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Abstract—Course learning outcomes are essential parts of
program outcomes in higher education. Improving course
learning outcomes is a challenging and ongoing task for
instructors. This paper aims to improve course cognitive
learning outcomes with a novel instruction design model in
higher education. A test-driven instruction design strategy is
proposed based on learning science theory and the
Outcomes-Based Education (OBE) paradigm. With the test-
driven design strategy, an instructor will design test cases
for each class or lecture. At the beginning of a lecture,
students will take a test. Then the instructor and students
have other learning activities. Before the end of the lecture,
the students will take the test again. After that, the
instructor and the students will discuss the content and solve
the problems according to the test results. This test-driven
instructional design strategy is aligned with the science of
learning and learning theories. The strategy explicitly
informs students about learning objectives and reminds
teachers to design activities according to learning objectives.
The assessment helps instructors and students understand
the cognitive outcomes of the classroom. It also helps
teachers focus on learning outcomes and understand the
challenges that students face. Our empirical study shows
that students achieved better course learning outcomes with
the test-driven design strategy than with traditional ones.

Keywords—cognitive domain, course outcomes, instructional
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I.  INTRODUCTION

The Outcome-Based Education (OBE) paradigm has
attracted global attention from universities and educators.
OBE emphasizes the success of each student and student-
centered learning, which meets the needs of all
stakeholders, including students and their parents,
industries, and governments. Spady advocates that
outcomes are high-quality demonstrations of what
learners can do after the completion of learning [1]. OBE
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has been widely used in higher education, such as
designing curricula [2], evaluating program outcomes [3],
and assessing course outcomes [4]. These studies are
important because course outcomes are essential
components of program outcomes. A course is composed
of a series of lectures or classes. Classroom outcomes
sustain course outcomes. However, there is a lack of
research on classroom learning outcomes. There is a gap
between the outcomes of a course and the outcomes of
the classrooms. In this article, we present a strategy to
improve classroom outcomes. With improved classroom
results, students will achieve the expected outcomes of
the course more easily, which will facilitate students to
achieve program outcomes. A process is provided to
demonstrate how to implement our Test-Driven Design
(TDD) strategy. The TDD model is applied in classrooms
of C programming courses in the spring semester of
2021-2022 at the Beijing Institute of Petrochemical
Technology. The results show that the group achieved
better course learning outcomes with the TDD model
than with traditional methods.

Il. REVIEW OF LITERATURE

A. Learning Outcomes

Learning outcomes have attracted more attention
recently. In higher education, the educational paradigm
changes from teacher-centered to student-centered. The
emphasis on education also changes from how instructors
teach to what students achieve. The idea of Outcome-
Based Education (OBE) is supported by various levels of
organizations, including governments and institutions.
However, there is a lack of a uniform definition of
learning outcomes. Different terms, such as learning
objectives and learning  outcomes, are used
interchangeably by some researchers [5]. In this article,
we define learning outcomes as what a learner achieves
after a learning experience. This definition is aligned with
the concept of culminating demonstration in the OBE
paradigm [6]. Furthermore, we advocate that learning
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objectives and learning outcomes are related but not the
same. We define learning objectives as expected learning
outcomes. The distinction makes it clear that a learner
may or may not achieve the expected learning outcome.
Therefore, it is important to clarify expected learning
outcomes. It is also important to assess whether learners
achieve the expected learning outcomes.

There are various models to classify learning outcomes.

Some divide learning into three domains, cognitive,
affective, and psychomotor [7]. For each domain, there
are different levels from low to high. For example, the
revised Bloom taxonomy for the cognitive domain
includes 6 levels [8]. Some classify learning outcomes
into program, program-specific, and course outcomes [9].

In this article, we focus on the cognitive domain.
Currently, while there are plenty of articles on course
learning outcomes, there is a lack of research on how to
improve course outcomes through classroom instruction.
Improving learning in a classroom is a question that
teachers around the world care about [10]. Therefore, we
focus on how to improve classroom learning with a
concrete strategy.

B. Science of Learning

The science of learning investigates and explains how
people learn. Progress has been achieved in this field over
the past decade. Related theories and principles of
learning not only explain what happens during learning
activities but also guide how teachers instruct. Susan,
Michael, and Marsha present seven principles for
instruction based on the science of learning, and one of
them is that objective-guided learning practice combined
with effective feedback improves learning [11]. The
principles of learning science have been adopted in
education. For example, researchers provide a framework
for applications designed to enhance learning [12].

Additionally, the science of learning is evolving and
new theories or principles will be provided. For example,
the achievement of neuron science and other different
fields facilitates the creation of a new science [13].

Research accomplishment in the science of learning

provides a sustainable theoretical foundation for
developing novel and creative instructional design
models.

C. Instructional Design

During the past 50 years, a variety of different
instructional design models have been developed
Research on the instructional design began with the
requirement of training military service during the
Second World War [14]. Instructional design is the
creation of instructional materials consistently and
reliably [15]. To improve learning and performance,
instructional design involves the life cycle of instruction,
such as analysis, design, development, implementation,
evaluation, and management [16]. The ADDIE mode, one
of the well-known instructional design models, consists
of five stages: analysis, design, development,
implementation, and evaluation [17]. This simple general
model has been widely used in the instructional design of
courses and programs [18].
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Another widely used model in curriculum design is the
UbD framework. The Understanding by Design
framework (UbD) represents a process for the design of
courses, assessments, and instruction [19]. Similarly to
the OBE paradigm, the UbD framework emphasizes ‘the
ends’ and employs the backward approach to design a
curriculum based on the expected learning outcomes.

Although the number of instructional design models is
increasing, some issues are still common among models.
More than four decades ago, Andrews and Goodson
found that most models were not based on learning
theories and there was a lack of documents explaining
model applications after the review of instructional
design models [20]. Some issues of instructional design
models are still not resolved [21].

In this article, we focus on the instructional design for
each classroom, instead of courses or programs. Based on
the OBE paradigm and the UbD framework, our
instructional design model comprises a planning process
for the development and application of test cases.

I1l. METHODS

The research question is whether our presented test-
driven design model for instruction can improve student
cognitive learning outcomes in a lecture or a class.

The hypothesis is that the TDD model can improve
student lecture cognitive learning outcomes.

First, the TDD model is introduced. Then the TDD
model was used in classes to investigate the effect on the
outcomes of cognitive learning of the students.

The Statistical Package for the Social Sciences (SPSS
version 26) is used as a tool to analyze the data.

A. Test-Driven Design Model

Test-Driven was initiated as a practice for developing
high-quality software about two decades ago. The
traditional software development process has the
following sequence: analysis, design, code, and test. This
method is also called test-last because a test occurs after
coding is completed. To overcome the limitations of
traditional development methods, the test-driven method
moves the test from the end to the beginning, forming a
new cycle: test-design-code-refactor [22]. Research
shows that the test-driven method reduced code defects
and improved software quality [23]. Although the
concept of testing first is not new, testing-driven has been
used mainly in software development practice [24].

There are different types of learning outcomes. In this
article, we focus on cognitive learning outcomes.
Learning outcomes refer to the cognitive learning
outcome in our model. During instructional design,
course learning outcomes are broken down into unit
learning outcomes, which are further divided into
learning outcomes for each lecture. Usually, a lecture
learning outcome is a basic outcome, which is no longer
split. A class session contains one or two learning
outcomes from the lecture. With traditional instructional
design methods, an instructor will design teaching and
learning activities according to the expected learning
outcome(s) (or instructional objectives). However, with
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our instructional design model, teachers will develop test
cases for lecture learning outcomes. Test cases are used
to measure whether students achieve the expected
learning outcomes or not.

After developing test cases, teachers continue to design
teaching and learning activities as traditional approaches.
This model is named Test-Driven Design (TDD) because
test cases are created according to the expected learning
outcomes of a lecture and test results will affect the
following instruction. In a class or a lecture, after
introducing the learning objectives, a teacher will assess
the students with a test case that would be randomly
selected from the test cases created. Then the teacher and
students will continue the lecture in traditional ways.
Before the end of the class, the students will take the test
again. Then the results will be discussed, and errors will
be corrected if there are any. The TDD model is depicted
in Fig. 1.
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Fig. 1. Test-Driven model for instructional design.
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B. Experimental Process

An experiment was designed to test the hypothesis.
The C programming language is a compulsory course for
undergraduate  students majoring in  mechanical
engineering or automatic engineering. The students took
the course in the second semester of their first year. The
course lasted 12 weeks with two 2-hour sessions each
week. One group consisted of students from mechanical
engineering and another group consisted of students from
automatic engineering. One of the two groups was
randomly selected as the Experimental Group (EG) and
the left as the Control Group (CG).

Both groups had a test as a pretest (Test P) in the first
week of the course. The test-driven strategy was
employed in EG and traditional methods in the CG group
for the next 12 weeks. In the 14th week, two weeks after
the end of the course, both groups were evaluated with
another test as a post-test (Test F). The student grades for
Test P and Test F were analyzed. The process is shown in
Fig. 2.

1. The C programming Course
2.Two Instructors for teaching
3. One instructor for evaluation design
4.Two Groups

'
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Strategy for 12 weeks
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Analyze Result from two tests
(Test P and Test F)

Fig. 2. The process for the experiment.

C. Participants

There were 53 undergraduates (female = 17, male = 36)
from automatic engineering in group one and 54 students
(female = 17, male = 37) from mechanical engineering in
group two. Group two was randomly chosen as the



International Journal of Learning and Teaching, Vol. 10, No. 1, 2024

Experimental Group (EG) and group one as the Control
Group (CG).

Instructor A, with a Master’s degree in mechanical
engineering, taught the Experimental Group (EG).
Instructor B, with a doctorate in automatic engineering,
was responsible for the Control Group (CG). Instructor C,
an independent teacher with a doctorate in computer
science, was in charge of the design of tests for both
groups but did not participate in teaching.

In the first week, before the course, a test designed by
Instructor C was assigned to both groups. The test
includes three questions about C programming. The first
was multi-choice about valid variable names. The second
question was about loop statements and required students
to write the value of a variable. The third, related to
conditional statements, asked students to write the value
of a variable.

During the following 12 weeks, Instructor A taught EG
with the test-driven strategy and created all test cases for
the class. Instructor B taught CG with methods used
before. Both groups had 2-hour lectures twice a week.

Both groups finished the course in the 12th week. Then,
all students had a week to prepare for the final test, which
was designed by Instructor C. In the 14th week, all
students took the final test.

IV. RESULTS

For the first test (Test P), only several students in both
groups correctly answered the questions. It is
understandable because most students had not learned a
programming language before. For each group, we
counted how many students correctly answered the
questions. Table | shows the number of students in two
groups who answered correctly or incorrectly for each
question.

TABLE |. NUMBER OF CORRECT AND WRONG ANSWERS FOR EACH

QUESTION
eroup Question corlrléjgg 2?12\?\,;5 wr:l)%;ngﬁgv%rs
CG 1st question 7 6
CG 2nd question 3 50
CG 3rd question 1 52
EG 1st question 6 48
EG 2nd question 2 52
EG 3rd question 1 53

For the first question, 7 students in the CG answered
correctly and 6 did in the EG. The Pearson Chi-Square
test is used to analyze the differences between the two
groups. The results show that there is no significant
difference (p = 0.518 > 0.05) between the two groups.

For the second question, Fisher’s test is used because
the number of correct answers is 2 and 3 respectively.
Both are less than 5. There are no significant differences
(p = 0.678 > 0.05) between the two groups in answering
the second question.

Similarly to the second question, there is no significant
difference (p = 0.556 > 0.05) between the two groups for
the third question.
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We can conclude that there is no significant difference
in the knowledge of the C programming language
between the CG and the EG.

For the final test (Test F), the normality distributions
of grades were checked with the Shapiro-Wilk Test in
SPSS 26. Statistics were shown in Table I1.

TABLE Il. NORMALITY TEST WITH SHAPIRO-WILK

Std. - -
Group  Mean Deviation Statistic Df  Significance
CG 58.5 16.2 0.992 53 0.969
EG 65.5 18.1 0.931 54 0.004

The students in EG had a higher average grade than the
students in CG. The p-value of CG is 0.969, which
indicates that the grades of CG distribute normally.
However, the p-value of EG is 0.004, which means that
the grades of EG did not distribute normally.

Therefore, a nonparametric test, the Mann-Whitney
Test, was employed to compare the means of the two
groups. And the one-tailed p-value is 0.013 (p < 0.05),
which indicates that there is a statistical difference
between the means of the two groups.

Based on the results of two tests, we concluded that at
the beginning of the ¢ programming course, students from
CG and EG had similar knowledge or skills in C
programming. At the end of the course, students in the
EG had a significantly higher average grade than students
in the CG did.

V. DISCUSSION

Explicit learning objects motivate students to learn.
The expected learning outcomes of a lecture help students
understand what they should be able to do at the end of
the lecture.

The TDD model helps instructors align their
instruction with the learning outcomes. During the
process of test case design, teachers will fully understand
the objectives of a lecture, which facilitates the
development of the teaching and learning activities or
learning resources. The emphasis on learning outcomes is
aligned with the OBE paradigm.

Students take a test twice in a class. The first-time test
helps students understand not only the expected learning
outcomes but also the context in which students learn
how and when to apply what they learn.

The second time, the students know their performance
and the gap between the expected outcomes and their
actual achievement. It will also help the instructor to get a
clear picture of the student learning outcomes, which
helps the instructor reflect on teaching and learning.
Additionally, the instructor provides students with
effective instant feedback on student performance. The
specified feedback practice guided by goals is in line with
the principles of how people learn [11].

Therefore, the test-driven design model incorporates
the critical tenets of the science of learning. According to
Gagne’s learning theory, learning conditions include
attracting the attention of learners, knowing the learning
objectives, providing effective feedback, and measuring
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the learning outcomes [25]. The TDD model helps
instructors teach by complying with some of the
conditions. For example, it explicitly informs students of
the learning objectives at the beginning of a class. The
test helps students to see the context for the application of
new knowledge. All of this helps students understand
what they will learn and why. The test before the end of
the class will assess what they have learned, helping
teachers and students know the learning outcomes. Then
the following discussion will provide students with
instant feedback, which corrects students’
misunderstandings and fosters deep learning.

However, there are some limitations of this research.
Firstly, the sample sizes of students and teachers are
small. There were 53 students in the control group and 54
in the experimental group. And three instructors
participated in this study. We cannot tell whether bigger-
size groups will achieve the same benefits with different
instructors. Secondly, the presented model was applied in
only the C programming course. It is not clear whether
the TDD model can improve learning outcomes in other
courses. Therefore, we will try this model in more
courses in the future. In addition, this study did not
investigate the participants' opinions about the model. We
know neither what the instructors think about the model
nor what the students think about the model.

Therefore, more work is required to investigate the
reliability and validation of the TDD model. In the future,
we will apply this model in more courses with different
size classes. Also, we will survey opinions from students
and instructors about the TDD model.

VI. CONCLUSION

A Test-Driven Design (TDD) model is presented to
improve course learning outcomes in higher education.
Based on learning theories and related principles, the
TDD model guides teachers in designing instruction by
starting with creating test cases according to learning
outcomes. The TDD helps instructors keep assessments,
learning and teaching activities, and learning outcomes in
line. An experimental application of the TDD reveals that
the TDD improved student learning outcomes in the C
programming courses.
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