultivation and optimize its path to contribute to the realization of high-quality education. 

This paper proposes an important feature selection algorithm based on random forest and a data 
mining model based on LightGBM. The important feature selection algorithm based on Random Forest 
carries out feature selection for the application effect of practical teaching cultivation innovation 
mechanism by comparing the contribution degree between each feature. The LightGBM algorithm in 
the data mining model of teachers' practice teaching cultivation innovation mechanism adopts the 
gradient-based unilateral sampling algorithm and the mutually exclusive feature bundling algorithm, 
which signiϐicantly improves the speed of teaching practice data mining. The gradient-based one-sided 
sampling algorithm selects sample points with larger gradients to improve the contribution of 
information gain. The mutually exclusive feature bundling algorithm, on the other hand, further 
improves the running speed of the multidimensional data mining model in the teaching practice data 
mining task by dimensionality reduction of effective features. The usability of the algorithms in this 
paper for teaching practice data mining and teaching path optimization is veriϐied through 
comparative experiments and practical tests. 
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2. Practice teaching multidimensional data analysis methods 

2.1. Algorithm for selecting important features of student behavior 

2.1.1. Random Forests. Random Forest (RF) [18], which is sampling according to a randomized 
method, is able to build a decision forest that satisϐies the demand, and inside this forest are multiple 
decision trees. Therefore Random Forest is an integrated classiϐication algorithm consisting of several 
decision trees, which is based on the decision tree algorithm, and its core is how to use the idea of 
randomization to build the multiple decision trees of Random Forest. Each decision tree produces a 
prediction result, and as many decision trees as there are in the forest can produce as many results. By 
integrating each decision tree, taking the strengths and weaknesses and deciding on the ϐinal 
prediction output, it can avoid limitations and have a better generalization ability, so usually the 
random forest is better than the prediction made by the single classiϐication model. 

Among the integrated algorithms, Random Forest is not a complicated algorithmic idea, and it is a 
more common method in dealing with binary classiϐication, multiple classiϐication and regression 
tasks. And because each decision tree is independent of the parallel operation, which can save time 
and computational overhead, is called “integrated learning technology level of representative 
methods”. Of course, Random Forest has its shortcomings, Random Forest does not continuously 
output the results, and if the data is out of the range of the training set, it becomes difϐicult to predict, 
so it may lead to overϐitting, but the problem of overϐitting will not be further investigated in this paper. 
On the other hand, Random Forests have no control over their internal structure of operation, so there 
is no way to intervene in the process, and if multiple similar decision trees are generated, then the true 
results are likely to be masked. 

2.1.2. Random Forest based algorithm for important feature selection. The idea of random forest 
algorithm used for feature selection is the degree of contribution of each behavioral feature in each 
tree in the random forest, and feature selection is carried out by comparing the size of the contribution 
between features, and the degree of contribution of the features needs to be measured by the feature 
selection evaluation criteria (feature evaluation function). The calculation method of feature 
importance score for feature selection of random forest algorithm is mainly through the out-of-bag 
data error rate and Gini index, which is usually selected according to the data distribution 
characteristics and the type of data, and the Gini index is unbiased as the evaluation of the feature 
importance when the variables are continuous type and uncorrelated with each other. It has been 
proved that the accuracy of the Gini index evaluation criterion is higher than that of the out-of-bag 
data error rate when the signal-to-noise of the data is regardless of low and high, and the Gini index 
evaluation criterion has higher stability. While the utilization of out-of-bag data error rate as the 
evaluation criterion is more widely applied, the accuracy of out-of-bag data error rate is prone to be 
affected to some extent when the categorical data are unbalanced. In summary, comparing the 
applicability and stability of the above two, it is relatively better to choose the Gini index, therefore, 
this paper chooses the Gini index as a measure of the effect of feature segmentation. 

The advantages of using the important feature selection algorithm based on the random forest 
algorithm are: ϐirst, the random forest algorithm uses the BAGGING integration framework to combine 
multiple decision trees, which is conducive to improving the model generalization ability compared 
with the single decision tree algorithm. Second, compared with the boosting integration framework, 
the random forest algorithm represented by the bagging integration framework is implemented using 
parallelization, and each base learner training obtained is independent of each other and is highly 
efϐicient; third, the random forest can better deal with high-dimensional datasets, is not prone to 
overϐitting phenomena, and has a greater tolerance for classiϐication imbalance in the data samples. 
Next, the evaluation function of the important feature selection algorithm based on random forest is 
introduced, i.e., the Gini index evaluation function. 
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Now the importance score of the feature is denoted by VIM and the Gini value is denoted by G. 
Assuming that there are m features 1 2 3, , , mx x x x , now the average change in the split impurity of all 

the decision tree nodes in the random forest is calculated for each feature ix , i.e., the i rd Gini index 

score ( )Gini
jVIM . Then the Gini index can be expressed as: 

 
| | | |
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 

     (1) 

where K denotes K categories and akp  denotes the proportion of categories being k  in node m . 

Secondly, the importance of feature ix  in node m  is: 

 ( )Gini
jm m l rVIM G G G    (2) 

where, 1G  and rG  denote the Gini indices of the two new nodes after branching, respectively. 

If, the nodes where feature ix  appears in decision tree  j  are set M, then the importance of ix  in 
the  j th tree is: 
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Assuming that there are n trees in the random forest, the Gini importance of feature ix   in the 
random forest can be expressed as: 
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Finally, the calculated importance scores were obtained by processing them in a normalized manner: 
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In summary the importance of each feature can be calculated and each feature can be ranked. 

2.2. LightGBM-based Data Mining for Practical Teaching and Learning 

In the task of multidimensional data mining of teachers' practice teaching cultivation and innovation 
mechanism, the important feature selection algorithm based on random forest can be applied to select 
the important features in the data, and then combined with the LightGBM model to carry out efϐicient 
large-scale multidimensional data mining, in order to more efϐiciently and comprehensively realize the 
multidimensional data mining of the teachers' practice teaching cultivation and innovation mechanism, 
and establish a reasonable data support to explore the optimized paths of the practice teaching 
cultivation and innovation mechanism. Optimization path to establish reasonable data support. 

2.2.1. LightGBM Principles. Before introducing the LightGBM [19] (Light Gradient Boosting Decision 
Tree) algorithm, the framework of Boosting algorithm is introduced, which boosts weak learners into 
strong classiϐiers. Traditional algorithms for Boosting include GBDT [20] and XGBoost, which have 
been researched in various ϐields. 

GBDT is an integrated learning framework, i.e., using the boosted decision tree as the base and the 
previous generation residuals as the gradient, it continuously trains new decision trees and 
accumulates them as the ϐinal strong learner model. Compared with a single decision tree, GBDT has 
stronger nonlinear ϐitting ability and prediction accuracy. In the regression problem let the training 
set be {( , )} 1n

i ix y i   , where ix   is the i  rd input feature and iy   is the target value. At the m  th 
iteration step, the predicted value ( )y i m  of the model can be expressed as: 
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where: (0)iy  is the initial predicted value, usually taken as the mean of all target values; k  is the 

learning rate in step k ; ( )k ih x  is the decision tree ϐitted in step k . 

The decision tree ( )k ih x  can be expressed as: 
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( ) , ( )
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j

h x c j x R


   (7) 

where: kj  the number of leaf nodes of the decision tree in step k ; kc  is the predicted value of the 

decision tree in step k  at leaf node i ; ,k jR  the feature region corresponding to the leaf nodes of the 

decision tree in step k . 
Extreme Gradient Boosting Algorithm, also known as XGBoost algorithm, is one of the inherited 

algorithms of boosting algorithm. In contrast to GDBT, XGBoost chooses to use the ϐirst-order 
derivative together with the second-order derivative, and the regular term in the objective function 
selects the complexity of the tree model, thus reducing the overϐitting situation. 

The objective function of the algorithm is assumed to be: 

 ˆ( ) ( , ) ( )i i k
i k

L l y y f      (8) 

where 2( ) || || /2f T w    , ( )L   are loss functions, usually convex, that measure the difference 
between the predicted value iy  and the true value iy ; and ( )f   is a regularization function that 
reduces model complexity and mitigates overϐitting. The optimization objective is to minimize the 
objective function. 

The loss function is obtained by performing a second order Taylor expansion at ˆ ( )ly t : 
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In the above equation, ig  is the ϐirst order derivative and ih  is the second order derivative. 

Deϐinition { | ( ) }j iI i q x j   is the set of samples on leaf node j , then: 
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When the tree structure q  is known and the leaf node weights jw  of the above equation have a 

closed-form solution, the objective function: 
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But the disadvantage of Boosting algorithm is that all the samples have to be scanned for points to 
select the best segmentation point for each training, which leads to time-consuming training. And 
LightGBM algorithm further improves on the drawbacks of GBDT. 

Light gradient boosting, also known as LightGBM, is an improved open source algorithm with the 
same properties as Xgboost, although both belong to the gradient boosting tree, but usually runs faster, 
takes up less content, and solves the efϐiciency problem in the environment of large samples and high 
latitude data. The gradient-based one-sided sampling algorithm and the mutually exclusive feature 
bundling algorithm will be used in LightGBM. 

The gradient-based one-sided sampling algorithm will select the sample points with larger gradient 
to contribute more information gain when calculating the information gain. Therefore, when down-
sampling the samples, the sample points with large gradients are retained, while the sample points 
with small gradients are sampled proportionally and randomly as a way to improve the efϐiciency. And 
the main idea of the mutually exclusive feature bundling algorithm is to reduce the number of effective 
features in order to achieve the purpose of improving efϐiciency by reducing the feature dimension. 

LightGBM mainly has the following three important features: 

1) Leaf-wise leaf growth strategy with depth restriction. LightGBM measures the use of leaf-wise 
strategy to grow the tree, it will select the node with the largest classiϐication gain from all the leaves 
for splitting, and repeatedly perform the cycle and set the maximum depth, so as to avoid the 
appearance of overϐitting. 

2) Directly support feature category features. The LightGBM algorithm directly supports category 
features, which many machine learning algorithms cannot directly support. LightGBM is optimized for 
the support of the category, so that it can be directly input, without further conversion into a multi-
dimensional one-hot coding form, which saves time and reduces space. 

3) Support for efϐicient parallelism. LightGBM has the feature of supporting feature parallelism as well 
as data parallelism. Feature parallelism means that different machines search for the optimal 
segmentation points in different feature sets and synchronize the optimal segmentation points on 
different machines. Data parallelism means that different machines construct local histograms, merge 
them globally, and ϐind the optimal segmentation points on the ϐinal merged histogram. 

2.2.2. Classiϐier construction based on LightGBM. LightGBM is a further improvement of GBDT 
algorithm and XGBoost algorithm, which not only improves the training speed, but also enhances the 
prediction ability of the model. Combined with the above theory, this chapter proposes a 
multidimensional data mining model based on LightGBM, and in order to improve the classiϐication 
performance, the model parameters are optimized by grid search algorithm and veriϐied with 
experiments. 

After the selection of important features according to Chapter 2, it is necessary to pre-process the 
data, according to the visualization analysis, it is found that there is a huge difference between the 
features, and these data will directly affect the analysis of the results of the ϐinal model if they are not 
processed appropriately. In order to improve the quality of the data, make the data more suitable for 
mining, display and analysis, so as to avoid affecting the analysis of the results of the multidimensional 
data mining of teachers' practical teaching cultivation and innovation mechanism, it is imperative to 
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use data preprocessing technology. The next major step is to standardize the dataset after feature 
selection. 

Data standardization is to scale the data proportionally, due to the different features take the value 
of the range of values there are often differences, which will affect the generalization ability of the 
model, which will affect the results of data analysis. In order to eliminate the impact of differences in 
the range of values between features, it is necessary to standardize the features to regulate the 
inconsistency of the range of data eigenvalues, so this study standardizes the eigenvalues so that they 
fall into a speciϐic region, which facilitates comprehensive analysis. There are two common methods 
for data standardization: min-max standardization and z-score standardization. 

1) min-max standardization (maximum-minimum method) is a linear transformation of the original 
data so that the results fall into the [0, 1] interval, which is applicable to the case where the data are 
distributed in a range. 

 * min

max min

x
x





 (13) 

where max is the minimum value of the sample and min is the maximum value of the sample. 
2) z-score standardization, also known as standard deviation standardization, is to scale the data in 

accordance with a certain proportion, so that the results fall into a speciϐic interval, after the method 
of data processing in line with the normal distribution. 

 * x
x





  (14) 

where   denotes the mean and   denotes the variance. 
The z-score standardization method is suitable for the case where the maximum and minimum 

values of a feature are unknown or the case of outlier data beyond the range of feature values. 
According to the principle of z-score standardization method and the use of the scenario, it ϐits with 
the data of this study, for which this method is used to standardize the data. 

The modeling process of the multidimensional data mining model of teachers' practice teaching 
cultivation innovation mechanism based on LightGBM algorithm is as follows: 

(1) Data preprocessing: data preprocessing is performed on the data generated in the innovation 
mechanism of teachers' practical teaching cultivation. 

(2) Model training: the LightGBM model is initialized, and the preprocessed data are randomly 
partitioned into a training set and a test set, and the training set is the input to the algorithm in the 
process of constructing the LightGBM model. The histogram No. method is used to ϐind the optimal 
segmentation point of the features, and the Leaf-wise leaf growth strategy with depth restriction is 
applied to generate CART regression trees, the residuals of each regression tree are obtained, and the 
residuals of the previous round are used as inputs for the next regression tree, and the training is 
continuous. 

(3) Model prediction results: all the training to get the ϐinal prediction model, the test set as the 
input of the model, output the prediction results and evaluate the model. 

The model is instantiated according to the modeling process and the default parameters of 
LightGBM used in the modeling, personalized tuning for different datasets to determine the values, 
training and prediction of the model, and ϐinally the prediction results. 

3. Performance simulation experiments of the model 

3.1. Performance evaluation 

The selection and use of appropriate evaluation metrics play an important role in understanding the 
performance of the model, comparing different models, and optimizing the model. In order to ensure 
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the accuracy and practicality of this model, this study chooses the mean square error (MSE), ROC, & 
AUC for the evaluation and analysis of the model. 

The mean square error MSE is mainly used to evaluate the deviation between the observed value 
and the actual value, iy  is the actual score, n  indicates the number of predicted students, the closer 
the MSE is to 0 indicates the higher the accuracy of prediction and the better the performance of the 
model. 

ROC is an important evaluation metric in model evaluation, which can intuitively reϐlect the 
performance of the classiϐier.The metrics of the ROC curve contain two main ones: true rate (TPR) and 
false positive rate (FPR). The formula of ROC curve mainly includes the following steps, ϐirstly, a 
threshold needs to be deϐined for reϐlecting the accuracy of the prediction results; the true rate (TPR) 
and false positive rate (FPR) are calculated, in which TP denotes a true case, FN denotes a false negative 
case, FP denotes a false positive case, and TN denotes a true negative case; the horizontal axis is the 
false positive rate, and the vertical axis is the TPR, which is plotted as the ROC curve. 

AUC is an important index to reϐlect the performance of classiϐication model, which is usually used 
for binary classiϐication problems.The main idea of AUC function is to measure the classiϐication 
performance of the model by the area under the ROC curve. 

 ' 2

1

)
1

(
i

i i
i

MSE y y
n 

   (15) 

 / ( )TPR TP TP FN   (16) 

 / ( )FPR FP FP TN   (17) 

 ( _{ } _{( )})AUC P p tpr P fpr   (18) 

In terms of model validation and evaluation, a class in the School of Software at the University of G 
was used for validation and analysis, the training process of the model is shown in Fig. 1, the mean 
square error (MSE) of each round was calculated, the closer the MSE is to 0, indicating that the model's 
performance is better, and when 12 rounds of the process have been trained, the training error in the 
2nd round is the smallest, and the validation performance is the best, MSE can only be used as one of 
the evaluation bases. The ROC graph of the model is shown in Fig. 2, the AUC is about 0.72, and the 
overall ROC curve is biased towards the y-axis, which indicates that the efϐiciency of the model is better 
and has research signiϐicance. 

 

Fig. 1. Training performance 
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Fig. 2. Roc chart 

3.2. Model Error Evaluation 

Figure 3 shows the iterative process of this paper's model, it can be seen that when the algorithm is 
iterated to 40 times, the ϐitness value reaches about 0.118, which tends to be stable, indicating that 
this algorithm converges better. This paper chooses the feature selection algorithm based on random 
forest, the accuracy of the algorithm and the relationship between the number of features is shown in 
Figure 4, from the ϐigure it can be seen that when the number of features is 5, the accuracy of this 
paper's algorithm can reach a better level, close to 95%, which illustrates that this paper based on the 
effectiveness of the feature selection algorithm based on the random forest, and lays the foundation 
for the construction of the subsequent student behavior and prediction model. 

 

Fig. 3. Algorithm iterative process 
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Fig. 4. Feature selection algorithm validation results 

3.3. Comparative analysis of models 

In order to elucidate the performance of the models implemented under different prediction 
algorithms in a more detailed and intuitive way, the evaluation indexes were compared at each level of 
algorithm reϐinement in the experiments, i.e., the performance of this paper's algorithm and the 
algorithms such as LSTM, LFFA-LSSVM, and MoE-LSTM were evaluated from four aspects, namely, the 
accuracy, precision, the average recall, and the F1 value, respectively, and the performances of each 
algorithm on the same test set is shown in Table 1. 

Deepforest model is compared from the accuracy, precision, average recall and F1 evaluation 
indexes, and the corresponding curve diagram is drawn according to the model performance 
evaluation data. From the performance comparison, it can be seen that the model in this paper has the 
optimal performance in the four metrics of accuracy, precision, average recall and F1, and compared 
with the remaining six algorithms that perform better, LFFA-LSSVM, MoE-LSTM and Deepforest 
improve the accuracy by 13.07%, 12.17%, 9.73%, and the precision by 12.40%, 10.64%, and 8.16%, 
optimized 13.10%, 12.24%, and 10.87% in average recall, and improved 12.26%, 10.67%, and 9.67% 
in F1 value, respectively. Therefore, the model constructed in this paper is better than several other 
algorithms in terms of structure and performance, which is good feasibility and necessity for the 
application of the algorithm in the cultivation of innovative mechanisms in practical teaching. 

Table 1. Model performance comparison 

Algorithm model Accuracy rate Precision rate Average recall rate F1 

LSSVM 0.7717 0.7919 0.7736 0.7827 

FA-LSSVM 0.7828 0.8052 0.7784 0.7889 

LFFA-LSSVM 0.8256 0.8396 0.825 0.8351 

LSTM 0.8037 0.8172 0.8125 0.8155 

MoE-LSTM 0.8346 0.8572 0.8357 0.851 

Deepforest 0.859 0.882 0.8494 0.861 

This model 0.9563 0.9636 0.9581 0.9577 

4. Data analysis of innovative management of teachers' practice teaching 

There are 49 features in the dataset under the innovative mechanism of teachers' practice teaching 
cultivation in University of G. Among them, 42 belong to the extracurricular cultivation program 
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outcome credits in the extracurricular practice teaching content of University of G. The other 7 are 
students' gender, ethnicity, age, class, place of origin, intracurricular grade point and the presence of 
failing classes. Due to the limitation of the discipline specialization ϐield of the School of Software, many 
students of the School of Software do not participate in the extracurricular practice program courses, 
so after excluding the programs in which no student participates, the remaining data containing 
student credits are the 42 extracurricular cultivation program achievement characteristics in the data 
set. Among them, there are 5 features in the large category, 15 features in the medium category, and 
22 features in the small category. 

4.1. Experiments and analysis of different characteristics 

Experiment 1 was conducted using a dataset consisting of extracurricular cultivation program 
outcome broad category features. The dataset features consisted of ϐive extracurricular cultivation 
program outcome broad category features and seven other basic information for a total of 12 features. 
Repeating the experiment ten times, the average classiϐication accuracy was 61.8%, and the average 
importance score of each feature is shown in Figure 5. 

In Experiment 1, the scores of scientiϐic research practice activities and grade examination are also 
higher, while the other three extracurricular practice social practice activities, campus cultural 
activities and professional development are lower, indicating that conducting scientiϐic research and 
grade examination is more important to students than other extracurricular activities for their 
development, so teachers should focus on developing and cultivating students' scientiϐic research and 
innovation ability to enhance their competitiveness in the grade examination. 

 

Fig. 5. Experiment one 

Experiment 2 was conducted using a dataset consisting of extracurricular cultivation program 
outcomes in-class features. The dataset features consisted of 15 extracurricular cultivation program 
outcomes in-class features and 7 other basic information for a total of 22 features. Repeating the 
experiment ten times, the average classiϐication accuracy is 59.78%, and the average importance score 
of each feature is shown in Figure 6. 

Numbers 1-23 represent vacation social practice, scientiϐic research papers, patent achievements, 
software achievements, innovative practice, independent scientiϐic research practice, non-professional 
foreign language proϐiciency exam, professional foreign language proϐiciency exam, professional 
computer grade exam, Chinese language proϐiciency exam, cultural and sports competitions, cultural 
and sports activities, academic activities, book report or after-reading, minor in the second degree, 
gender, ethnicity, age, class, place of origin, in-class GPA, failure or not, average, and other 
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characteristic words and phrases. 
Among the mid-category features included in the Research and Practice Activity category, 

Innovation and Practice has an absolute advantage. Among the medium-class features included in the 
large category of level examination, non-professional foreign language level examination has absolute 
advantages. The advantages of these two features need to be analyzed in conjunction with Experiment 
3 to analyze their reasons. 

 

Fig. 6. Experiment two 

Experiment 3 Experiment using a dataset consisting of extracurricular incubator program outcome 
subcategory features. The dataset features consisted of 22 extracurricular cultivation program 
outcome subcategory features and 7 other basic information for a total of 29 features. Repeating the 
experiment ten times, the average classiϐication accuracy was 58.96%, and the average importance 
score of each feature is shown in Figure 7. 

The numbers 1-30 in Experiment 3, Experiment 4, and Experiment 5 all represent advanced 
individuals, academic papers, invention patents, utility model patents, software copyrights, innovation 
and entrepreneurship training for college students, disciplinary competitions, open innovation 
experiments, elective experiments, scientiϐic research training, university foreign language level exams, 
TOEFL, IELTS, GRE, Japanese language professional exams, national computer software proϐiciency 
exams, Putonghua exams, sports and literary competition, cultural and sports activities, academic 
activities, book report or after-reading, minor in second major or second degree, gender, ethnicity, age, 
class, place of origin, in-class grade point, any failure, average, and other characteristic entries. 

Innovation practice contains four subcategories of characteristics, the highest importance is 
discipline competition, the lowest importance is open innovation experiment, which indicates that the 
degree of student participation in discipline competition has a great impact on the future development 
of students, while open innovation experiment has a more limited impact on students who have 
participated in this activity. Therefore, it can be said that the teaching of open innovation experiment 
needs to further improve the teaching content to improve the impact on students. Teachers can 
optimize the cultivation mechanism by starting from students' open innovation experiment teaching 
link. 
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Fig. 7. Experiment three 

4.2. Experiments and analysis of different labels 

Experiment 4 uses a dichotomous sample set of students with conϐirmed and undecided destinations 
at graduation, which consists of 29 features and two types of classiϐication labels, “conϐirmed 
destination” and “undecided destination”. Repeating the experiment ten times, the average 
classiϐication accuracy was 69.55%, and the average importance score of each feature is shown in 
Figure 8. 

In Experiment 4, the sample set of “whether to determine the destination at the time of graduation” 
is studied, and the average value of feature scores is also used as the standard line, and the features 
located on the standard line are software copyright, college student innovation and entrepreneurship 
training, disciplinary competitions, open innovation experiments, optional experiments, university 
foreign language level exams, the origin of the students, and the performance point of the grades of 
the class. Among them, the place of origin is a condition that students cannot change, but the remaining 
several high-scoring features indicate that students' efforts to participate in these programs to 
improve themselves will be very helpful to their future development. Any of the extracurricular 
formation program outcome characteristics below the standard line that score below 20 can be 
considered to have little impact on student development, and faculty may appropriately advise 
students to consider reducing participation in these programs as appropriate. 
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Fig. 8. Experiment four 

Experiment 5 uses a dichotomous sample set of students who are pursuing higher education or 
employment, which consists of 29 features and two types of classiϐication labels, “higher education” 
and “employment”. Repeating the experiment ten times, the average classiϐication accuracy is 80.18%, 
and the average importance score of each feature is shown in Figure 9. 

In Experiment 5, it can be seen that the distribution of feature scores is very different from the 
previous four experiments. The ϐirst rank is no longer the in-class grade point, but the subject 
competition, which indicates that the subject competition does achieve the role of efϐiciently selecting 
different types of students, and it is hypothesized that the students who get high scores in the subject 
competition are more inclined to choose to go to higher education. The third rank is the university 
foreign language level examination, which indicates that the English four or six level examination does 
have a greater impact on the tendency of further education and employment. 

For the practical teaching construction of University of G, discipline competitions are very effective 
in cultivating the ability of students in the School of Software, which highly promotes the development 
of students' further education. College students' innovation and entrepreneurship training and 
optional experiments have also made a signiϐicant effect on further education and employment. 
However, although the open innovation experiment has also played a positive role in promoting the 
development of students, but to a limited extent, teachers need to improve the content of this teaching 
link, so as to have a stronger impact on the future development of students. 
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Fig. 9. Experiment ϐive 

5. Optimization of Teachers' Practical Teaching Cultivation and Innovation 
Mechanisms 

5.1. Innovative open and innovative experimental course model 

Teachers should actively innovate the experimental mode of open innovation experiments to deal with 
the problem of single experimental mode. First of all, teachers need to have the courage to break the 
shackles of traditional teaching, jump out of the established experimental framework as well as the 
process system, and carry out innovative design. The teaching of textbook experiments is essential, 
but new experimental modes can be adopted, and the content of learning can also be expanded. 
Secondly, the experimental platform should be innovative. Do not conϐine students to the laboratory, 
according to the speciϐic course content, the scene of the experimental course can be moved to the 
outdoors, so that students can carry out independent exploration and operation. It is also possible to 
set up a higher degree of freedom to explore the subject, so that students can ϐind information, collect 
experimental materials, conduct experimental operations and form an experimental report, so as to 
carry out independent exploration and enhance their innovation ability and disciplinary core literacy. 

5.2. Strengthening innovative practice through projects and competitions 

The sparrow may be small, but all its organs are complete. Although the student innovation project is 
small, the school should focus on the project research as a carrier, so that students receive more 
systematic training, experience the complete process of project research. Through the standardized 
management of the school, students should not only carry out the principle program design, 
experimental implementation, data processing and analysis, specimen and prototype production and 
other speciϐic project research work, but also in the project declaration, opening, mid-term inspection, 
closing and other aspects of the project to collect information, write the relevant reporting materials, 
participate in the defense. There are also conducting research, purchasing experimental supplies, 
reimbursement of funds and so on, each of which is a kind of practical ability training and experience 
accumulation for students. 
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5.3. Continuously optimize the practice teaching cultivation and innovation system 

Talent cultivation program is the soul of teaching work, the university should always focus on the goal 
of talent cultivation, to improve the quality of training for the purpose of advancing with the times, in 
the talent cultivation program constantly highlighting and strengthening the cultivation of innovative 
ability of students, and the implementation of this into the various aspects of teaching. The university 
constantly improves the experimental teaching system, and specially supports the experimental 
teaching reform in the biennial education reform project, focusing on the updating and renovation of 
the experimental projects in the courses in the undergraduate training program, as well as the addition 
of innovative experimental projects open to undergraduates, and the transformation of scientiϐic 
research results and equipment into teaching experiments. The hierarchical experimental teaching 
system enables students to gradually improve their knowledge and ability through progressive 
experiments, from theoretical veriϐication and deepening understanding, to comprehensive design 
and integration of knowledge, and then to innovative practice. 

6. Conclusion 

In this paper, the feature selection algorithm based on random forest and the data mining model based 
on LightGBM are designed and applied to the multidimensional data mining of teachers' practice 
teaching cultivation and innovation mechanism to explore the optimization path of practice teaching 
cultivation and innovation mechanism. 

The feature selection method based on random forest can have a high level of accuracy with a low 
number of features, which demonstrates the effectiveness of the feature selection method in screening 
features in this paper, and can signiϐicantly improve the prediction accuracy of the data mining model 
based on LightGBM in the multidimensional data computing task. 

In the multidimensional data mining task of fostering innovative mechanisms in teachers' practical 
teaching, the model in this paper can quickly process multidimensional features, help teachers analyze 
the problems and phenomena in practical teaching, discover the positive driving effect of open 
innovation experiments on students' development in higher education, and also discover the 
limitations of open innovation experiments, prompting teachers to improve the content of that 
teaching and further promote teaching and learning. Innovation. 

The results of data mining in this paper have explored the optimization path of teachers' practical 
teaching cultivation and innovation mechanism, which can be further optimized from the aspects of 
innovative curriculum mode, strengthening the practice of competition projects, optimizing the 
practical teaching cultivation and innovation system, and so on. 
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