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Measuring Students Affective States through Online
Learning Logs — An Application of Learning Analytics

Yang Wang, Qingtang Liu, David Stein, and Qihui Xia

Abstract—The affective state is determinate to online
learning quality. It is related to students’ attitude, learning
motivation, and learning engagement. Learning affective states
consists of engagement, frustration, confusion, and off-task
state in this study. Different affective states are associated with
different online learning behavior features. Affective states
analysis consists of data collecting, data processing, affective
states analyzing, evaluating, and intervening. Students’
affective states can be analyzed by the affective state detectors.
12,912 online learning operations from an online course are
used to construct the affective state detectors and examine the
effectiveness. The consistency of the analysis results with the
self-reports supported that the model is reliable to analyze
students’ affective state.

Index Terms—Research and application, online affective
state; analysis model.

I. INTRODUCTION

With the rapid development of information technology,
online learning has become popular as a new learning
environment. It opens a new door for learners who are busy
with their work and family or those with physical challenges
that prevent them from learning at schools far from them.
However, there are several challenges faced by online
learning. For example, there are lots of online learners but
few of them insisted on learning and obtained a certification
[1]. There are abundant learning resources, but few satisfy
learners’ needs. There are numerous online learning
platforms but few of them engaged learners. The lack of
in-depth analysis of students’ affective states is an essential
factor that influences their online learning [2]. The state of
students’ engagement, the form of their participation, and
their learning attitude are becoming the starting and driving
force of online learning. In-depth analysis of the affective
states has become an important topic for the popularity of
online learning.

Affective states refer to a learner's physical and mental
concentration on learning. Studies have shown that different
affective states can produce different learning effects [3]. An
intelligent tutoring system is aimed at improving students’
learning based on their affective states which is a
combination of cognition and emotion. Therefore, affective
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states are the starting and destination of online learning.
Being actively engaged in the learning process is necessary
for deep learning. The concentration state allows learners to
have higher and lasting emotional, cognitive, and behavioral
engagement in learning content [4]. How to use students’
learning log data to analyze their affective states and support
their online learning is essential to improve the online
learning quality. To this end, Gartner announced a project
“Reducing Gap: Transforming Data into Actions” to analyze
students’ affective states through educational data to achieve
effective teaching [5]. Furthermore, the eCART system can
provide real-time affective states assessment reports through
monitoring and connecting learners’ past and current
learning performance. It is useful to monitor learners’
progress and generate learners’ reports to achieve effective
teaching feedback [6]. The Chinese Ministry of Education
announced the 13th Five-Year Plan for Education
Informatization which states that it is necessary to actively
use online educational data to enhance the quality of online
education [7]. It indicated that the data-driven affective states
analysis can enable instructors to know students’ affective
states and find out the learning problems to intervene in time.
It is a guide for the formative assessment.

Studies on affective states focused on the affective states
analysis, the influencing factors of the affective state, and the
corresponding strategies. Moreover, the affective state
analysis mainly uses the self-assessment method [8]. As for
the influencing factors of affective states, the questionnaires
and investigation are used. Then, the correlation analysis is
performed to determine the influencing factors of affective
states. With the development of learning analytics, the
affective state analysis attracted researchers’ attention. These
researchers focused on learners’ behaviors, physiological
indicators, and other objective data to perform the affective
state analysis [9]. As for the learners’ affective states analysis
based on students’ learning log data need further study. This
study constructed a data-driven affective states analysis
model and examined its effectiveness based on 12,912 online
learning data of an online course. Corresponding teaching
strategies for those learners in different states were proposed
through the interview.

Il. RELATED WORK

A. The Affective State

The affective state describes a learner’s mind when he or
she is learning. The affective state is caused by human
emotions. For example, the learning affective state is
relatively relaxed when a learner is in a good mood, and his
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learning affective state is negative when the mood is irritated.
The cognitive state influences the learning affective state by
promoting the learner's understanding of the learning content
[10]. In addition, an engagement state can also enable
students to produce positive emotional states. The affective
state is influenced by personal and environmental factors.
The personal factor mainly refers to the individual’s intrinsic
desire for understanding a specific topic. Namely, the
personal factor is a learner’s internal cognitive and emotional
characteristics. However, the environmental factor is the
structural feature related to task organization [11]. The
stimulation of an active affective state requires the
combination of personal and environmental factors. Many
researchers take affective states as learners’ engagement
[12]-[14]. They proposed that the degree of learning
engagement is an important factor in students’ learning
experience which can affect their learning efficiency [15].
At present, there are many studies on online learning
affective states, but different scholars have different
understandings of affective states. Schmitz, Klug and
Schmidt [16] proposed that the learning affective state is the
learning behavior state measured at a particular time in a
specific situation. Ansari, Montoya and Netzer [17] defined
the learning affective state as the learner’s involvement level
and proposed that the learning affective state is a stable and
adjustable psychological state. The learning affective state is
the level of a learner’s engagement which determined his
learning efficiency. Yang, Cheng and Shih [18] supported
that the learning affective state is essential to improve
students’ learning efficiency. The current studies on the
online learning affective state are mainly focused on the
following two aspects: 1) analysing a learner's knowledge
construction process and learning ability based on the
learner's online learning logs [19]; 2) analysing a learner's
engagement according to the learner's physiological data,

such as brain waves, eye movements, and skin electricity [20].

However, the learning affective states analysis based on
online learning data is still in an infancy stage.

Studies indicated that the learning affective state can make
a difference in learning [3], [21], [22]. However, studies on
this topic tend to use the investigation methods, which are
subjective and can only be applied in a relatively long period
with a large population. This indicated that an analysis
method based on students’ online learning log may be more
helpful to analyze students’ learning affective states.

B. Indicators of Learning Affective States

The learning affective state is the reflection of a learner’s
cognitive and emotional states. In the current studies of the
online learning affective state, learners' online operations are
often overlooked [23]. However, these behaviors are
important indicators of students’ learning affective state.
Statistical analysis of each learner's online learning duration,
resource access, and the unit quiz can provide data for the
quantitative analysis of their online learning affective states.
The learning behavior is a learner’s external manifestation of
emotion and cognition. Although the learning affective state
is below the surface of the iceberg which is difficult to
observe directly, learning behavior data can be detected and
reported to scale the learning affective state. The indicators
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for the concentration, frustration, confusion and off-task
states are shown in Table | which is based on the study
carried out by Pardos, Baker, San Pedro, Gowda and Gowda
[24].

TABLE I: DESCRIPTION AND DATA INDICATORS OF EACH LEARNING
AFFECTIVE STATE

Dimension Description

Concentration  The concentration is a state within a period of time.
For example, if the learner continuously answered
correctly, or the learner spends a lot of time after the
first wrong answer and finally answers this question
correctly.

Frustration is an emotional state that occurs when the
learner's wrong answer rate is high. A student who
misses many times after viewing multiple tips is
considered to be frustrated.

Frustration

Confusion Confusion is a state in which a learner answered
incorrectly first and still answered incorrectly after
spending a long time on the problem.

Off-Task Off-Task is a state in which learners seldom answer

questions or answer incorrectly but take a relatively
long time.

I1l. METHODS

A. The Online Learning Affective State Analysis Model

The learning affective state analysis is a process of
evaluating learners' cognitive and emotional engagement
level during the learning process to interpret the data
generated by learners and detect potential problems. It is an
important aspect of learning analytics. The existing learning
affective state analysis models mainly consist of the
following four types: the linear learning analysis model
proposed by Siemens [25]; the continuous improvement
model represented by Elias [26]; the circinate learning
analytics framework supported by Ifenthaler and Tracey [27];
and a multi-factor learning analysis model proposed by
SOLAR [28]. Siemens's linear model of learning analysis
contains the basic elements of learning analysis. Elias'
continuous improvement model reflects the circularity of the
learning analysis process from the perspective of technical
resources. A data-driven online learning affective states
analysis model (as shown in Fig. 1) based on Siemens's
learning analytical process model and Elias' continuous
improvement model was constructed aiming at analyzing the
learning affective state.

The data-driven learning affective states analysis model
mainly consists of the online learning data acquisition, the
data processing and affective states analysis, and the
assessing, forecasting, and intervention of learning. The data
collected during the data collecting are learners' online
operations, including the correct answer rate, the number of
operations, the interval between two adjacent operations,
questions continuously answered correctly, previous
operations involved the same problem, incorrect answers on
a topic, and the number of past helps request. These data are
analyzed to evaluate students’ learning affective states. There
are many redundant data in a large amount of online learning
data collection. The goal of the data processing and learning
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affective states analysis is to mine useful information for
analysis and visualization from the complex and varied
online learning data. The data cleaning is the first step to
check data consistency and process invalid values using the

data standard of Table | and the method shown in Fig. 1. The
learning affective state of each learner is determined
according to their online learning data based on the online
learning affective states’ detector.
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Fig. 1. Online learning affective states analysis model driven by the online learning data.

The purpose of assessing, forecasting and intervention is to
engage learners in learning and maintain their active learning
affective states. In this stage, the instructor is expected to
intervene when learners demonstrate a negative learning
affective states, such as frustration, confusion, and off-task
states. For example, learners who show frustration and
confusion need support in time. The presentation of
corresponding knowledge and learning materials can help
them to get out of frustration and confusion. For those
learners who demonstrated off-task state, the appropriate
monitoring, tips, and interventions are helpful. Platforms,
learners, and instructors can take corresponding measures
based on the results presented in the data processing and
learning affective states analysis phase. For example, learners
can reflect their learning behaviors, take corresponding
measures, and adjust their learning affective states in time to
achieve effective learning based on the presented results of
the evaluation. The platform can be improved based on the
analytical results. Instructors can improve teaching strategies,
teaching content to optimize learning methods and stimulate
learners’ active learning affective states aiming at achieving
adaptive teaching based on the learning affective state results.
Managers can allocate resources rationally and affect the
learning environment to further realize adaptive learning
based on the analysis results. Through a series of
interventions by learners, platforms, instructors, and
managers, the online learning data, including learner-related
data and learning environment-related data, will change. This
can result in a cyclic process of online learning data
collection, data processing, learning affective states analysis,
evaluation, and intervention. It is aimed at stimulating the
learner's positive learning affective states and improving
their learning efficiency.
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A. Online Learning Affective States Analysis Method

In the learning affective state analysis, the learning
affective state detectors were used which take many
indicators into account including 1) the correct answer rate; 2)
number of operations; 3) time interval between two adjacent
operations; 4) questions continuously answered correctly; 5)
previous operations involving the same problem; 6) incorrect
answers on a topic; 7) and the number of past help request et
al. That is, the platform data was used to analyze the learning
affective state. The correct answer rate is calculated
according to the score of each learner in a test. The test
consists of 10 questions and the full score is 100. The number
of operations is calculated according to the number of
behaviors of each learner. The time interval is calculated by
the learning duration divided by the number of operations.
The questions continuously answered correctly is calculated
by the number of questions continuously answered correctly.
The learner’s previous operations involved the same problem,
incorrect answers on a topic, and the total number of help
request is calculated according to each learner's online
learning logs. The online learning platform used in this study
is the Cloud Classroom developed by us which can
automatically record student's learning logs including every
interaction with the system.

Two hundred sixty-nine learners’ 12,912 online learning
operations and their learning affective states self-report
results from the course “Educational information processing”
from 2016 to 2018 were collected. The data was used to train
and examine the effectiveness of the learning affective states
analysis model. The learners are Chinese undergraduates
majoring in educational technology. The ‘“Educational
information processing” is a required course for them. The
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data was shown in Fig. 2.

The self-report questionnaire for learners’ online learning
was constructed based on Wiebe's Learning affective states
Assessment Scale [29]. There are 20 items in this scale to
measure students’ learning affective states. Moreover, there
are 5 items in each of the following four dimensions,
concentration, frustration, confusion, and off-task state [30].
Each item uses the Likert five-point scale, 1 represents
strongly disagree and 5 represents strongly agree. The scale
was examined to be reliable according to three online
learning experts. The dimension with the highest score is the
learner's main affective state. The scale was administrated to
all the learners through email after the second class.

Half number (n=135) of students’ learning log data were
used to train the model, and the other half number (n=134) of
students’ learning data was used to examine the effectiveness
of the model.
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Fig. 2. Learning log data.
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The detectors for the four learning affective states were
developed separately (concentration- no concentration;
frustration- no frustration; confusion- no confusion; and
off-task-not off task). The forward selection method was
used to select the appropriate features for machine learning.
The features that can improve the goodness of the model will
be added until no more features can be added. Finally, 24
features were included in the learning affective states
detector. Cohen’s Kappa was used to evaluate the detectors
in which the O represents chance level and 1 represents
perfectly. The Kappa of 0.34 means that the detector is 34%
better than chance at selecting the factor. The F measure
indicates the model accuracy in which the 0 is the worst and 1
is the best [31]. All the indicators are better than the chance as
shown in Table 2. The best concentration detector was found
with the Na'we Bayes which demonstrating a Kappa of .682
and an F-Measure of .570. The best frustration detector was
detected using K* algorithm with a Kappa of .368 and an
F-Measure of .740. the detector of confusion was achieved
with the Naive Bayes algorithm indicating a Kappa of .513
and F-Measure of .441. The detector of off-task was reached
with the K* algorithm with a Kappa of .691 and an
F-Measure of .754. these indicators supported that the model
is informative. The 135 students’ data were used to train the
learning affective states analysis model. The classifier of
Na'we Bayes and K* were used to build the model. The seven
indicators of each learning affective state were collected.
Results demonstrated that students in the concentration state
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demonstrated the following features: 1) a higher correct
answer rate; 2) more operations; 3) a shorter time interval; 4)
more questions continuously answered correctly; 5) more
previous operations involved the same problem; 6) fewer
incorrect answers on a topic; 7) and fewer past help requests.
Students in frustration demonstrated the following features: 1)
a lower correct answer rate; 2) more operations; 3) a shorter
time interval; 4) fewer questions continuously answered
correctly; 5) more previous operations involved the same
problem; 6) more incorrect answers on a topic; 7) and more
past help requests. Those in confusion demonstrated the
following features: 1) a lower correct answer rate; 2) more
operations; 3) a more time interval; 4) fewer questions
continuously answered correctly; 5) more previous
operations involved the same problem; 6) more incorrect
answers on a topic; 7) and fewer past help requests. Students
in off-task showed the following features: 1) a lower correct
answer rate; 2) fewer operations; 3) more time interval; 4)
fewer questions continuously answered correctly; 5) fewer
previous operations involved the same problem; 6) fewer
incorrect answers on a topic; 7) and fewer past help requests.

TABLE Il: GOODNESS OF LEARNING AFFECTIVE STATES MODELS

Affective States  Algorithm Kappa F-Measure
Concentration Nawe Bayes 0.682 0.57
Frustration K* 0.368 0.74
Confusion Nawe Bayes 0.513 0.441
Off-Task K* 0.691 0.752

The other half number (n=134) of students’ learning log
data was used to examine the affective state detectors. These
learners’ operating data was analyzed using the method
above. The symmetric measures results of the learning
affective state self-reports and learning log analysis
demonstrated that the overall results of the two methods are
consistent (Kappa=0.871, p<.001). Though there are 22
inconsistencies between the analysis results and the
self-report results, the consistency between the affective state

analysis and the self-report reached 83.6% which
demonstrated that the data analysis model is valid.

B. Interview

Two students in each learning affective state

(concentration, frustration, confusion, and off-task state)
were selected randomly for an interview. Namely, eight
students were interviewed. The interview was mainly
conducted from the following four aspects, engagement,
satisfaction, perceived difficulty and expected support.
Students in concentration showed a high level of engagement,
satisfaction, and a low perceived difficulty. They thought that
resources in the learning platform were comprehensive.
Although the basic functions of the system can satisfy
students’ needs, they proposed that the resources can be
refined which would help them find useful learning materials
quickly. Students in the frustration and confusion states
demonstrated a moderate level of engagement and learning
satisfaction, a higher level of perceived difficulty compared
with those in the concentration state. They suggested that the
tips could be more detailed. In terms of expected support,
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they expressed that the analysis of topics could be more
detailed and instructor’s timely help was beneficial for them.
Besides, they expected that the real-time learning affective
states visualization would help them realize the problem and
adjust in time. Students in the off-task state showed a low
level of learning engagement and satisfaction. Their
perceived difficulty is moderate. They argued that it is easily
distracted when faced with computers.

IV. DiscussioN AND CONCLUSION

The analysis results can inform online instructors about
students learning affective states. It can also provide new
ideas for online learning affective states analysis. That is,
making full used of students’ online learning log data to
analyze their learning affective states and give them
corresponding feedback. It is very valuable to explore the
influencing factors and data indicators of different online
learning affective states. Compared with existing studies, this
study analyzed students learning affective states through
their learning log data. The leaning state analysis model was
examined to be reliable.

There are some implications in this study for the teaching
strategies for different learning affective states students. For
example, one student whose learning affective state is
concentration proposed that the resources of the learning
management system are difficult to find. It indicates that
these resources could be refined and categorized clearly. One
male student whose learning affective state is frustration said
that he is thirsty for the teachers’ feedback when he cannot
understand the tips. Another male student in confusion
expressed a similar opinion. He thought if the confusion
cannot be solved in time, he will lose his interest to move on.
As for the male student in the off-task state, he wants to play
the game when he faced with the computer. “There is no
teacher here, I thought I can play first”, he said. The stduents
in the four learning affective states can represent many online
learners situation. Their feedback can give us more
suggestions on how to improve our online teaching.

In addition to the correct answer rate, the number of
operations, and the items mentioned above, there are many
other valuable learning logs such as the number of postings
and reply content. These indicators are also valuable for
further learning analytics. In the future study, more online
learning operations can be collected to examine the
effectiveness of the learning analysis model. The relationship
of the learning affective states with their learning
effectiveness can be further explored to inform instructors
about the necessity of appropriate intervene for students’
learning. It is a guide for adaptive online teaching and an
important force in facilitating personalized teaching.
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