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This study developed an interactive test dashboard with diagnosis and feedback mechanisms (ITD-DFM) that can
generate visualized, rich, and high-quality test feedback for each learner’s learning reflection and review based on
simultaneously considering test response time and correctness to assist students’ learning. A quasi-experimental
research was conducted with 50 Grade 8 students from two classes in a public junior high school in Taiwan to
assess the learning performance of ITD-DFM. One class with 26 students was assigned to the experimental group
using the ITD-DFM to support learning, whereas the other class with 24 students was assigned to the control group
using the traditional test system without diagnosis and feedback mechanisms (TTS-NDFM). Experimental results
reveal that the learning performance, physics self-efficacy, and technology acceptance of the experimental group
were significantly better than those of the control group. The ITD-DFM has the same effect on promoting the
learning performance of learners with different prior knowledge levels as well as learners with either high or low
prior knowledge level in the experimental group exhibited significant improvement in physics self-efficacy, but no
such results in the control group. The ITD-DFM provides more benefit in promoting the technology acceptance of
learners with high prior knowledge level.

1. Introduction regarding to each student’s learning outcomes over time at the end phase

of a learning process (Knight, 2002). Assessment as learning or called

Learning assessment plays an essential role in the learning processes
of students. In educational settings, learning assessment is generally
divided into three types: assessment for learning, assessment of learning,
and assessment as learning (Earl & Katz, 2006). Assessment for learning
or called as formative assessment involves continuous assessment and
feedback given by teacher or real-time learning process analysis to un-
derstand students’ learning progress and outcomes during learning pro-
cesses (Chen, Chen, & Horng, 2019; Nicol & Macfarlane-Dick, 2006).
Assessment of learning or called as summative assessment refers to the
assessment of learning progress and outcomes of students within a def-
inite time as well as it consists of testing or accumulating evidence
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self-assessment involves critical analysis of oneself to identify the
strength and weaknesses and thereby strive for achieving learning
progress and goal (Earl, 2003). From the perspective of assisting stu-
dents’ learning, each type of learning assessment has its values and
meanings.

The test is the most common way of summative assessment used to
assess learning outcomes of students in educational scenarios because it
not only helps students understand their current learning situations and
problems but also provides them learning feedback to facilitate learning
reflection and review. Summative assessment in classrooms is typically
done at the end of something (eg, a unit, a course, or a program) and
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takes the form of tests or exams that include questions drawn from the
material studied during learning time. However, the traditional test
generally only provides the number of questions answered correctly or
incorrectly, the test scores, and their ranking in the class as the main
feedback signals for individual learners’ review. In this manner, learners
are unable to obtain useful and enough feedback and reflection infor-
mation to diagnose their learning obstacles and difficulties through these
kinds of feedback signals from the traditional test as well as understand
where their strengths and weaknesses lie (Vie, Popineau, Bruillard, &
Bourda, 2017). A more useful way to promote students’ learning per-
formance based on feedback signals from test results is that students can
immediately receive the test feedback toward more perceptive method
such as visualized information about the concepts error and the teacher
can be able to obtain real-time information about the student’s interac-
tion with the assessment materials. Hence in recent years, many digital
dashboards for learning (DDL) have been developed to assist teachers
and students to monitor and reflect their online teaching and learning
behavior patterns in virtual learning environments (Riofrio-Luzcando,
Diego, et al., 2019; Nyland, 2018; Schwendimann et al., 2017). The DDL
is an assisted learning tool that provides visualized feedback to facilitate
learning performance based on mining or analyzing students’ learning
processes. Namely, the main objective of DDL is to improve learning and
teaching performance. Therefore, DDL has gradually become an impor-
tant feedback tool that can support teaching and learning analysis.
Schwendimann et al. (2017) reviewed 55 papers of DDL and categorized
DDL’s functions into three groups, including self-monitoring, monitoring
others, and administrative monitoring. Additionally, the indicators used
in DDL can be categorized into six broad groups, including
learner-related indicators that present information describing the
learner(s), action-related indicators that present information about the
actions performed by the learner(s), content-related indicators that pro-
vide information about the content that the learner(s) interacted with or
produced, result-related indicators that give information about the
outcome of learners’ activities, context-related indicators that provide
information about the context where the learning took place, and
social-related indicators that show how learners interacted with others
(Schwendimann et al., 2017). To the best of our knowledge and literature
review, no studies have paid attention to developing test feedback
dashboards with indicators designed for visualized test feedback. To fill
the research gap, this work thus developed an ITD-DFM in which designs
several functionalities to support visualized test feedback related to the
correctness of the answer and the response time of answering test items
to provide an effectively assisted learning tool to improve the learning
performance of individual learners. The developed ITD-DFM intends to
extend the role of summative assessment for learning by assisting
learners to monitor what the strengths and weaknesses are in their
learning processes and use the feedback from this monitoring to make
adjustments, adaptations, and even major changes in what they under-
stand. Restated, the developed ITD-DFM can be regarded as a novel
learning assessment tool simultaneously considering summative assess-
ment and self-assessment.

To assess the effects of using the developed ITD-DFM to support the
learning activity of a physics course, this work examines whether the
learning performance, physics self-efficacy, and technology acceptance
of the learners who use the developed ITD-DFM to support the learning
activity in a physics course are significantly better than those of the
learners who use the TTS-NDFM. Additionally, several previous studies
(Chen, Chen et al., 2019; Chen, Wang, & Lin, 2019; Liu, Andre, &
Greenbowe, 2008) indicated that computer-supported learning systems
generally provide more benefits in terms of promoting learning perfor-
mance for the learners with low prior knowledge in comparison with the
learners with high prior knowledge. Thus, whether the learning perfor-
mance, physics self-efficacy, and technology acceptance of the learners
with different prior knowledge levels using the developed ITD-DFM to
support the learning activity in a physics course are significantly better
than those of the learners with different prior knowledge levels using the
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TTS-NDFM was also examined in this study.
2. Literature review
2.1. Design and applications of learning dashboard with feedback

The learning dashboard is derived from the design concepts of aircraft
dashboards and car dashboards that simultaneously use the numerical
values, colors, and graphics to reflect the current flight or driving con-
ditions (Park & Jo, 2015). Using the dashboard’s concepts from aircraft
and car, the learning dashboard transforms the quantitative data of the
learning portfolios and the learning results into visualized information
for individual learners. Providing individual learners to understand their
learning situations based on digital learning dashboard can help learners
control, track, and reflect on their learning situations in e-learning en-
vironments (Bajzek, Brown, Lovett, & Rule, 2007; Park & Jo, 2015;
Verbert et al., 2013, 2014). Besides, the learning portfolios of the learners
displayed in the learning dashboard can also be provided to educators as
a reference to understand the learning process and progress of each
learner. Therefore, the learning dashboard can be used as a learner’s
self-monitoring tool or as a supervisor to supervise her/his learning
processes (Schwendimann et al., 2017; Yu, 2017). The visualized pre-
sentation can transform abstract data into visualized graphics and let
learners more quickly understand the important information than
text-based information. In other words, visualized feedback is one of the
most direct and effective ways to transfer and process knowledge and it is
the main feature of the learning dashboard (Ellis, 2003; Schwendimann
et al., 2017).

Also, many recent studies have paid attention to conducting the
literature reviews of the learning dashboard, which help new researchers
to acquire knowledge about how to design and develop learning dash-
board. For example, Jivet, Scheffel, Specht, and Drachsler (2018) and
Schwendimann et al. (2017) reviewed 26 and 55 papers of learning an-
alytics dashboard, respectively, indicating that teachers and students will
be able to obtain real-time information about how, where, and when to
study from learning analytics dashboard. Park and Jo (Park & Jo, 2019)
also reviewed many previous studies on the learning analytics dashboard
to suggest the need of developing a tool to assess the effectiveness of the
learning analytics dashboard. Schwendimann et al. (2017) proposed a
systematic literature review on learning dashboards in the fields of
learning analytics and educational data mining. However, based on the
authors’ best knowledge, no existing studies focused on developing a test
dashboard. This work thus designed an ITD-DFM that can simultaneously
consider the test response time and correctness as the review signals to
provide the visualized test feedback information for individual learners
to promote their learning performance.

2.2. Digital dashboards design for promoting learning performance

A digital dashboard for learning (DDL) aims to support the learner in
the learning process and the teacher in the teaching process by summa-
rizing and visualizing various information. To implement a DDL, there
are five key points proposed by Bajzek et al. (2007) that have to be
considered. They include (1) Construction of interactive learning objects;
(2) Tagging of all materials with key learning indicators and keeping
learning units tied to articulated learning objectives; (3) Collection of
data by the dashboard server; (4) Real-time data mining and analysis of
data; (5) Construction of dashboard to display information intuitively
and allow the learners and instructors to interact with this information.
Developing useful and timely feedback on a DDL system for students and
teachers is a very challenging task. Hence, some studies investigated and
compared the design of various DDLs. For example, Verbert et al. (2013)
compared 15 dashboard applications in supporting learning, indicating
that most of these dashboards rely on a variety of data gathered from the
learning environment. Meanwhile, most of the systems keep track of the
time spent (Nine of 15). Moreover, de Freitas et al. (2017) used gamified
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dashboards to provide immediate feedback of tracking learning perfor-
mance for university students. Their study focused on how data can be
appropriately visualized and presented on DDL to effectively support
students’ learning. Particularly, the gamified elements, such as points,
leveling up, narrative, and progression are used as scaffoldings in a
gamified dashboard. Analytical results confirmed that a gamified dash-
board is a useful tool to increase students’ learning motivation, learning
engagement, learning satisfaction, learning retention, and learning
performance.

Based on the above literature review, this work refers to the visuali-
zation model of DDL proposed by Verbert et al. (2013) and Schwendi-
mann et al. (2017), that simultaneously considered the four elements
including awareness, reflection, sense-making, and behavioral change to
develop an ITD-DFM. Especially, the proposed ITD-DFM also considers
visualizing the time spent in answering each test question because the
reaction time in a test, which is known as the interval of time between
receiving a question and activating a response, can show whether a
learner is familiar with the concepts he/she learned or not (Magill,
2007).

3. The proposed ITD-DFM

The proposed ITD-DFM was implemented by HTML, PHP, JavaScript
programming languages, and MySQL database. Particularly, the visual-
ized functionalities developed in the ITD-DFM were implemented by
using the suite of chart.js in JavaScript. This section aims to describe the
user interface and functionalities of the proposed ITD-DFM.

3.1. The test interface of the ITD-DFM

Fig. 1 shows the test interface of the ITD-DFM. In Fig. 1, the number of
questions is displayed on the left side, and there are a total of 30 ques-
tions in this case. The red color represents the question that is being
answered, and the green color indicates the question number that has
been answered. The middle part of the test interface shows the content of
the question that is being answered, including the title description, icon,
and four answer choices. After all the questions have been answered,
users can press the icon in the lower-left corner to submit the test. The
time for answering all the questions was limited to 20 min. At the ending
of the test time, the system will automatically stop the test process and
send out the student’s answer to the system. This study selected the
learning unit of light in the physics textbook of Taiwan’s junior high
school as the learning materials. The learning unit of light can be further
divided into 5 sections, which are: (1) light propagation, (2) light
reflection and mirror, (3) light refraction and lens, (4) optical instrument,
and (5) light and color. In this study, each section has six corresponding
quiz questions. Thus, there are a total of 30 quiz questions to assess

Text Time Countdown : 0 Hour 4 Minute 36 Second
@ @ - i: /\, 3. The Fig. is an experiment for pinhole imaging. What happens to
o~ o~ 3 the image on the screen when the pinhole moves to left?
(& 7)

~ ' i
5, 1) {9
(13) (a) (s) (16) pinhole
\ e Ll S, St e
(7)) (8) 9 (20
o~ O (A) Zoomiin.
S O (B) Zoom out.
(o N 7
&) & ) Neg) O (C) Unchanged.
@ (o O (D) All of the above are possible.

Fig. 1. The test interface of the proposed ITD-DFM.
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students’ learning performance after the instructor finished the instruc-
tion activity.

The main difference between the experimental group and the control
group is whether the mechanism of DFM was provided to the students or
not. The user interface of the DFM implemented in the ITD-DFM for the
experimental group is shown as Fig. 2. After students complete a test, the
ITD-DFM will provide an overall assessment report for the experimental
group students. The overall assessment report is divided into the left and
right blocks. Meanwhile, the left block is further divided into four parts.
The first part is the name of the learning unit for the current test, the
second part is the correct number of answered questions, the third part is
the wrong number of answered questions, and the last part is the review
suggestions to the examinee. The block on the right of Fig. 2 is a graphical
representation of the ratio of the answer distribution, which is based on
the correctness and the response time of the test.

Considering the answer correctness and the response time of a test as
the indicators of the designed ITD-DFM was inspired from Verbert et al.
(2013) study, summarizing that the tracked data of designing a learning
dashboard contain time spent, social interaction, document and tool use,
artifacts produced, and exercise results/quizzes. Generally speaking, the
test response time will be short if a learner is familiar with the concepts
he learned. In contrast, if a learner does not understand the concepts he
learned enough, he/she may take a long time to think of the correct
answer, or he/she is more likely to make an incorrect answer. Therefore,
this study uses the correctness of the answer and the response time on
answering the question as the design basis for the test feedback dash-
board. Therefore, based on the correctness of each test question in the
learning unit, and the comparison between the individual’s response
time with the average response time of the whole class, the students’ test
results were divided into A, B, C, and D types. Type A is identified as
“skilled (fast and correct)” which means an examinee performs a test
with shorter response time and higher correctness than average, type B is
identified as “understood but not skilled (slow but correct)” which means
an examinee performs a test with longer response time but higher cor-
rectness than average, type C is identified as “total incomprehension
(slow and wrong)” which means an examinee performs a test with longer
response time and lower correctness than average, and type D is identi-
fied as “misunderstand or guess the answer (fast but wrong)” which
means an examinee performs a test with shorter response time but lower
correctness than average.

3.2. The review mechanism in the proposed ITD-DFM

According to the determined four types of test results, students can
quickly understand their strength and weaknesses in a test so that they
can know how to perform an effective review process. After finishing a
test, the teacher suggested students to review the question from the type
C first because of the learning concepts corresponding to the type C
performed by the examinee with longer response time and lower cor-
rectness than average. That is, they are the weakest learning concepts of
the examinee. According to the type with the highest number of student’s
answer results, the review comments and explanations of the overall test
results are given, as shown in the left bottom of Fig. 2. Taking Fig. 2 as an
example, the left side information shows that the total number of correct
answers is four questions, and the wrong answer is 26 questions. Ac-
cording to the proportion of each type in the overall learning results, the
student’s answer belongs to type C, so the review comments show that
“you have a limited understanding of the unit. We recommend you to
review the concept of not understanding first, and then strengthen the
concept that is not sufficient understanding. If you have time, you can
review the already well-understood concepts to deepen your impres-
sion.” The right side part in Fig. 2 is the ratio of each type of answer, in
terms of the size of the circle area. When the mouse cursor is moved to
each circle, the wrong question numbers for that type will be displayed.
The student can select any type of questions to review first. For example,
if the student wants to review from the part of total incomprehension
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Unit4: Light

Number of correct answers: 4
TestNo.:2,3,8,29.

Number of wrong answers: 26
TestNo.:1,4,5,6,7,9,10,11,12, 13, 14,15,16,17,
18,19, 20, 21, 22, 23, 24, 25, 26, 27, 28, 30.

Comment and suggestion:

'You don't understand enough the concept of this unit.

Itis to pts that are not

misunderstand first. Then you can then reinforce concepts that
are not familiar enough. Finally, if you have time, you can review
the concepts you have leamed to deepen your impressions.

Computers and Education: Artificial Intelligence 2 (2021) 100015

Fig. 2. The user interface of the DFM implemented in the ITD-DFM for the experimental group.

(type C), he can click on the orange circle and the system will change to
the review interface, as shown in Fig. 3.

Besides, if the student’s answer belongs to type A, the comment will
be displayed as “according to the results of your answer, your overall
learning outcomes in this unit is great, and you can strengthen the other
concepts that are not yet fully understood. Finally, you can review the
already well-understood concepts to deepen your impression.” If the
student’s answer belongs to type B, the comment will show up as “you
understand the concept of this unit, but it is not enough, you need to
strengthen it. We suggest that you first review the concepts that you do
not fully understand, and review the concepts that are not sufficient
understanding. Then strengthen the already understood but not very
skilled parts, and if you have time, you can review the already well-
understood concepts to deepen your impression.” Otherwise, if the stu-
dent’s answer is type D, the comments will show up as “Although your
answer is quick, the answer is wrong. It may be a misunderstanding or a

Unit: 4-1 Propagation of light
vo.
Unit: 4-1 Propagation of light
o
Unit: 4-1 Propagation of light

U ¢ |

statements is wrong?

random guess. We recommend you to review the concept of not under-
standing first, and then strengthen the already understood but not very
skilled parts. If you have time, you can review the already well-
understood concepts to deepen your impression.”

Overall, the interactive features designed in the developed ITD-DFM
include that the ITD-DFM provides an interactive test dashboard simul-
taneously with the interactive mechanisms of diagnosing students’ test
answer types and providing comments and explanations of the overall
test results to guide each learner’s learning reflection and review based
on simultaneously considering the indicators of test response time and
correctness to assist students’ learning.

4. Research methodology

This section explains the adopted research methodology of how to
examine the differences in learning performance, physics self-efficacy,

Answer time : 1S / Average time : 1.00 S

About the property of pinhole imaging, which of the following

(A) After the U-shaped tube is imaged through the pinhole, N will be displayed on the screen.

Unit: 4-2 Reflection of light with a mirror
no

(B) Prove that light has a straight forward property.

(C) The pinhole is larger and the imaging is more clear.

Unit: 4-2 Reflection of light with a mirror
No.
Unit : 4-2 Reflection of light with a mirror
[ 10
Unit : 4-2 Reflection of light with a mirror
o
Unit: 4-2 Reflection of light with a mirror
vo. [EB

Unit : 4-3 Refraction of light and lenses
NO. 13

Unit: 4-3 Refraction oflight and lenses

NO. 15

(D)Get the opposite real image.

o

Your answer : B
Correct answer : C

Unit: 4-3 Refraction of light and lenses

Unit: 4-4 Optical Instruments
nvo. KB

Pinhole imaging is the nature of light traveling straight, and the image on the screen
is upside down and left and right opposite.

Fig. 3. The review interface of the proposed ITD-DFM.
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and technology acceptance between
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the research participants who 4.1. Research participants

respectively used the developed ITD-DFM and the TTS-NDFM to support
physics course’s teaching and learning for the learning unit of light. This work applied the quasi-experiment nonequivalent control group

design to examine the research questions of this study because randomly
recruiting research participants to take part in an instruction experiment

Control group Expermental group
Preceding * ¢
procedure
Confirm the research and measurement tools 10 Minutes
Explain the details of instruction experiment 5 Minutes
Stage 1 *
Fill in the physics self-efficacy scale 15 Minutes
A
31 in 1
Perform teacher’s teaching essons
week
Stage 2 ¢
Perform the pre-test of the selected learning .
. 30 Minutes
unit
A\ 4
Explain the system operation of ITD-DFM and .
15 Minut
TTS-NDFM > Minutes
Stage 3 Perform online test for the first time 20 Minutes
Traditional review Dashboard review 30 Minutes
\ 4 Y
Perform online test for the second time 20 Minutes
Stage 4 ¢ l
Traditional review Dashboard review 30 Minutes
A 4 A
Fill in the form of physics self-efficacy scale 15 Minutes
and technology acceptance scale
Stage 5 ¢
Perform the post-testu (r)liftthe selected learning 30 Minutes

Fig. 4. The learning procedures of the designed instructional experiment.
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is a difficult task in actual teaching scenarios. A total of 50 Grade 8
students from two classes of a junior high school in Taiwan were
recruited as the research participants. A total of 26 students (15 males, 11
females) from one class were randomly assigned to the experimental
group using the proposed ITD-DFM to support physics course’s teaching
and learning for the learning unit of light, while a total of 24 students (12
males, 12 females) from the other class were assigned to the control
group using the TTS-NDFM.

To examine whether there were significant differences in the learning
performance, physics self-efficacy, and technology acceptance between
the learners with different prior knowledge levels of both groups that use
different test systems, the learners of both groups whose pre-test scores in
the learning unit of light are higher and lower than the average score of
the learners in both groups were respectively identified as high and low
prior knowledge levels’ learners. In total, the experimental group
respectively involves 14 and 12 students with high and low prior
knowledge levels, whereas the control group respectively involves 18
and 6 students with high and low prior knowledge levels.

4.2. Experimental procedure

The instruction experiment lasted for 2 weeks. In the first week, all
the students in both the groups were taught the learning unit of light by
the same teacher in a physical classroom. In the second week, two rounds
of test and review activities were conducted in a computer classroom.
Fig. 4 shows the detailed learning procedures in the instruction experi-
ment. The experimental procedures can be divided into the preceding
procedure and five stages. In the preceding procedure, the used research
and measurement tools were confirmed with 10 min, including the
learning performance test sheets, online test questions, physics self-
efficacy scale, and technology acceptance scale. In the first stage, both
the groups were given 5 min to explain the details of the entire instruc-
tion experiment. After that, both the groups were given a total of 15 min
to fill in the physics self-efficacy scale. In the second stage, all the par-
ticipants in both the groups learned the same learning unit with the
traditional lecture teaching method and were taught by the same teacher.
The teacher’s teaching was arranged in three lessons of a week. Then, the
learners took 30 min to finish the pretest of the selected learning unit. At
the beginning of the third stage, the researcher first explained the system
operation of the ITD-DFM and TTS-NDFM for the learners in both the
groups with a total of 15 min. Then, the students of both the groups took
the first time of online tests for a total of 20 min. After the test, the
students of both the groups had a total of 30-min review time. The
experimental group used the ITD-DFM for review, while the control
group used the TTS-NDFM for review. The fourth stage is the second time
of the online test. The test time and review time of the fourth stage is the
same as the third stage, which is a total of 20 min and 30 min, respec-
tively. After the end of the fourth stage of the instruction experiment, the
fifth stage was immediately proceeded. The participants were invited to
fill in the form of a physics self-efficacy scale and technology acceptance
scale with a total of 15 min. After that, a post-test for the learning unit of
light was taken with 30 min. Besides, this study also conducted a semi-
structured interview with several learners randomly selected from the
experimental group.

4.3. Research tools

4.3.1. The test system used for the control group

The ITD-DFM used for the experimental group has been explained
detailedly in section 3. This section aims to explain the TTS-NDFM used
for the control group. The TTS-NDFM is a traditional test system that only
provides students’ test results and does not conduct an analysis of iden-
tifying learners’ test types based on the response time and correctness of
the students’ answers. The user interface of the TTS-NDFM is divided into
three blocks and is shown as Fig. 5. The first block at the top of the figure
shows the name of the learning unit for the current test. The second block
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Unit4: Light

20. 4-4 Optical instrument

The structure of the eye is similar to the camera. Which part of the eye is
equivalent to the negative of the camera?

(A)cornea (B) pupil (C)lens (D) retina

Your answer : B.
Correct answer: D

BoRGHCOR
| §61 jekel [S

structure of eye structure of camera
Eyelid Shutter

Comea Camera lens

Pupil Aperture

Retina Negative

The retina of the eye is equivalent to the negative of a camera.

oKl kel 1 18
cpel kel 1 kel |

Fig. 5. The test system named as TTS-NDFM used in the control group.

at the left of the figure is the test question number and marks the correct
answers with green color and the incorrect answers by red color. The
third block at the right of the figure is the topic area. Corresponding to
the selected question number, the third block presents the learning
concept, question, answer options, correct answer, and detailed expla-
nations for the test question. Students can choose the topic to view ac-
cording to the question number, but they cannot know the overall test
analysis results and the familiarity level of each topic and concept.

4.3.2. Learning performance test sheet

The pretest and posttest sheets that respectively contain 30 questions
selected from the test bank developed by National Academy for Educa-
tional Research in Taiwan according to five subunits of light including
light propagation, light reflection and mirror, light refraction and lens,
optical instrument, and light and color were used to assess the research
participants’ prior knowledge and learning performance. To let the pre-
test and posttest sheets contain uniform question distribution in the five
subunits, each subunit was involved six questions. The evaluation
method is scoring one point for each correct answer and a maximum of
30 points. The questions of the pretest sheet are the same with the
posttest sheet, but the order of the questions and each question’s answer
sets were rearranged to avoid memory effect during the test process.

4.3.3. Physics self-efficacy scale

The physics self-efficacy scale used in this study mainly refers to the
physics self-efficacy scale (PSES) designed by Caliskan, Sezgin, and Erol
(2007) that is a self-administered measure to assess physics self-efficacy
beliefs regarding to one’s ability to successfully perform physics tasks in a
physics classroom. The scale is divided into five parts: (1) physics
self-efficacy towards solving physics problems with a total of 10 ques-
tions, such as “I can analyze the context of a physical problem,” (2)
physics self-efficacy towards physics laboratory with a total of 7 ques-
tions, such as “My learning performance in a physical course is as good as
that in other courses,” (3) physics self-efficacy towards physics
achievement with a total of 4 questions, such as “When necessary, I can
recall the basic knowledge learned from a physical course,” (4) physics
self-efficacy towards the application of physics knowledge with a total of
6 questions, such as “I can ask questions in a physics course,” and (5) the
self-efficacy of memorizing physics knowledge with a total of 3 questions,
such as “I can understand the experimental procedure recorded in an
experiment manual.” The scale is scored using the 5-point Likert option,
including “strongly disagree,” ‘“disagree,” “normal,” “agree” and
“strongly agree.” A higher score indicates that learner has better physics
self-efficacy. The Cronbach’s « value of the overall scale was as high as
0.94, indicating that the scale had good reliability and was suitable for
use as a research tool.

4.3.4. Technology acceptance scale
To elicit the research participants’ opinions about using the ITD-DFM
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and the TTS-NDFM to support learning for the unit of light in junior high
school’s physics course, they were invited to fill in a technology accep-
tance questionnaire after the instruction experiment. The analysis of their
responses revealed the research participants’ subjective perceptions of
the extent to which the ITD-DFM and the TTS-NDFM improved their
reading performance and the perceived difficulty of operating the two
systems. The technology acceptance questionnaire of Hwang, Yang, and
Wang (2013) was used and some sentences modified to conform to the
present research, and a Likert six-point scale was used. The questionnaire
with two dimensions includes 6 questions that examine the perceived
usefulness of the system and 13 questions that examine the perceived
ease of use of the system. The Cronbach’s o values of the subscales of the
perceived usefulness of the system and the perceived ease of use of the
system were 0.95 and 0.94, respectively, both indicating good reliability.

5. Experimental results
5.1. Analysis of the differences in learning performance for both groups

One-way analysis of covariance (ANCOVA) was conducted to
examine whether there was a significant difference in the learning per-
formance between the two groups. Before conducting ANCOVA, the
homogeneity of regression coefficients was analyzed first, using the
pretest scores as covariates in the analyses. The results confirmed the
assumptions of homogeneity of regression coefficients for the posttest (F
= 0.055, p = 0.815 >0.05). One-way ANCOVA was then proceeded and
the results are shown in Table 1. After controlling the effect of learners’
pretest scores, the experimental group performed significantly better in
the posttest (F = 5.32, p = 0.026 <0.05, ? = 0.10) than that of the
control group. The results show that the ITD-DFM could better promote
the learning performance than the TTS-NDFM. The calculation result of
the effect eta squared (47) is 0.10, according to Cohen’s study (1988). An
eta squared (%) ranged between 0.06 and 0.14 indicates that the dif-
ference in learning performance between both the groups is moderately
different.

5.2. Analysis of the difference in physics self-efficacy for both groups

Table 2 shows the results of the descriptive statistics of the physics
self-efficacy for both groups. ANCOVA was conducted to examine
whether there was a significant difference in the physics self-efficacy
between the two groups. Before conducting ANCOVA, the homogeneity
of regression coefficients was analyzed first, using the pretest scores as
covariates in the analyses. However, this study found that the assumption
of homogeneity of regression coefficients is violated (F = 29.52, p =
0.000 <0.05). That is, ANCOVA could not be proceeded. This study thus
used the post-test score minus the pre-test score as the gain score to
compare the differences in the physics self-efficacy improvement be-
tween both groups based on the independent samples t-test. The results of
the analysis are shown in Table 3. The results show that the difference in
the gain score between the two groups was significant (t = 10.40, p =
0.000 <0.05, dppc2 = 2.97), and the experimental group was signifi-
cantly superior to the control group. That is, the use of the ITD-DFM
could promote students’ physics self-efficacy. The effect size d ppc2
(Morris, 2008) is 2.97. Cohen (1988) suggested that d = 0.2 can be
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Table 2
The descriptive statistics results of the physics self-efficacy for both groups.

Physics self-efficacy ~ Group

Experimental group (n = 26)  Control group (n = 24)

Mean  Standard deviation Mean  Standard deviation

Pre-test 2.24 0.57 2.50 0.38
Post-test 3.98 0.54 2.77 0.42

considered with a small effect size, 0.5 represents a medium effect size,
and 0.8 represents a large effect size. Therefore, the physics self-efficacy
improvement of the experimental group and the control group is largely
different. That is, the physics self-efficacy of the learners in the experi-
mental group was significantly enhanced due to using the ITD-DFM to
support their learning in a physics course.

5.3. Analysis of the difference in technical acceptance for both groups

The difference in technical acceptance between both groups was
assessed. Table 4 shows the analytical results based on the independent
samples t-test with the questionnaire score of technical acceptance filled
out by the learners of both groups. The results show that the difference in
technical acceptance between both groups differed significantly (t =
3.30, p = 0.002 <0.05, dppc2 = 0.94). According to Cohen (1988),
Cohen’s d effect size that is higher than 0.8 can be regarded as “large.”
This indicates that the technical acceptance of the experimental group
using the proposed ITD-DFM to support learning in a physics course had
significantly better than that of the control group using the TTS-NDFM.

5.4. Analysis of the difference in learning performance, physics self-
efficacy, and technology acceptance between learners with different prior
knowledge levels in both groups

5.4.1. Analysis of the difference in learning performance between learners
with different prior knowledge levels in both groups

One-way analysis of covariance (ANCOVA) was conducted to
examine whether there was a significant difference in the learning per-
formance between the learners with different prior knowledge levels in
both groups. Before conducting ANCOVA, the homogeneity of regression
coefficients was analyzed first, using the pretest scores as covariates in
the analyses. The results confirmed the assumptions of homogeneity of
regression coefficients for the posttests of the learners with high prior
knowledge level (F = 0.04, p = 0.849 >0.05) and with low prior
knowledge level (F = 1.03, p = 0.337 >0.05) in both groups. One-way
ANCOVA was then proceeded and the results are respectively shown in
Tables 5 and 6. After controlling the effect of learners’ pretest scores,
neither the learners with high prior knowledge level or low prior
knowledge level in the experimental group did not perform significantly
better in the posttest (F = 2.36, p = 0.135 > 0.05, 7> = 0.08; F = 0.82,p =
0.378 > 0.05, 112 = 0.05) than those in the control group.

5.4.2. Analysis of the difference in physics self-efficacy between learners with
different prior knowledge levels in both groups

For the learners with a high prior knowledge level between both
groups, whether the physics self-efficacy differed significantly was

Table 1
The ANCOVA results of learning performance of both groups.
Learning group F p n2
Experimental group (n = 26) Control group (n = 24)
Mean Standard deviation Mean Standard deviation
Pretest 57.88 19.24 72.71 21.47 5.32% 0.026 0.10
Posttest® 82.46° 2.82 72.75% 2.94

2 the adjusted posttest scores are used, *p < 0.05.
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Table 3
The independent samples t-test results of the physics self-efficacy by the gain score of both groups.
Group t P dppe2
Experimental group (n = 26) Control group (n = 24)
Mean Standard deviation Mean Standard deviation
Gain score 1.75 0.27 0.27 0.65 10.40%** 0.000 2.97
***p < 0.001.
Table 4
The independent samples t-test results of the technology acceptance of both groups.
Group t p dppez
Experimental group (n = 26) Control group (n = 24)
Mean Standard deviation Mean Standard deviation
Technology acceptance 3.21 0.46 2.81 0.39 3.30%* 0.002 0.94
**p < 0.01.
Table 5
The ANCOVA results of learning performance of the learners with high prior knowledge level in both groups.
Learning group F P n2
Experimental group (n = 14) Control group (n = 18)
Mean Standard deviation Mean Standard deviation
Pretest 72.14 10.32 83.33 10.84 2.36 0.135 0.08
Posttest” 93.40" 3.05 86.79" 2.65
# The adjusted posttest scores are used.
Table 6
The ANCOVA results of learning performance of the learners with low prior knowledge level in both groups.
Learning group F p n2
Experimental group (n = 12) Control group (n = 6)
Mean Standard deviation Mean Standard deviation
Pretest 41.25 14.45 40.83 9.70 0.82 0.378 0.05
Posttest” 59.44% 5.30 51.10% 7.50

# The adjusted posttest scores are used.

analyzed by ANCOVA due to the assumption of homogeneity of regres-
sion coefficients was not violated (F = 2.05, p = 0.174 >0.05). Table 7
shows the results. The results show that the physics self-efficacy differed
significantly between both groups for the high prior knowledge learners
(F = 84.73, p = 0.000 < 0.05, 4 = 0.75). It means that the physics self-
efficacy of high prior knowledge learners was improved by the proposed
ITD-DFM.

For the learners with low prior knowledge level between both groups,
the assumption of homogeneity of regression coefficients is violated (F =
12.68, p = 0.006 <0.05). That is, ANCOVA could not be proceeded.
Therefore, this study used the independent samples t-test to examine the
difference in the gain scores between the low prior knowledge learners of
both groups. Table 8 shows the results. The results show that the physics
self-efficacy of low prior knowledge learners in both groups differed

significantly (t=7.13, p = 0.001 <0.05, dyc2 = 3.16). In other words, the
learners with low prior knowledge level in the experimental group had
better physics self-efficacy than those in the control group. This work
confirmed that the physics self-efficacy of the learners with low prior
knowledge level was significantly improved by the proposed ITD-DFM.

5.4.3. Analysis of the difference in technology acceptance between learners
with different prior knowledge levels in both groups

Herein, the independent samples t-test was used to examine the dif-
ference in the technology acceptance between either the learners with
high prior knowledge level or low prior knowledge level of both groups.
Tables 9 and 10 show the results, respectively. The results show that the
technology acceptance of the learners with a high prior knowledge level
in the experimental group was significantly higher than that of the

Table 7
The ANCOVA results of physics self-efficacy of the learners with high prior knowledge level in both groups.
Learning group F p n2
Experimental group (n = 14) Control group (n = 18)
Mean Standard Deviation Mean Standard deviation
Pretest 2.50 0.58 1.92 0.37 84.73%** 0.000 0.75
Posttest” 4.21° 0.12 2.73° 0.10

2 the adjusted posttest scores are used, ***p < 0.001.



C.-M. Chen et al.

Computers and Education: Artificial Intelligence 2 (2021) 100015

Table 8
The independent samples t-test results of the physics self-efficacy of the learners with low prior knowledge level in both groups.
Group t P dppe2
Experimental group (n = 12) Control group (n = 6)
Mean Standard deviation Mean Standard deviation
Gain score 1.80 0.25 0.49 0.53 7.13%* 0.001 3.16
**p < 0.01.
Table 9
The independent samples t-test results of the technology acceptance of the learners with high prior knowledge level in both groups.
Group t P dppez
Experimental group (n = 14) Control group (n = 18)
Mean Standard deviation Standard deviation
Technology acceptance 3.26 0.51 0.35 2.73* 0.010 0.98
*p < 0.05.
Table 10
The independent samples t-test results of the technology acceptance of the learners with low prior knowledge level in both groups.
Group t P dypc2
Experimental group (n = 12) Control group (n = 6)
Mean Standard deviation Mean Standard deviation
Technology acceptance 3.13 0.40 0.48 2.01 0.061 0.97

learners with a high prior knowledge level in the control group (t = 2.73,
p=0.01 <0.05, dypc2 = 0.98). However, the technology acceptance of the
learners with low prior knowledge level in both groups did not differ
significantly (t = 2.01, p = 0.061 > 05, dypc2 = 0.97).

6. Discussion

In this work, an ITD-DFM was developed to facilitate individual
learner’s learning performance by generating visualized, rich, and high-
quality test review information based on simultaneously considering the
test response time and correctness of a test. Analytical results revealed
that using the proposed ITD-DFM to support learning can significantly
promote the learning performance of learners in comparison with TTS-
NDFM. Many previous studies (Arnold & Pistilli, 2012; Vieiraa, Par-
sons, & Byrd, 2018) have indicated that using the digital learning
dashboard can help learners improve their learning performance.
Particularly, Kokoc and Arif (2019) indicated that learning dashboards
could be applied in online courses as teaching assistants to improve the
performance of learners in e-learning environments. The ITD-DFM
designed using in this study can help students judge their familiarity
with the questions according to the response time and accuracy of the
students’ answers in a test. In other words, students can use the proposed
ITD-DFM to understand their problems in learning and to reinforce the
learning concepts they are not familiar with. Besides, there are no sig-
nificant differences in the learning performance of the students with
different prior knowledge levels in both groups respectively using the
ITD-DFM and TTS-NDFM to support learning. It means that the ITD-DFM
had the same effect on learning performance regardless of learners with
high or low prior knowledge level. The result is inconsistent with several
previous studies (Chen, Chen et al., 2019; Chen, Wang et al., 2019; Liu
et al., 2008), indicating that computer-supported learning systems
generally provide more benefits in terms of promoting learning perfor-
mance for the learners with low prior knowledge level in comparison
with the learners with high prior knowledge level. For example, Chen,
Chen et al. (2019) employed C4.5 decision tree to develop a collaborative
reading annotation system with formative assessment and feedback
mechanisms (CRAS-FAFM) based on four considered social network

indicators, which could forecast the learners with low reading compre-
hension and suggest them to interact with the learners who are predicted
with high reading comprehension performance and infrequently interact
in the digital reading activity to enhance their reading comprehension
through interactive discussion. Their study found that compared to the
collaborative reading annotation system without formative assessment
and feedback mechanisms (CRAS-NFAFM), the CRAS-FAFM provides
remarkable benefits in promoting the reading comprehension perfor-
mance and interactive discussion on the discussion level of comparison,
discussion, and analysis, particularly for the learners with low prior
knowledge level.

The study also found that the progress of the physics self-efficacy of
the students who are either high or low prior knowledge level using the
proposed ITD-DFM to support learning is significantly higher than those
of using TTS-NDFM. This result shows that the ITD-DFM could help
students’ review and achieve good learning performance through the
mechanism of DFM, thereby enhancing their physics self-efficacy. Many
previous studies have found that self-efficacy can predict learning
achievement in science for high school students (Britner, 2008; Lau &
Roeser, 2002). This study also confirmed that physics self-efficacy may
facilitate students’ learning performance in a physics course. Besides,
compared to the TTS-NDFM, the proposed ITD-DFM provides remarkable
benefits in promoting technology acceptance, particularly for the
learners with high-prior knowledge level. It means that the learners with
high prior knowledge level perceived the usefulness and ease of use of the
proposed ITD-DFM much more than the students with low prior knowl-
edge level. Namely, the ITD-DFM is an assisted learning tool towards
learners with higher prior knowledge level.

Moreover, based on the feedback from the students in the experi-
mental group who participated in a semi-structured interview, most of
the students suggested that the proposed ITD-DFM should provide more
questions for the learning unit and highlight the key parts of the question
for the learners to know where the question focuses on. In terms of
interface design, student’s suggestions included zooming in on fonts and
options to increase user convenience. Besides, students also hoped that in
the future, the ITD-DFM will be launched to the cloud platform so that
they can freely use and review at any time without restriction used in
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school classrooms.
7. Conclusions and future work

This study presents a novel ITD-DFM that can provide visualized, rich,
and high-quality test feedback as review signals to promote students’
learning performance, physics self-efficacy, and technology acceptance
based on simultaneously considering the features of summative assess-
ment and self-assessment. Importantly, the DFM can identify examinees’
test results as A, B, C, and D types so that examinees can know what
learning concepts are “skilled (fast and correct),” “understood but not
skilled (slow but correct),” “total incomprehension (slow and wrong),”
and “misunderstanding or guessing the answer (fast but wrong),” thus
guiding them to make more efficient review process. Moreover, the ITD-
DFM had the same effect on learning performance and physics self-
efficacy regardless of learners with high or low prior knowledge level,
but it provided higher technology acceptance to the learners with high
prior knowledge level than did the learners with low prior knowledge
level. The implication of the proposed ITD-DFM is successfully to expand
the features of traditional summative assessment based on test questions
and visualized feedback for review as well as bring the summative
assessment into new ground.

This study suggests two future research directions. Firstly, the
learning unit of light designed in this study is a physical subject. In
general, the physical subject requires more mathematical operations and
logical understanding. A future study may consider applying the pro-
posed ITD-DFM to other different disciplines, such as language, history,
or geography, to expand its application in different educational sce-
narios. Secondly, the proposed ITD-DFM did not record the detailed
operation behaviors of learners using the ITD-DFM to support learning.
Future study can use the new-generation learning process recording
technology, xAPI (Experience Application Programming Interface), to
record students’ learning processes and progress (Manso-Vazquez,
Caeiro-Rodriguez, & Llamas-Nistal, 2015) as well as discuss how
learners’ operation behaviors affect their learning performance, physics
self-efficacy, and technology acceptance.
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