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Abstract: In the era of big data and artificial intelligence, collecting and analyzing learners learning data can modle and
predict learners learning trend and help learners avoid risks of academic failures. For those purposes, this paper presents a
learning analysis method based on learners learning model. First, the teaching model of the curriculum is put forward to
support the learning data analysis. Secondly, various methods including questionnaire are used in data collection and
quantification of learners offline learning data so that all the meaningful data can be transformed into the numerical data that
can be processed; thirdly, the linear fitting method is used to analyze the learning data and predict the learners learning trend.
The results show that the linear fitting method can effectively describe learners learning trend.
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1. Introduction

Data analysis refers to the use of appropriate statistical
method to analyze the large amounts of collected data, to
extract useful information and to form conclusions, that is, to
study the data in detail and summarize the process. In
practice, data analysis can help people make judgments and
take measures to make necessary adjustment. Technology for
data analysis in the field of education is called learning
analytics. In 2011, the first "Learning Analytics Technology
and Knowledge Conference" proposed a definition of
learning analytics that "measures, collects, analyzes, and
reports datasets about learner learning behavior and learning
environments to understand and optimize learning and its
surroundings". Learning analytic techniques can be used not
only for online data analysis, but also for offline data
analysis.

1.1. Current Research Abroad

Learning Analytics started abroad much earlier, and
researchers have achieved initial results. For example, the
Horizon Report, first published in 2010 by the New Media
Alliance of America and the United States Association for

Higher Education for Information Technology, expands on
forms of learning and predicts that new forms of learning will
gradually emerge [1]. The Horizon Report 2015 confirms that
quantitative learning will become one of the trends in
learning analytics [2]. In 2012, the second session of
"Seminar on Learning Analysis Technology and Knowledge"
put forward the idea of quantifying self-reflective learning,
knowing self by collecting information related to individuals,
promoting continuous learning through regression and
evaluation of past experiences [3]. In 2013, the 3rd session of
the Conference on Learning Analysis Techniques and
Knowledge proposed predictions of high-risk learners by
virtualizing learning environments from historical activity
data and other sources of data, by observing changes in users'
activities in the environment, anticipating similar learning
behavior to help learners to avoid failure [4]. In 2014, the 4th
"Learning Analysis Technology and Knowledge Conference"
proposed the research of early warning system, using the
semester data of the learning management system and using
the semester fixed-effects polynomial regression model to
estimate the relationship between the curriculum resources
utilization and the learners' possible evaluation [5]. The
essence of these forecasting studies is to integrate and
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analyze the real-time information of learners so as to obtain
the learner's development status as the basis for predicting
future achievements. The 5th session in 2015 and the 6™
session in 2016 focused on the intersection between research
and the practice and the multidisciplinary connections that
effectively illustrate how learning analytics can provide
critical insights into the individual and collective learning
process [6]. The impact of students’ exploration strategies on
learning is investigated and the use of a probabilistic model
jointly representing student knowledge and strategies is
proposed [7]. Those analyses are based on data collected
from an interactive computer-based game. Hlosta, Zdrahal
and Zendulka [8] proposes a solution in the absencece of data
from previous courses, focusing on the problem of
identifying students who are at risk of failing their courses.

1.2. Domestic Research

Mo Jingqi [9] pointed out that the implementation of
classroom teaching evaluation is to diagnose and improve
teaching, so attention should be paid to the interpretation and
application of evaluation results. Liu Gang [10] put forward
the idea that the evaluation of the function, the subject
evaluation, evaluation criteria and evaluation results help
understanding the basic direction of classroom teaching
evaluation reform. However, the evaluation of these
classroom teaching did not state explicitly how to further
analyze and apply the evaluation results. The specific
methods for quantitative analysis of learner learning data,
such as the PAD Class model, can collect and describe the
data of the learning process, but lack a holistic assessment of
learner learning status [11]. A model of learning alert based
on outlier mining and analysis [12] and an intervention
model based on tracing, accumulating and selecting the
online learning behavior data in Moodle [13] are proposed in
recent studies.

From the above research, the relevant researches mainly
focus on the collection and processing of online data, because
the existing technology fully supports this meaningful work.
For the analysis of learner learning data from the perspective
of classroom teaching mode, the research is relatively weak.
The main work in this field is still primarily based on the
statistical analysis of learners performance results, mainly
because of the fact that learner learning data is subjective and
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difficult to quantify, and because of lack of an effective
analytical method. On the basis of the above research
background, how to further quantify the evaluation of offline
teaching and analyze the data of these evaluation results to
complete the overall evaluation and prediction of learner
learning status is a topic worthy of attention, which is the
focus of this research.

2. A Method Based on Learner Learning
Model Analysis

2.1. Structure Level Course Learning Model

In view of the selected target course, studying and
constructing the course learning model on the basis of the
characteristics of teaching, learning, assessment and
knowledge system structure is essetial to learning analytics.
In this research, the course of "College English for
non-English Majors, band 2" is studied. For the course’s
characteristics of combining knowledge with practice, the
course learning model constructed is a hierarchical structure.
The learning model of this course takes the knowledge unit
as the basic unit and divides the activity module into two
parts: in-class learning and extra-curricular learning. In-class
learning includes classroom instruction, answering questions,
attendance and other activities in the classroom. From the
learner’s perspective, the effectiveness of classroom
instruction can be indicated by learner’s attentiveness;
answering questions refers to the learner -effectively
answering questions raised by the instructor in the classroom;
attendance refers to the learner attending class in the
classroom during the stipulated time. In this research these
three types of classroom activities are given corresponding
weight according to their importance. It is assumed that
extracurricular learning includes extracurricular activities
such as homework, the quiz, self-study, etc. The homework
mainly includes doing homework and the effect of doing
homework. The quiz mainly refers to finishing the quiz and
the time it takes to finish it. Self-study mainly includes the
preview, review and extra-curricular knowledge learning.
According to the importance of three kinds of activities in
extra-curricular learning, instructors can set corresponding
weight according to their experience.
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Figure 1. Structure level English course learning model.
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2.2. Calculation Method

In this research the learners' overall level of listening,
speaking, reading and writing is based on the learners’ total
score of each unit in the English course, The core
calculation method adopted is the linear fitting method,
results are further analyzed with the combination of
clustering method. The specific method is described as
follows:

1) Calculating the total score of ith-learner in unit j:

Sumunit [l] []]9

2) According to the linear fitting equation shown in the
function (1)(2), the linear fitting linear graph of the learner's
total score change is drawn. The fitting formula for each
learner is given as follows;

y=b-x+a (1)
§ = Um0y SRabyd-ney
ST {(xi-9)?) ST {2} -ne(%)? ©)
da=y—b-x

3) The interpretation of experimental results includes two
aspects: first, analyzing the learning trend of each learner;
second, K-means clustering for related samples, then
analyzing the learning trend of similar learners. The main
idea of K-means clustering method is:

Step 1: Set the number of cluster centers K;

Step 2: Random select K samples as cluster center;

Step 3: Calculate the distance from all the rest of the
samples to the K cluster center, and divide the remaining
samples into the categories represented by the nearest
samples;

Step 4: The central point of the K classes is calculated as a
new cluster center. If the new cluster center is the same as the
last cluster center, it will enter step 5, otherwise, the new K
cluster centers can be subdivided into steps 3;

Step 5: With the final cluster center of K clustering(s) as
the final cluster center, the complete dataset can be divided
into k categories.

2.3. Data Collection

Compared with the data collected online by learners, it is
more difficult to collect offline data (this is because there are
fewer tools to collect data and their subjectivity is evident). It
is more difficult to ensure the reliability and credibility of the
data. At present, there are mainly the following forms for
offline data collection: questionnaire [14]; combining
questionnaire with website monitoring behavior [15]; the
questionnaire is combined with special data acquisition tools
[16]. Because these data acquisition methods have some
problems because of the incompleteness and subjectivity of
the data, and there are also some problems in the process of
recording the psychological cognitive process of learners.
Therefore, on the basis of the questionnaire survey, this study
is supplemented by the following data collection methods:

collecting data by means of live video recording and replay
analysis. Through the analysis of video recording, effective
learning time is manually annotated by analyzing learners’
facial expressions, gestures and cognitive status. Data are
collected by using live video and facial expression analysis
tools. Combined with expression analysis algorithm, such
tools can automatically annotate effective lectures time,
collect learners data from their facial expressions, gestures,
cognitive and psychological status: a combination of manual
and automatic data collection. Experiments show that the
comprehensive application of these methods can obtain the
psychological and cognitive data of learners learning process
more accurately at this stage.

3. Empirical Research

Based on the linear fitting method, taking "College
English band 2" as an example, this paper makes a
statistical analysis of the pre-study of 100 non-English
majors of two undergraduate College English reading
classes, band 2, The distribution of the scores is as follows:
30% of the learners have excellent grades (grades 86-100),
40% of the learners' have fair grades (grades 71-85) and 20%
of the learners have poor grades (grades 60 -70), 10% of the
learners have very poor grades (grades 0-59). A total of 10
learners learning data from different learning levels
(excellent, fair, poor, and very poor) were selected and
cleaned up and screened based on the principle of
authenticity, completeness and standardability from the 100
learners, which is an example of the method to illustrate the
experimental conclusions, the specific conclusions are as
follows:

First, obtain a linear fit function. Extract knowledge unit
data of the 10 sample learners of the course, using scatter
diagram to analyze the sample learners learning data. The
fitted line (equation) shows the student's course learning
process trend. According to the calculation method of section
2.2, the formulas are fitted, such as formula (1) to formula
(10), as shown in Table 2.

Second, analyze learning trend. Table 1 gives 10 of the
sample students specific test data. The meaning of symbols in
table 1: S1 - S10 means ten students sample number, ave
means the average score of Si students in listening, speaking,
reading and writing from the first to the sixth unit tests, Total
means the total score of Si students.

According to the method of this paper, a typical trend chart
of some of the ten students in the sample, is shown in Figure
2 to Figure 5. Among them, Figure 2 shows a sample S9, a
student showing steady progress; Figure 3 shows a sample of
a student S7 whose grades show a stable downward state;
Figure 4 shows a sample S4 whose academic performance
has improved in a volatile manner; Figure 5 shows a sample
S3 in a state of waving backwards; Figure 6 shows a sample
S6 with stable academic performance.

Then, we use the clustering method to get the similar
learning status of the students. 5 categories of students are
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shown below: student showing a sustainable progress in
Figure 7; shown in Figure 8 is the category of continual
backward students; Figure 9 the category of fluctuating
progress; Figure 10 the category of backward fluctuating
students; stable backward student category are shown in
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Unit  Listening  Speaking Reading  Writing  Total

Figure 11.
Table 1. Sample data used in the calculation.
Unit  Listening  Speaking Reading  Writing  Total
ul 16 20 20 7 63
u2 20 17 22 5 64
u3 17 20 23 4 64
S1 u4 18 20 23 5 66
us 17 17 21 12 67
u6 18 18 23 10 69
ave 17.67 18.67 22 7.17 65.51
ul 24 9 24 23 80
u2 23 10 19 25 77
u3 21 15 15 25 76
S2 u4 20 17 14 24 75
us 18 17 15 23 73
u6 12 21 13 23 69
ave 19.67 14.83 16.67 23.83 75
ul 18 20 21 16 75
u2 8 16 20 18 62
u3 8 19 13 12 52
S3 u4 16 16 18 13 63
us 15 11 16 16 58
u6 12 11 12 14 49
ave 12.83 15.5 16.67 14.83 59.83
ul 17 14 12 16 59
u2 5 20 17 19 61
u3 12 18 19 14 63
S4 u4 10 20 17 13 60
us 6 19 14 23 62
ub 15 19 12 21 65
ave 10.83 18.33 14.83 17.67 61.66
ul 22 16 0 24 62
u2 24 16 6 20 66
u3 22 14 12 21 69
S5 u4 25 13 5 20 63
us 21 18 8 21 68
u6 23 18 10 23 74
ave 22.83 15.83 6.83 21.5 66.99
ul 15 9 15 19 58
u2 11 8 17 20 56
u3 10 10 13 18 51
S6 u4 11 5 16 18 50
us 7 5 14 21 47
ub 10 12 17 17 56
ave 10.67 8.17 15.33 18.83 53
ul 21 21 10 20 72
u2 21 23 10 16 70
u3 21 11 23 12 67
S7 u4 12 23 16 14 65
us 23 10 15 15 63
ub 12 19 14 17 62
ave 18.33 17.83 14.67 15.67 66.5
ul 19 23 24 7 73
u2 22 19 21 7 69
u3 25 8 24 6 73
S8 u4 25 15 19 8 67
us 23 16 14 8 61
u6 20 11 11 9 51
ave 22.33 17 18.83 7.5 65.66
S9 ul 8 18 14 17 57

u2 7 20 13 18 58
u3 10 23 13 16 62
u4 14 20 12 16 62
us 19 22 10 14 65
u6 9 17 16 24 66
ave 11.17 20 13 17.5 61.67
ul 9 21 16 18 64
u2 7 24 17 21 69
u3 11 24 14 18 67
S10  u4 10 23 16 15 64
us 8 21 18 13 60
ub 4 22 17 18 61
ave 8.17 22.5 16.33 17.17 64.17

Table 2. Learning trend results.

College English reading, band 2

ID  Learning Trend (Fitting Linear Equation)  Correlation R " 2

S1  y=1.1714x+614 R2=0.9417
S2  y=-1.9429x +81.8 R2=0.9437
S3  y=-3.7429x + 72.933 R2=0.5744
S4  y=0.8571x+ 58.667 R2=0.551
S5  y=1.7143x+61 R2=0.5357
S6  y=-1.06857x +56.8 R2=0.2242
S7  y=-2.0857x+73.8 R2=0.9823
S8  y=-4x+79.667 R2=0.7836
S9  y=1.8857x+55.067 R2=0.9525
S10  y=-1.2857x + 68.667 R2=0.4917
S0 y = L.8857x + 55.067
R?=0.9525
68
66 *
64
=
o 62
o
v
60
58
56
0 1 2 3 4 5 6 7
units

Figure 2. The learning trend of a stable progressive student type.
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Figure 3. The learning trend of a stable downward student type.
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Figure 11. A category of students with stably poor performance.
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4. Conclusion

Based on the collection and analysis of data generated in
the traditional teaching process, this research analyzes and
studies the learners’ learning process. By analyzing the
learning model of learners, instructors can detect the
abnormal phenomenon of a learner's performance and issue
warning to corresponding learners. Instructors can also give
additional help to such learners by finding out their difficult
points of the course. Experiment of this study indicates the
validity and practicability of this method.

Further research could be the combination of online data
analysis and offline data analysis which can describe the
learner's learning trend more accurately, facilitating more
accurate analysis of learners' current learning trend and
prediction of learners' future trend, making possible timely
intervention and failure avoidance.
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