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ABSTRACT 

MOOC as a new teaching mode is developing in full swing, however, MOOC courses face the thorny 

problems of  high dropout rate and low completion rate. Therefore, this paper selects 12 learning behaviors 

and uses logistic regression model, decision tree and other methods to predict the withdrawal behavior 

according to the MOOC data on 365 University platform. The logistic regression prediction is analyzed 

for prediction accuracy, and its AUC value is 0.83 and 0.75, which proves that the logistic regression 

analysis can achieve the prediction of  MOOC withdrawal behavior more stably and accurately, and helps 

to provide scientific guidelines for improving MOOC learning mode and learning efficiency. From the case 

study, it is obtained that among all the learning behaviors, the weight of  online rate is 0.7582, which has 

the highest weight, indicating that the online rate of  college students is an important index for judging 

whether they will produce withdrawal behaviors, which deserves the attention of  MOOC platforms and 

educators. 

Keywords: logistic regression analysis, decision tree, MOOC, learning behavior 

 

1. Introduction 

The rapid development of  network technology has made online learning a convenient, flexible and popular 

way of  education. And Massive Open Online Course (MOOC) is one of  the forms, which provides high-

quality educational resources for the majority of  students free of  charge through the Internet [1-4]. 

Compared with traditional teaching forms, MOOC platform contains students' behavioral data, including 

learning records, homework completion, forum discussions, online quizzes, etc., which is characterized by 

diversity, complexity, and real-time, which makes it possible to analyze and predict learning behaviors based 

on MOOC data [5-8]. 

By counting the study time and frequency of  MOOC learners, it is possible to understand students' 

study habits and preferences. In addition, the learning frequency is also an important indicator to reflect 
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students' learning attitude. By analyzing these data, educators can develop teaching plans that better meet 

students' needs [9-11]. In addition, by analyzing the learning path of  MOOC data, students' learning 

preferences and habits in different course stages can be understood. Data analysis methods such as 

clustering algorithms can also be used to find out the learning patterns of  different types of  students and 

provide support for personalized teaching. Learning achievement is also an important indicator to measure 

the learning effect of  students [12-15]. Through the correlation analysis of  MOOC data, we can find out 

the key factors affecting students' learning performance, which can help educators develop more effective 

teaching strategies and improve students' academic performance [16-18]. 

Literature [19] proposes a time-controlled long- and short-term memory neural network prediction 

model containing a time-control unit, which can be used to analyze online learning behaviors in different 

periods. The effectiveness of  the model was demonstrated through experiments on real MOOC datasets, 

and its accuracy was high compared to other models. Literature [20] cited datasets of  online courses on 

edX platform from two universities and tried to explain the relationship between learning inputs and 

outcomes by applying statistical and machine learning techniques, and the results pointed out that among 

the successful and unsuccessful groups of  learners, the successful learners read more of  the course material. 

Literature [21] introduced big data analytics techniques based on learning portfolios in order to explore 

aspects such as communication between students on MOOC and social media platforms and to realize the 

transformative effect of  using big data analytics on student behavior. Literature [22] based on the analysis 

of  MOOC course learning data and feedback learning behavior data, identified assessment dimensions of  

learning behaviors such as persistence and reflection based on the results of  the analysis, and created an 

evaluation model for the MOOC platform to lay the foundation for the development of  evaluation and 

analysis tools. Literature [23] developed a unified model to predict the learning efficiency of  students' 

MOOC courses, combining user demographics, forum activities, and learning behaviors for the study, and 

the results verified that the model was not only effective, but also showed flexibility and was applicable to 

various settings. Literature [24] analyzed the online learning behaviors of  MOOC students, compared 

methods such as multiple linear regression, and constructed a learning performance evaluation model. 

Based on the literature review and other methods, a learning behavior indicator framework was created, 

and three algorithms, MLR, MLP and CART, were used to evaluate students' learning performance. The 

results show that the indicator framework can effectively analyze students' learning status, while the three 

algorithms can predict students' learning performance, which is conducive to teachers' development of  

targeted learning interventions to improve teaching effectiveness. 

Literature [25] describes a teaching decision support system with evaluation function and introduces a 

decision tree data mining algorithm to build a decision tree model in the sub-system of  pre-assessment of  

students' performance analysis. The decision tree algorithm is used in the MOOC teaching evaluation 

management system and found that the data mining technology is theoretically and technically practical 

in the construction of  digital campus. Literature [26] combines online learning data with offline exam 

results to discuss the causal relationship between students' online learning behaviors and effects. Based on 

the data analysis process of  students in different classes, the clustering and correlation analysis of  MOOC 

data is realized, and based on the comprehensive analysis results of  various indicators such as the clustering 

results, suggestions are made for the teaching practice of  each class with respect to its characteristics. 

Literature [27] proposed a quantitative index of  behavioral change trend of  entropy based on students' 

learning data of  different MOOC courses, and examined the relationship between behavioral change and 

performance. The results pointed out that there is a certain correlation between entropy and corresponding 

behaviors, which can effectively characterize the trend of  behavior change. And a benchmark model was 

used in order to predict academic performance. The results emphasized the good predictive performance 

of  the model with feature selection. Literature [28] is based on analyzing data related to students' learning 

behaviors with the aim of  predicting their performance and implementing interventions and improving 

MOOC completion rates. The application of  a statistical model to predict behavioral data from OpenEdu 

and the validity of  the model was demonstrated through a cross-experiment on actual course data, 
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emphasizing that monitoring the students' learning process is effect. Literature [29] investigates the 

learning behavior of  MOOC and identifies its problems. Student behavior in the course was analyzed based 

on questionnaire data, daily activity data, and educational data mining techniques. The results showed that 

students were able to be grouped according to their learning styles and that they were able to predict their 

learning styles and the outcome of  passing the MOOC. Literature [30] studied students' learning behavior 

in a MOOC. Process mining techniques were used to obtain process models of  1550 students and 

categorize the students, and it was found that differences occurred in the way students interacted with the 

MOOC resources and studied the course, and the research results were beneficial in recognizing student 

behavior in the online environment. 

The online learning environment provides college students with MOOC learning methods, and the 

article analyzes the problems of  boring content, untimely interactive feedback and low completion rate in 

MOOC courses. Based on the learning behavior data in a MOOC, 12 learning behaviors were selected for 

logistic regression analysis. In order to test the prediction performance of  the logistic regression model 

for MOOC withdrawal, the prediction accuracy evaluation is performed using the indicators of  accuracy, 

check accuracy, check completeness, F1 and AUC to test the performance of  the prediction of  the logistic 

regression method. In the case study, Spearman's correlation coefficient is used as the basis for grouping 

to detect abnormal data, and abnormal samples are screened by isolated forest to complete abnormal sample 

cleaning. The weight of  each learning behavior characteristic is calculated using classification tree, and 

then the influencing factors of  course withdrawal behavior are ranked in order of  importance to determine 

the learning behaviors that affect the withdrawal rate. 

2. The necessity of analyzing college students' learning behaviors in the e-learning 
environment 

2.1. Problems in MOOC learning 

MOOC must break through its own bottleneck in order to achieve long-lasting development, so what are 

the problems and dilemmas behind the development of  catechism classes, and can they be cracked as well 

as how to go about it? This is obviously a complex issue, but it is also crucial because it helps to improve 

and enhance the quality of  online education. By identifying the problems in MOC learning, educators and 

platforms can take measures to improve course design, content delivery and teaching methods, help 

learners overcome barriers and increase motivation, and thus improve learning outcomes. Only by 

addressing learners' needs and solving the problems they may encounter will learners be able to complete 

the course and actively participate in future learning, which is critical for students' academic achievement 

and career development. In the larger picture, identifying problems can help promote educational equity 

by ensuring that catechism courses meet the needs of  a variety of  learners, including those from diverse 

backgrounds and with limited resources. 

A review of  the first catechism course (MOOC), CCK08, suggests that many learners were less 

concerned about completing the course and preferred passive, time-saving mailing lists to interactive, time-

consuming forums. It is worth noting that the attitudes of  MOOC learners have changed over time, as 

have the factors that influence MOOC learning [31]. This study summarizes these factors to help 

understand the problems in catechism (MOOC) learning. 

2.1.1. Dull course content. Most of the catechism courses developed by colleges and universities are 

presented in the form of recorded lectures by teachers, due to the recording of some requirements, often 

read from the book when explaining, more theoretical knowledge, moderate speed of speech, serious tone 

of voice, can not be realized and the same effect as the real classroom, although most of the internal learners 

in order to drive for the credits will insist on finishing the course, but for the external learner, a single way 

of explaining a large amount of theoretical knowledge, can not attract learners' interest in learning. For 

external learners, the single way of explaining and the large amount of theoretical knowledge can not 
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attract learners' interest in learning, coupled with the irrational design of some courses, learners can not 

achieve the desired learning effect, and this psychological gap with the expectations of the course at the 

beginning of the course makes the learners lose their interest in continuing to learn. 

2.1.2. Untimely interaction feedback. Regarding the interaction between teachers and students, the 

number of enrollment in a course of catechism is much higher compared with offline courses, but the gap 

between the number of teachers, teaching assistants and students makes the learners unable to get timely 

feedback on some of the confusions of the knowledge points, and this asynchronous feedback may have a 

time lag of one to two days, or even the learners do not get any feedback at all, which greatly reduces the 

enthusiasm of the learners for learning. This greatly reduces learners' enthusiasm for learning, and most 

of the lecturers will not maintain the courses after recording them if they do not need to do so for some 

personal reasons, and the relevant work is usually handed over to the teaching assistants to complete. In 

the process of watching the learning video, due to the defects of online teaching itself, there is a lack of 

interaction between teachers and students, which can't create a good classroom atmosphere, teachers can't 

get the feedback from learners about the learning effect, and learners can't get the non-contact supervision 

of teachers' language, eyes and other non-contact, which lacks a sense of social presence, and makes the 

learning effect greatly weakened. Although Catechism has set up course discussion forums in order to 

increase the interaction between teachers and students, most of the learners just repeat and speak 

mechanically in order to complete the learning task, and do not realize the interaction in the real sense. 

Regarding interaction between learners, different learners have different intellectual and cultural 

backgrounds and different learning preferences, making it difficult for them to meet like-minded learning 

partners or form active learning groups or communities. Except for some learners who belong to the same 

interpersonal circle in private, more learners learn as isolated individuals, and learners tend to feel lonely 

in the learning process. 

2.1.3. Low completion rate. Different scholars have conducted different studies on the dropout rate of 

catechism courses, but the completion rates of catechism courses reported in the studies are almost all 

between 5% and 12%, which means that the dropout rate of catechism courses is as high as only 90%. This 

shows that the dropout rate of catechism learning is quite high compared with traditional offline teaching, 

which makes catechism has been criticized. For institutions, a high dropout rate means that the online 

course is ineffective and results in a loss of profit. For learners, failure to complete an online course may 

lower their self-confidence or self-esteem and prevent them from enrolling in other online courses. 

Therefore, increasing course completion rates and reducing attrition are critical to the sustainability of 

MU. 

The characteristics of  catechism, such as strong inclusiveness, rich learning resources, and no time and 

space constraints, determine the large number of  learners registered, which also results in a large 

difference in the motivation of  the registered population. Compared with traditional classrooms, catechism 

does not require the payment of  tuition fees, and dropping out of  the course will not have an impact on 

the reputation of  the learner, which is tantamount to a kind of  no-risk trial and error, and also results in 

the fact that learners can not take it easy to stop in mid-course when they encounter frustration or develop 

an anorexic mindset. This is like a risk-free trial and error, which also leads to the fact that learners can 

drop out of  the program without thinking about it when they encounter frustration or become bored. 

Moreover, social workers account for a considerable portion of  catechism learners, whose purpose is not 

to obtain course certificates to obtain credits, and therefore will not actively participate in assessment 

activities that can prove that they have completed all the course learning. There is also an increase in 

dropout rates among learners who enroll in a course out of  admiration for a particular school or instructor, 

and who find that the course is not suitable for them or that the course is difficult to follow. There are also 

learners who learn part of  the content and then give up subsequent learning after reaching their own 

learning goals, which also contributes to the phenomenon of  low completion rate in the learning of  Mocs 

courses. 
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Most of  the existing MOOCs platforms have more detailed records of  learners' online learning behavior. 

How to analyze, model and interpret the learning behavior data is the hotspot and difficulty in analyzing 

the phenomenon of  catechism course withdrawal. Logistic regression method, as a mature machine 

learning method, can effectively establish a model between learning behavior and learning effect. 

2.2. Logistic regression research methodology 

2.2.1. Logistic regression model predictor function. Linear regression models can only handle sample 

data with linear relationships. For nonlinear data, a suitable nonlinear distribution model should be found 

to construct a generalized linear model. Among many distribution models, the Bernoulli distribution is a 

discrete probability distribution model that is very suitable for dealing with nonlinear relationships. 
Bernoulli distribution is also known as binomial distribution. Characterized by the fact that there are 

only two outcomes of  the test, such as 0 or 1. If  the probability of  1 has a mean of   , the Bernoulli 

distribution can be written as ( )B  , and ( 1; ) , ( 0; ) 1p y y          due to (0,1)y  [32-33]. 

When   is different, the Bernoulli distribution changes. Let: 
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Equation (2) is the Bernoulli distribution formula. Following the assumptions of  the way the linear 

regression model is constructed, it can be obtained: 

  
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Equation (3) is the prediction function of  the logistic regression model. By observation and comparison, 
Equation (3) has the same structure as the Sigmoid function ( ) 1/ (1 ( ))y exp y    . The Sigmoid function 

was originally used to study population growth models. 
Figure 1 shows the image of  the Sigmoid function, from which it can be seen that when the independent 

variable x  tends to positive infinity, the dependent variable y  tends to 1. When the independent 

variable x  tends to negative infinity, the dependent variable y  tends to 0. It can map any real number 

into the interval (0, 1). When the independent variable 0x  , the dependent variable 0.5y  , this can be 

seen as a dividing line with 0.5 as the dividing threshold, i.e., when 0.5y  , x  is classified into one 

category. When 0.5y  , x  is categorized into another category. This is the reason why the Sigmoid 

function is often used as a dichotomy. 
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Fig. 1. Sigmoid function 

2.2.2. Logistic regression model loss function. The objective function, also known as the loss function, 

is often used to evaluate how well a model fits. In logistic regression, the loss function is logarithmic. This 

is because the output of logistic regression for classification problems is a discrete binomial distribution, 

for which a logarithmic loss function is the most efficient method. 

Suppose there is m  independent sample 
1 1 2 2 3 3{( , )( , )( , )...( , )}m mx y x y x y x y , where {0,1}y  . In this 

case, each sample occurs with probability: 

 1( , ) ( 1| ) (1 ( 1| ))
i ii i i i y i i yx y y x y x        (4) 
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1( , ) (1 ( 1| ))

ii i i i yx y y x      when 1y   when ( , ) ( 1| )
ii i i i yx y y x   . Since 

each sample is independent, the probability of  occurrence of  the  m  samples can be expressed as their 
product: 
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Equation (5) is also known as the maximum likelihood function. Because it operates on multiplication 

and does not facilitate subsequent calculations, it is logarithmically processed to convert multiplication into 

addition. The form is as follows: 

 

1

1

1

1

( ) log( ( ))

log ( 1| ) 1 ( 1| )

log ( 1| ) (1 ) log(1 ( 1| ))

log ( ) (1 ) log(1 (

( )

( )

( )))

i i
m

i i y i i y

i

m
i i i i i i

i

m
i i i i

i

J J

y x y x

y y x y y x

y h x y h x 

 

 

 











   

     

   







 (6) 

Equation (6) is the final form of  the loss function in the logistic regression model. Since the loss function 

( )J   has no analytical solution, logistic regression also requires the application of  an iterative algorithm 

to find an approximate optimal solution. The smaller the loss function ( )J  , the better the algorithm fits. 

2.2.3. Logistic regression prediction accuracy. In order to evaluate the prediction performance of binary 

logistic regression model on MOOC withdrawal, the evaluation indexes used in this paper are accuracy, 

check accuracy, check completeness, F1 and AUC.To calculate the index values, this paper introduces a 

binary confusion matrix. That is, withdrawals (1) are treated as a positive class and no withdrawals (0) are 

treated as a negative class. accuracy=(TP+TN)/(TP+FN+FP+TN), i.e., the proportion of all predicted 

instances that were correctly predicted. precision = TP/(TP+FP), i.e., the proportion of true positive 

classes among all instances predicted to be positive classes. recall = TP/(TP+FN), i.e. the proportion of 
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all positive examples that can be correctly predicted. F1=2/(1/precision+1/recall), i.e., F1 is a reconciled 

mean based on precision and recall, which combines precision and recall, and F1 achieves its maximum 

value when precision=recall. accuracy, precision, recall and F1 were calculated as: accuracy=0.83, 

precision=0.86, recall=0.95 and F1=0.9. 

Although the MOOC dataset has category skew, the accuracy still reaches 0.83. Meanwhile, the precision 

value is closer to the recall value, so the F1 value is closer to the maximum value, which indicates that the 

binary logistic regression model is better at predicting the withdrawal from the MOOC. 

In order to evaluate the generalization ability of  the prediction model, this paper introduces the ROC 

curve.The horizontal coordinate of  the ROC curve is the false positive rate FPR=FP/(FP+TN), and the 

vertical coordinate is the true case rate TPR=TP/(TP+TN).The size of  the area under the ROC curve 

(AUC) determines the generalization ability of  the model, and the larger the AUC indicates that the model's 

generalization ability is better.The ROC curve is shown in Figure 2. . 

As can be seen from Figure 2, the solid line is the ROC curve for the logistic regression model 

(AUC=0.75, i.e., the area of  the shaded area), and the dashed line is the corresponding ROC curve for the 

stochastic model (AUC=0.5, i.e., the area of  the area under the dashed line). Since 0.75 > 0.5, it indicates 

that the logistic regression model predicts the instances better. 

 

Fig. 2. ROC curve 

3. Case Study 

3.1. Data acquisition and variable selection 

In this study, learning behavior data from a MOOC on the 365 University platform were selected and 

analyzed using logistic regression to analyze learners' learning performance. The MOOC started on 

October 01, 2023, and ended on January 13, 2024. The MOOC has 45 instructional videos, and the course 

evaluation is in the form of  chapter assignments, tests, and final tests, with 13 post-course unit assignment 

tests and one final exam test. The case characterizes withdrawal behavior in terms of  learners' assignment 

completion and video completion rate. With withdrawing from the class as the dependent variable, 12 

indicators of  MOOCs learning behavior were extracted as independent variables, which were the number 

of  times reading materials (X1), the number of  times submitting assignments (X2), the number of  times 

closing the web page (X3), the number of  times viewing videos (X4), the number of  times browsing other 

times (X5), the number of  times discussing in the forums (X6), the number of  times visiting wikipedia 

(X7), the video exploration degree (X8), the assignment exploration degree ( X9), first study time (X10), 

total study hours (X11), online rate (X12). The logistic regression research process in the field of  online 

learning was followed to predict learners' dropout behavior. 
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3.2. Abnormal sample cleaning 

Based on the definitions of  the features in each category, the background logs of  each learner were feature 

extracted and then descriptive statistics were performed. The comparison reveals that the maximum values 

of  the features in the category of  counting times are all unreasonable. This may be caused by learners 

refreshing multiple times and duplicate logs in the background. 

Each feature of  the learner is extracted from the background logs, and it is mathematically difficult to 

directly solve to derive the distribution function, and it is also more difficult to determine the outliers 

through statistical charts. Therefore, the isolated forest algorithm is used to define the isolated outliers as 

outliers. In order to get a better outlier detection effect, this paper uses the Spearman correlation coefficient 

as the basis for grouping, and the Spearman correlation coefficients between each learning behavior feature 

are shown in Table 1. 

From Table 1, we can see that the correlation coefficient between X2 (the number of  times of  submitting 

assignments) and X9 (the degree of  assignment exploration) is 0.94, which indicates that so the higher the 

degree of  assignment exploration, the higher the number of  times of  submitting assignments is likely to 

be as well.The correlation coefficient between X3 (the number of  times of  closing the web page) and X4 

(the number of  times of  viewing the video) is 0.82, because viewing the course video and closing the web 

page is highly correlated, and the course video is located in a web page, the Viewing the video closes the 

web page, so the more videos viewed, the more web pages naturally closed. 

Table 1. Spearman correlation coefficient 

Spearman coefficient X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11 X12 

X1 1            

X2 0.75 1           

X3 0.89 0.65 1          

X4 0.85 0.58 0.82 1         

X5 0.79 0.62 0.74 0.63 1        

X6 0.70 0.63 0.57 0.53 0.60 1       

X7 0.50 0.45 0.46 0.33 0.59 0.75 1      

X8 0.88 0.64 0.78 0.87 0.62 0.53 0.40 1     

X9 0.71 0.94 0.82 0.60 0.61 0.45 0.35 0.72 1    

X10 -0.31 -0.29 -0.23 -0.24 -0.30 -0.19 -0.25 -0.33 -0.35 1   

X11 0.88 0.73 0.84 0.86 0.75 0.56 0.46 0.78 0.75 -0.24 1  

X12 0.81 0.78 0.76 0.68 0.75 0.50 0.42 0.68 0.60 -0.32 0.80 1 

 

The decision boundary given by the isolated forest algorithm has a tendency to shrink to the origin near 

the coordinate axis. In this paper, only 0.05% of  the anomalies are removed, and there is already a good 

screening effect of  anomalous samples in each feature value. Here we only show the effect of  reading the 

number of  information features and total learning time features to do isolated forest screening, the 

visualization effect of  isolated forest screening abnormal samples is shown in Figure 3. 
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Fig. 3. Isolated forest screening results 

After cleaning the abnormal samples, the descriptive statistics of  the samples are shown in Table 2. 

Table 2. Results of abnormal sample cleaning 

 Minimum Maximum Mean Sd. 

X1 0 742 25.54 49.697 

X2 0 775 10.85 32.611 

X3 0 263 10.66 20.071 

X4 0 216 6.31 14.194 

X5 0 258 8.64 11.835 

X6 0 901 4.93 20.811 

X7 0 112 0.78 2.783 

X8 0 2923.85 80.23544 162.0802 

X9 0 0.77842 0.04338 0.19998 

X10 0 0.806534 0.040548 0.12764 

X11 0 31 9.43 8.825 

X12 0.03542 1 0.08822 0.11052 

N 120385    

3.3. Logistic regression and feature significance test 

This paper uses logistic regression model to analyze the relationship between learning behavior and 

withdrawal rate, the logistic regression results of  learning behavior characteristics are shown in Table 3, 

in which the OR value is the dominance ratio, the OR value is equal to 1, which means that this 

characteristic has no effect on the incidence of  withdrawal. the OR value is greater than 1, which means 

that the influence of  this factor on the withdrawal is positive, and the larger the value is, the more obvious 

is the effect for the promotion of  withdrawal. the OR value is less than 1, which means that the influence 

of  this factor on withdrawal is negative, and the smaller the value is, the less likely the learner is to 

withdraw from the class. Factor’s effect on withdrawal is negative, and the smaller its value, the less likely 

the learner is to engage in withdrawal behavior. The p-values of  all the features are very close to 0 except 

for the p-value of  0.002 for the number of  times of  reading materials and 0.954 for the number of  times 

of  accessing the encyclopedia. Using the 95% confidence interval as a criterion for judgment, the p-value 

of  the qualifying feature (the dominance ratio is not equal to 1) needs to be less than 0.05. The p-value of  

0.954 for the number of  times of  accessing the encyclopedia (>0.05) indicates that the feature fails the z-
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test. Although the number of  visits to the encyclopedia is a non-significant feature in the logistic regression 

model in this dataset, it may be associated with whether or not one drops out of  school other than positively 

or negatively, and it is possible that this feature may become significant in other datasets as well. 
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Table 3. The result of logical regression 

 Odds Ratio SE z p Sig. 

X1 0.9889973 -0.0298580 -3.30 0.002 *** 

X2 1.0067833 0.0687472 4.23 0 *** 

X3 0.9563480 -0.0448299 -9.04 0 *** 

X4 1.0639898 0.0273026 12.05 0 *** 

X5 0.9820097 0.0263908 -4.97 0 *** 

X6 1.0825695 0.0403409 3.64 0 *** 

X7 0.9838618 0.0592305 -0.03 0.954  

X8 0.1205481 0.028683 -7.59 0 *** 

X9 0.0714397 -0.0098069 -28.78 0 *** 

X10 0.891426 -0.0050721 -42.28 0 *** 

X11 0.9339553 0.0696423 -8.46 0 *** 

X12 0.0055656 0.0607301 -48.75 0 *** 

Constant 33.588734 0.8023930 148.30 0 *** 

3.4. Classification tree and feature weights 

In this paper, classification tree is used to calculate the weight of  each learning behavior feature. The 

classification tree uses the Gini index to select the optimal features, and at the same time decides the optimal 

binary cut-off  point of  the features. Due to the large number of  learners in the dataset and the complexity 

of  the features, it is more difficult to control the maximum depth of  the spanning tree and the minimum 

number of  cases of  the leaf  nodes, so we use the method of  cyclic parameter tuning to generate the model 

many times, because there are a total of  12 learning features, so the range of  the maximum depth of  the 

tree is set to [5,12], the minimum number of  cases of  the leaf  nodes is set to [49,99], and the step size is 

5, and we set 30% of  the sample as the test set, and select the model with the best prediction accuracy on 

the test set. After obtaining the model, the contribution of  each feature to the reduction of  Gini index at 

each node can be calculated, and the contribution of  each feature is compared with the total contribution 

to obtain the weight of  the feature, and the weight of  the feature is shown in Figure 4. It can be seen that 

the online rate is an important factor affecting the dropout rate, and the degree of  assignment exploration 

is also one of  the important factors affecting the dropout rate. 

 

Fig. 4. Characteristic weight 
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4. Conclusion 

In this paper, we chose 12 learning behaviors as independent variables and followed the process of  logistic 

regression to predict the withdrawal behavior of  secondary school students on the way. The accuracy of  

predicting students' withdrawal behavior through logistic regression reaches 0.83 and AUC=0.75, which 

reflects the prediction accuracy and better generalization ability of  this method. After excluding outliers 

through the isolated forest algorithm, logistic regression analysis was performed. The p-value of  the 

number of  visits to the encyclopedia was 0.954 (>0.05), indicating that this learning behavior feature was 

a non-significant feature, in addition to which all other learning features showed statistical significance. 

The weight of  each learning behavior characteristic was calculated using a classification tree, and the 

results showed that the weight of  online rate was 0.7582, which had the greatest weight among all factors. 

It was followed by assignment exploration (0.1232), time to first study (0.0538), and number of  times 

reading materials (0.0438). The possible reason for this is that the higher the online rate of  a student, the 

more interested or self-disciplined he/she is in the MOOC course, and therefore the lower the likelihood 

of  his/her withdrawal behavior. Based on the logistic regression results, the online rate is an important 

indicator of  college students' learning behavior that affects the MOOC completion rate. 
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