
  

Abstract—In the field of online learning, there is a problem 

of high student turnover rate. How to accurately identify 

learners and provide targeted teaching support services is an 

urgent problem for education researchers. In this paper, 1306 

online learners majoring in finance from Shanghai Open 

University were selected as the subjects, and two kinds of data 

sets are adopted, which are learning data of online learning 

platform and learning behavior data of students based on xAPI, 

to analyze the relationship between learners' various online 

learning behaviors and learning achievements, and to 

determine the characteristics related to learning state of 

learners, describe the personalized learning state portrait, and 

select a variety of machine learning algorithms to build 

prediction model based on two data sets, to explore which data 

is more effective for building prediction models to identify 

potential risk learners. It is found that data mining analysis 

based on xAPI data has higher prediction accuracy than 

traditional online learning data. 

 
Index Terms—Data mining, xAPI, adaptive, learning 

prediction. 

 

I. INTRODUCTION 

Now online learning groups are increasing, but there are 

problems such as high student turnover rate and low 

completion rate of courses. Distance education, e-learning, 

and other online learning behaviors show a very growing 

trend of data flow, and the ever-increasing online learning 

platform also stores many learning data. The application of 

data mining technology in the field of education provides a 

solution for the rational use and interpretation of these data, 

and the realization of personalized analysis and learning 

prediction of learners.  

The purpose of the data mining method is to extract 

meaningful knowledge from data [1]. Its application in the 

field of education is called education data mining [2]. The 

ET L-EDM LA report of the U.S. Department of education 

defines education data mining (EDM) as the widespread use 

of statistics, machine learning algorithms, and data mining 

techniques to process and analyze education big data. 

Through modeling find the relationship between students' 

learning results and variables such as learning content, 

learning resources and teaching behavior, and then predict 

the future of students learning trends [3]. Data mining 

techniques relevant in education are prediction, clustering, 

relationship mining, discovery with models, and distillation 
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of data for human judgment [4]. The application of data 

mining technology in online learning can effectively help 

students, teachers, curriculum developers and administrators 

under the network environment to establish an online 

learning mechanism, improve learning efficiency and 

teaching efficiency [5]. 

With the innovation of education concept, various online 

learning platform is gradually beginning to attach 

importance to the personalized teaching service. This paper 

starts from the application of education data mining, taking 

online learners majoring in finance of Shanghai Open 

University as the research object, based on the online 

learning platform learning data and xAPI data of students' 

learning behavior, analyzing  the personalized learning 

behavior of learners, discusses the relationship between 

learning behavior and learning achievement, and describes 

the personalized learning state of learners by integrating 

various behavior characteristics. At the same time, the 

prediction models are built based on two kinds of data sets 

respectively, to explore the accuracy and effectiveness of 

data mining analysis based on xAPI and traditional data 

mining analysis. Through comparison, this paper studies 

which kind of data-based prediction model has higher 

prediction accuracy, which provides a basis for better 

construction of the learner model. 

 

II. RELATED WORK 

A. Education Data Mining Technology 

Romero and Ventura analyzed several applications of 

data mining in education from 1995 to 2005, including 

statistics and visualization, clustering, classification and 

outlier detection, association rule mining and pattern mining, 

and text mining [6]. At present, the research direction of 

education data mining mainly focuses on the construction of 

student models, among which a large number of education 

researchers have built a learning prediction model based on 

online learning behavior log data. For example, Talavera 

and Gaudioso proposed using clustering to mine student 

data to find patterns that reflect user behavior [7]. 

Lykourentzou et al., used three different data mining 

techniques, namely neural network, support vector machine, 

and probability integration simplified fuzzy ARTMAP 

(fuzzy logic and adaptive response theory map) to predict 

dropout in their online learning courses [8]. Macfadyen et 

al., conducted regression analysis based on the online 

learning data of the BlackBoard platform to study the impact 

of different learning process data on the final learning 

performance, including online time, online link access, 

number of posts, etc., they established a prediction model 

[9]. Huseyin et al., used decision tree algorithm to predict 

the factors that affected students' academic success and 
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constructed an education data mining system using a variety 

of model views [10]. 

B. Machine Learning Algorithm 

Machine learning has widely used in different analytical 

applications, including the scenarios in the education area. 

The standard machine learning techniques   mainly divided 

into two categories based on the data labeling: supervised 

and unsupervised. Based on the recent progress of transfer 

learning, semi-supervised learning is also getting more 

importance regarding the restriction of the size of the data 

set.  

For education applications, researchers used to employ 

classification algorithms to distinguish the users with 

various properties. Standard classification algorithms 

include the support vector machine (SVM), naive 

Bayesian network, Bayesian belief network, random 

forest (RF), k-nearest neighbor classification (KNN). 

C. xAPI 

The American organization "ADL" (Advanced 

Distributed Learning) has issued Experience API (xAPI) 

version 1.0.0 [11]. It is a technical specification for storing 

and recording learning behavior data [12]. xAPI enables 

learning records to get rid of the association with devices or 

learning platforms, collecting and recording learners' online 

or offline learning experiences in different learning activities. 

These multi-modal learning data come from a variety of 

learning environments, such as formal learning, social media, 

and web-based or video-based informal learning [13]. 

xAPI uses "Activity Stream" to describe the learning 

experience [14], which mainly includes three elements: 

actor, verbs and activities related to the learning experience. 

xAPI specification can used to represent the interaction 

sequence, so it is widely used in Education [15], and very 

suitable to be integrated into the virtual learning 

environment (LMS) model as a component of log learning 

analysis. In the LMS, xAPI can separate or add learning 

event data from LMS so that learning content can be 

analyzed and identified in different systems [16]. Some 

educational researchers use xAPI specification to record 

student behavior logs, especially informal learning 

behaviors, such as Yee-King M J, Grierson M, etc. 

according to xAPI specification, record programmer 

learning behavior log, for example, to view all the actions of 

the student in a course, to analyze the learning behavior [17]. 

The learning data provided by xAPI can mine and analyze 

the learning behaviors of learners in multiple dimensions, 

and then draw the learning portraits of learners in multiple 

dimensions. Therefore, compared with the traditional 

mining form of learning platform log data, this paper also 

attempts to use the xAPI specification as a scheme to 

achieve the acquisition of education big data, and on this 

basis, explore the relationship between learning behavior 

and learning achievement. 

 

III. METHODS 

A. Participants  

Shanghai Open University, supported by modern 

information technology, is a modern open university that 

can provide not only academic education, but also 

vocational training and leisure culture education. At present, 

there are 80000 students in the school. The research object 

in this paper is 1306 online learners of a finance major at 

Shanghai Open University, including 494 male students and 

812 female students. The learning behavior records adopted 

attendance records, learning duration, forum comments, 

learning materials downloading, video viewing documents, 

learning score records, etc. There are two different ways to 

obtain the data: on the one hand, based on the learning data 

of the online learning platform, on the other hand, based on 

the learning behavior data provided by the xAPI. 

B. Dataset Description 

The learning data of the online learning platform comes 

from the database system of Shanghai Open University, 

which mainly includes the basic information of students, the 

data of students' access to teaching resources, and some 

examination information of students. The specific analysis 

of students includes age, gender, course selection, resource 

utilization, access activity of teaching resources, and test 

score grading as the criteria of students' learning status 

Quasi equal. The specific sample data table includes student 

basic information data table, resource access log table, 

student online learning time table, test score table, and other 

data table items. Among them, there are 1306 non- repetitive 

students, more than 270000 access and browsing log data, 

more than 60000 learning resource browsing records, and 

more than 30000 student score records. After removing the 

data of students who not related or in the database, the 

primary data table, including browsing records, resource 

records, student information, student scores and so on sorted 

out. The table shows the classification and relationship 

between teaching resources and student users, as well as the 

relationship between them. At the same time, the single 

student record statistical information data table obtained, the 

student statistical information table is divided into model 

training data set and test data set, which provides the data 

source for the later prediction model construction. 

The xAPI date provides more than 4W behavioral records 

of 8 learning activities include: registered, accessed, 

submitted, downloaded, watched, posted, studied and scored. 

According to the data statistics, each subject in the data set 

has different operations corresponding to different objects. 

Based on the specific times and frequency of these different 

operations, the information that only contains various 

behavior records of a single subject obtained. The essential 

data exploration and the impact of related eigenvalues are 

carried out. 

Based on the learning behaviors obtained from the above 

two data sets, exploring the relationship between learning 

behaviors and students' learning results, and the key factors 

affecting learners' learning failure are determined as the 

input characteristics to describe learners' personalized 

portrait labels and model construction. 

C. Data Analysis  

Counting the distribution of students' academic 

performance based on the two data sets, as shown in Fig. 1, 

and Fig. 2. According to the students' academic performance 

carries on the primary stage judgment to the student, which 

is used to mark the types of students' learning status. It is an 

important index to predict the learning state of students and 

the basis of data analysis. 

As shown in Fig. 1, the learning achievement distribution 

based on the online learning platform data meets normal 
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distribution, indicating that the delivery of students' learning 

achievement is relatively ideal, and it is reasonable to use 

learning achievement as the status mark of students. The 

results divided into three stages: 90 and above is good, 70 

and below is bad, others are normal. In turn, our research 

pays attention to the four characteristics of students' gender, 

age, access frequency, and online learning duration, and 

then get the influence of the four features on the 

performance distribution through statistics of students' 

performance information. 

 

 
Fig. 1. Distribution of learning achievement based on online learning 

platform data. 

 

 
Fig. 2. Distribution of learning achievement based on xAPI data. 

 

It is classifying and defining the actual state of students' 

learning by score. From Fig. 2, it is found that the 

distribution of students' learning performance based on xAPI 

data is not uniform. Because 686 invalid students with an 

average score of -1 are excluded, the delivery of students' 

performance is a structure with more at both ends and less in 

the middle. For students with a grade of -1, it is reserved as 

a prediction set. The real data set used for data analysis is 

the student achievement distribution shown in Fig. 2. 

According to the more detailed score distribution, score less 

than 60 points, defined as "dangerous" state, marked as 0, 

score higher than 60, and less than 85 points is defined as 

"good" state, marked as 1, score greater than 85 points is 

defined as "positive" state, marked as 2. 

Then our research calculates the influence distribution 

between each learning behavior and learning achievement in 

the two data sets to determine which learning behavior has 

an essential impact on the learning state of learners as a 

feature label to describe the personalized learning state of 

learners. 

IV. RESULT 

A. Data Analysis Results 

The first step of data mining and algorithm research is to 

find out the potential association between data and 

determine which factors affect the state of students' learning 

results based on the statistics of the influence distribution 

relationship between the learning behaviors and students' 

scores in the two data sets. The exploration results of 

learning data sampling data set based on student online 

learning platform are shown as follows. 

 

 
Fig. 3. The influence of students' gender on their performance. 

 

It can be seen from Fig. 3 that in different stages of 

student performance, the percentage of male and female 

students is the same and the percentage of male and female 

students in the learning stage is almost the same, indicating 

that gender has little impact on learning performance. 

The age distribution information of the students is shown 

in Fig. 4. The age distribution is divided into three stages: 

marked as 2 for 45 years old and above, 0 for 28 years old 

and below, and 1 for others. The influence of the age of the 

students on their academic performance is calculated, as 

shown in Fig. 5. 

 

 
Fig. 4. The age distribution of students. 

 

 
Fig. 5. The influence of students' age on their academic performance. 

 

From Fig. 5, it can be seen that the age of students has a 

particular impact on the performance distribution of students. 
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The older the students are, the less likely they are to achieve 

good results. In feature selection, age is an important feature. 

 

 
Fig. 6. Impact of interview records on score distribution. 

 

The students divided into three categories according to 

the number of interview records. 0 means no visit, 1 means 

average frequency of visit, and 2 means the high rate of visit. 

It found from Fig. 6 that in bad students, the percentage of 

students who are not visited is more than 70%, while in 

good students, the percentage of students who are basically 

not visited is less than 10%. Therefore, the frequency of 

website visit has a positive impact on the distribution of 

students' performance, and the visit record will become an 

essential feature of students' learning result status portrait. 

 

 
Fig. 7. The distribution of online learning hours to scores. 

 

The students divided into two categories according to the 

length of study. 0 indicates that the study time is average, 1 

indicates that the duration is longer. As shown in Fig. 7, in 

bad students, the percentage of students in general learning 

time is more than 80%, while in good students, the 

percentage of students in general learning time is less than 

70%. It concluded that the length of learning time has a 

particular impact on the distribution of students' 

performance. 

To sum up, in the learning data collection based on the 

online learning platform for students, age, website access 

frequency and learning duration can be used as the input 

characteristics of the model. 

The exploration results of the data set provided by the 

xAPI shown in Fig. 8, it can be seen that the average value 

of students and scores in each segment is constant, which 

shows that these two behaviors have no impact on the 

ratings. Secondly, the distribution of accessed, downloaded 

and watched is chaotic and irregular, and the order of the 

maximum and minimum values is not consistent with the 

direction of the abscissa axis, and there is no apparent 

correlation. Finally, there is a positive linear correlation 

between submitted, registered and posted behaviors, and 

students' academic performance to a certain extent, 

indicating that the number of these three behaviors will 

affect their academic performance, which can be used as the 

input characteristics of the model. 

 

 
Fig. 8. Distribution of learning behaviors and achievements of students. 

 

B. Algorithm Model Construction and Prediction Results 

Through the exploration of the data, our research can 

roughly understand the influence relationship between the 

data. Through the understanding of the design goal, this 

paper determines the research goal of classifying the 

learning state of learners based on the test data set, that is, to 

achieve it through the learners' learning state classifier. 

Because the data uses the data with result mark, and the 

algorithm needs to be implemented by the classifier, it needs 

to use a supervised learning classification algorithm. 

Considering that there is an absolute correlation between the 

dimensions of the data set, such as login registration 

behavior will affect the occurrence of other practices such as 

browsing, submission, etc., so the Bayesian algorithm is not 

effective in this test set and will not use. The two datasets 

have different features that need two separate machine 

learning models to make the best utilization of data. 

Therefore, the critical features obtained from the above 

analysis results used as the input data of the model. A 

variety of classification prediction algorithms implemented 

on two test sets. The prediction results of the algorithm 

model are as follows: 

According to the data characteristics of the test data set, 

our research uses the KNN, SVM, and RF algorithm to 

predict the learning state of students in the sample data set 

of the learning platform. The data set is randomly divided 

into 8:2 training data set and test data set, and the model 

training is conducted on the training data set, and the 

prediction test is conducted on the test data set. Then 

compared the predicted learning state results with the actual 

learning state results of the test data set, and the 

classification prediction accuracy of the three algorithms   

shown in Table I: 
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TABLE I.  CLASSIFICATION PREDICTION ACCURACY BASED ON PLATFORM 

SAMPLE DATA SET 

Algorithm Model KNN SVM RF 

Accuracy 72.8% 73.6% 76.2% 

 

From the Table I, it can be seen that the test accuracy of 

the three models for the test results is more than 70%, and 

the effect is very close, among which the RF random forest 

algorithm has the highest accuracy. 

For the test data set based on xAPI, decision tree (DT) 

and random forest (RF) algorithm models used. The model 

also divides the data into 8:2 training data set and test data 

set, and does model training on the training set, then uses the 

training model to predict， and test the test data set and 

compares the real learning state to get the prediction 

accuracy as shown in Table II: 

 
TABLE II.  CLASSIFICATION PREDICTION ACCURACY BASED ON XAPI 

DATA SET 

Algorithm Model RF DT 

Accuracy 81.9% 82.5% 

 

It can be seen from Table II that the accuracy of the test 

results of these two models for the xAPI data set is more 

than 80%, and the effect difference is very close, among 

which the accuracy of the DT algorithm model is higher 

than RF algorithm model. 

Comparing the model accuracy of learning platform data 

set with that of xAPI data set, it is found that the 

classification accuracy of xAPI data set is at least 5 

percentage points higher than that of learning platform data 

set, which shows that students' behavior data based on xAPI 

data set is more accurate for the description of students' 

learning results. 

 

V. DISCUSSION AND CONCLUSION 

The traditional learning prediction model mainly based on 

online learning data, which has limitations for analyzing 

learners' learning behavior in all aspects. Compared with the 

conventional online learning data, the online learning 

represented by xAPI learning data has the characteristics of 

flexibility. It can share the follow-up data between different 

systems. Using this standard data can track all aspects of 

learning behavior [18], and analysis learners' learning 

behaviors in multiple dimensions, to obtain learners' 

learning portraits in various dimensions. Therefore, in order 

to more accurately identify the learning state of learners and 

meet the personalized learning characteristics and needs of 

learners. This paper adopts two kinds of data sets: learning 

data from online learning platform and learning behavior 

data based on xAPI, and compares the prediction accuracy 

of the prediction model based on the two kinds of data sets. 

First, our research explored the influence distribution of 

learning behaviors on students' learning achievement, and 

the characteristics of learning portraits used to build the 

prediction model are preliminarily determined. Among them, 

it found that the age, learning time and access frequency of 

learners have a direct impact on learning achievement in the 

data based on the online learning platform, and the behavior 

of submitted, posted and registered has a more direct impact 

on learning achievement in the data set based on xAPI. 

These characteristics are used as the data input of the model 

to build a learning risk prediction model. 

Through the comparison of the results of two data sets, 

our research found the accuracy of data mining analysis 

based on xAPI data is higher than that of traditional data 

mining, which shows that the students' behavior data based 

on xAPI data set is more accurate for the description of 

students' learning state, this provides new research ideas for 

researchers who explore the relationship between learners' 

learning behavior and learning outcome state. 

Based on the above research content, this paper also 

developed a set of graphical learning state prediction 

platform. Through the platform, our research can realize the 

personalized learning state prediction of learners. The 

student portrait provides specific portrait content of a single 

student, and include the prediction results of the algorithm 

model. By presenting similar traffic with different states for 

students according to the warning signal of the signal light, 

students divided into three groups: red, yellow, and green. 

Green means that students are likely to achieve their goals if 

they continue to maintain their current learning state. 

Yellow indicates that the student has potential hazards in a 

course. Red means that the student union will be suspended. 

Through this function, students' status recognition and risk 

warning realized. 

According to the prediction results, the adaptive early 

warning intervention system provides information push for 

the students who need to intervene, combined with learning 

habits. Push content includes personalized learning material 

recommendation, personalized learning method 

recommendation, customized chemical industry status 

assessment report, guiding opinions, etc. 

Despite the promising results, there are some limitations. 

Firstly, In terms of data feature collection, only the influence 

of frequency on the results is considered, the influence of 

different behavior durations, and results on the prediction of 

learning state is not considered. It is necessary to 

comprehensively examine the addition of this part of data, 

continuously explore the influence of these data on the 

prediction of learning results, to make the performance of 

various features more characteristic and rich. Secondly, in 

terms of the collection of xAPI-based data, there are only 

eight kinds of behavior data, compared with xAPI's nearly 

40 types of learning behavior data, there is only about one-

fifth of the coverage. There is a one-sided and insufficient 

expression of the characteristics of the learners, so it is 

necessary to strengthen the coverage of more learning 

behavior data. 
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