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Abstract: Due to the rapidly increasing number of students at universities in recent years, universities
may arrange students from different majors in the same class, which may bring several challenges in
teaching and learning for students and teachers, such as poor class experience, less class discussion
and more workload for teachers. In this paper, we investigate the learning achievements of students
with different major backgrounds based on a large-size course of Introduction to Java Programming.
Approaches of difficulty index, incrimination index, failure rate, median average mark, average mark
and standard deviation are used to evaluate students’ learning achievements based on students’
coursework assignments, continuous assessment and the final exam. Results show that major
backgrounds could significantly affect learning achievements even in the same teaching and learning
environment. To achieve a better learning experience and performance, we finally divided the original
module into two separate modules for students with different major backgrounds.

Keywords: major background; learning achievement; difficulty index; discrimination index;
data analysis

1. Introduction

Due to the rapidly increasing number of students at universities, tighter budgets and
shortage of qualified teachers [1] in recent years, some introductory courses at the under-
graduate level are usually taught in large-size classes with large numbers of students from
different majors. However, actively involving students in the learning process is crucial for
improving students” understanding [2]. A high student-teacher ratio will increase teachers’
workload and decrease the communication between students and teachers. As a result,
many students feel discouraged from actively joining class discussions and have a poor
overall learning experience in large-size classes. On the one hand, many studies have
shown that smaller classes are beneficial to students’ learning experience, efficiency and
achievements [3-5]. On the other hand, other studies have shown little, if any, improvement
in student learning efficiency in small classes [6-8]. To reduce teachers” workload in large-
size classes, online learning platforms are being widely used as an additional interaction
platform between teachers and students [9]. With the rapid development of information
technology and the Internet, online learning resources have been rapidly developed, and we
can obtain learning resources we are interested in anytime and anywhere via the Internet.
Many assessment models have been proposed to evaluate the impact of online learning
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on students’ learning achievements [10,11]. The difficulty index [12,13], discrimination
index [14], distractor efficiency [15] and meta-analysis [16] were widely used to evaluate
students’” examination performance and learning achievements. The Open University in
the UK indicated that compared to traditional on-site courses, online courses could save
an average of 90% less energy and 85% fewer CO; emissions for each student [17]. Online
learning is becoming more popular around the world for its advantages in overcoming the
time and spatial barriers of traditional on-site learning [18]. Many E-learning tools with
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rich features have been developed for online teaching, learning and meeting, such as Zoom,
Microsoft Teams, Tencent Meeting and Google Meet [19]. Compared to traditional on-site
teaching and learning activities, these online teaching and learning tools, technologies and
platforms help instructors manage students in a large class more efficiently. Though on-
line teaching and learning platforms can support large-size classes much better and help
instructors have large-size classes with large numbers of students from different schools
and majors, little research has been carried out to confirm whether the difference in major
backgrounds can affect student learning achievements when they are in the same teaching
and learning environment.

During the COVID-19 global pandemic, there was a significant change in education
as schools and universities shut down on-site instruction and moved to online teaching
and learning [20]. Xi’an Jiaotong-Liverpool University (XJTLU) also suffered from the
outbreak of COVID-19. Thus, XJTLU officially launched Learning Mall (LM), an online
education platform, on 22 May 2020 to support online teaching and learning. Integrated
with other online teaching and meeting tools, such as Zhumu, BigBlueButton virtual
classroom, Mediasite, etc., it provides a powerful online platform both for teachers and
students to support teaching and learning activities. The online space of Learning Mall
is an online community platform gathering educational products and resources created
by XJTLU and other top global partners. It also provides online and on-site space for top
global partners to share their learning resources with their users. The Learning Mall can
promote the concept of lifelong learning by integrating on-site and online programmes and
courses developed by the University, industry, and external partners and offering them as
learning resources to a wide net of different education consumers.

CPT105 (Introduction to Programming in Java) is a Java programming course for Y2
students that opened in Semester 1. With the rapid development of computer programming
in various industries, programming courses are widely welcomed not only by computer
science students but also by students from other majors. As an introductory computer
programming course, the module is open to students from five schools at XJTLU: the School
of Advanced Technology (SAT), School of Film and Television Arts (FTA), International
Business School (IBSS), School of Science (SCI) and School of Humanities and Social Science
(HSS). Because it is the first computer programming course both for computer-science-
related students in SAT and non-SAT schools, we arranged all students from the five schools
together and formed a large-size class for CPT105. With the rapid development of XJTLU
in recent years, the number of students in CPT105 also increased rapidly, resulting in one
of the largest modules at XJTLU. It had 1012 students in 2021 with three academic staff
and 16 teaching assistants (master and PhD students) to take lectures, labs, coursework
assignments and the final exam. Due to the effects of COVID-19 in 2021, some students,
especially international students, could not return to campus. Thus, we conducted mixed
teaching based on Learning Mall both for on-site and online students. Students on campus
were required to participate in on-site lectures and labs, and they could have face-to-face
interaction with teachers. At the same time, the teaching process was broadcast to the online
students in real-time using BigBlueButton, Zoom and other online teaching and learning
tools, and the online students can communicate with the teachers and on-site students
in real time via the Internet. In addition, all the coursework assignments and the final
exam were changed from on-site to online to provide the same assessment environment
for both on-site and off-site students. On the one hand, the change from traditional on-site
teaching and learning activities to mixed teaching and learning brought teachers more extra
workload to prepare for the online teaching and assessment materials. On the other hand,
it also provided an opportunity to analyze and assess the students’ learning performance
based on the detailed results of students’ coursework assignments and exams saved in the
online teaching and learning platform.

In this paper, we analyze the learning achievements of all students in CPT105 with
different major backgrounds based on massive teaching and learning data collected from
the Learning Mall. We introduce the assessment methods in Section 2. Section 3 analyzes
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the learning performance of students from five different schools. Finally, we make a
conclusion in Section 4 and point out the future research direction.

2. Assessment Methods

Exams are always preferred to assess whether students have obtained the necessary
learning outcomes that are expected after the completion of a course and to fairly distin-
guish their performance and achievements. To evaluate student learning performance at
all stages and in all of the fields of education, multiple question categories are widely used
in CPT105, such as true—false tests, multiple-choice questions, fill-in-the-blank questions,
short-answer tests and written examinations [21]. There are three coursework assignments
and one final exam for the assessment of CPT105. The mark distribution and assessment
methods are shown in Table 1.

Coursework 1 is a continuous online assessment and contributes towards 15% of
the final mark. Each week, after the lecture and lab session, students were required
to complete some online programming tasks on the Learning Mall. These tasks were
automatically graded by Learning Mall when students submitted their source programming
codes. Instant feedback and grades were sent to students to help them confirm whether
they have mastered the knowledge taught in the lectures and lab sessions. Coursework 2
also contributes towards 15% of the final mark and includes two in-class tests in Weeks 5
and 9, respectively. These two tests were arranged in lab sessions. Though these two tests
were online using the Learning Mall platform, all of the on-site students were required to
complete online tests in the laboratory under on-site invigilation. Off-campus students
were required to participate in the online test remotely at the same time and log into
BigBlueButton for remote invigilation via live videos. Coursework 3 is an individual
programming task including four programming questions and contributes towards 30%
of the final mark. Students were asked to complete them after class and submit all of
the source codes to the Learning Mall before the deadline for teachers to grade manually.
The final exam includes twenty-five MCQ questions and seven written questions (one fill-in-
the-blank question and six programming questions) contributing towards 40% of the final
mark. Similarly to Coursework 1 and 2, all of the on-site students were required to complete
the final exam online but in the laboratory under on-site invigilation, while off-campus
students attended the online exam remotely at the same time under live video invigilation.

Table 1. Assessment of CPT105.

Assignment  Mark Contribution Assessment Method Description

A continuous assessment with
online coding tasks each week.
Two in-class tests in Week 5 and
9’s lab sessions, respectively.
Coursework 3 30% Offline Individual programming task.
In-class test with online
programming tasks in the lab.

Coursework 1 15% Online

Coursework 2 15% Online

Final exam 40% Online

3. Results, Analysis and Discussion
3.1. Overall Learning Achievement
Besides eight students who withdrew from the module due to individual issues,

1004 students completed the study of CPT105 in Semester 1, 2020-2021. Table 2 shows the
overall learning achievements of all students in CPT105.
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Table 2. Overall learning achievements of CPT105.

Average Standard

Assignment  Contribution Mark Median Mark Deviation Failure Rate
Coursework 1 15% 77.2 91.2 29.7 14.2%
Coursework 2 15% 76.6 87.0 27.0 12.0%
Coursework 3 30% 74.0 84.0 27.4 10.4%

Final exam 40% 68.2 71.0 18.6 6.1%
Final mark 100% 72.6 78.7 21.2 8.6%

From Table 2, we find that the final average mark is 72.6 and the final failure rate is
8.6% for all students in CPT105, both in a reasonable range. However, we find that the
average mark is decreased from 77.2 for Coursework 1 to 68.2 for the final exam, while
the failure rate of these assessments is also decreased from 14.2% for Coursework 1 to
6.1% for the final exam. This is because Coursework 1 takes place each week in the early
stages of the semester, aiming to examine fundamental concepts in each lecture and allow
students to become familiar with the assessment format. However, Coursework 2, 3 and
the final exam required students to use the knowledge they had learned and examined
students” comprehensive programming skills. Thus, the difficulty level from Coursework
1 to the final exam is increased gradually, the average marks of these assessments are
also decreased and Coursework 1 has the highest average mark while the final exam has
the lowest mark. However, considering that most students may have had no academic
background in programming, Coursework 1 is still a challenging assignment for some
students, resulting in the highest failure rate compared to other assessments. The standard
deviation of Coursework 1 is also higher than other assessments, which means that the
individual mark of Coursework 1 has a higher level of dispersion than other assessments.
As the study continued and students mastered more programming knowledge, the failure
rate was slightly reduced from 12% to 10.4% and 6.1% for Coursework 2, Coursework 3
and the final exam, respectively. In addition, the standard deviation is also decreased from
29.7 for Coursework 1 to 18.6 for the final exam.

3.2. Overall Difficulty Index Analysis

The difficulty index is a powerful analytical tool, which is widely used for statistical
analysis, especially when evaluating the validity of exam questions in an educational
setting. It has been identified as one of the approaches that can evaluate the difficulty level
of examination questions and classify them into three levels, namely, easy, moderate and
hard. A low value of the difficulty index means the question is difficult for students, and a
too-high index value indicates that the question is too easy for most students. For objective
questions, such as MCQ and fill-in-the-blank questions, the difficulty index is defined as
the ratio of the number of students who could answer the questions correctly to the total
number of students who participated in the exam [22]. The higher this ratio, the lower the
difficulty. It is calculated by the following equation:

Pi= (1)

where p; is the difficulty index of question i; C; represents the number of students who
answered question i correctly and N is the total number of students who participated in
the exam.

However, for subjective questions, such as short-answer and programming questions,
the difficulty index of a question can be defined as the ratio of the average mark of all
students to the full mark of the question, which is defined as follows [23]:

Ly Sij
Pi= NxEN; ()
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where S;; is the score of question i achieved by student j; Z]-Zil Sij represents the total score
obtained for question i of all the students; N is the number of all students and FN; is the
full mark of question i.

Because most questions of Coursework 1, 2 and 3 were programming questions,
we regarded the three coursework assignments as subjective questions and calculated
their difficulty index using Equation (2). The difficulty index of the three coursework

assignments is shown in Table 3.

Table 3. Difficulty index of three coursework assignments.

Assignment Difficulty Index
Coursework 1 0.77
Coursework 2 0.77
Coursework 3 0.74

The final exam includes twenty-five MCQ questions and seven written questions.
To evaluate the final exam in detail, we calculated the difficulty index for MCQ questions
using Equation (1) and for the remaining seven written questions using Equation (2).
Figure 1 shows the detailed difficulty index for all final exam questions.

According to the difficulty index classification [24], the optimal difficulty index range
is between 0.2 and 0.80. Table 3 shows that all of these three coursework assignments are
in the reasonable difficulty range. Figure 1 shows that Q32 is the most difficult question
for students, and its difficulty index is 0.19. Considering that Q32 is the last question of
the final exam, we think it is reasonable to set a relatively higher difficulty level to the last
question to distinguish the learning performance of each student. The easiest question is
Q6, with the highest difficulty index of 0.93. The average difficulty index of all twenty-five
MCQ questions is 0.82, while for the seven written questions it is 0.54. This means that
the written questions are a little bit more difficult than the MCQ questions. The overall
difficulty index of the final exam is 0.68, which is also in the optimal range.

Difficulty Index of final exam

091097 092
0.88 0.88

0.70 0.71

Difficulty index
(=]
b

Ql Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 QI0QIIQI2QI3QI4QI5 Q16 Q17 QI8 Q19 Q20 Q21 Q22 Q23 Q24 Q25 Q26 Q27 Q28 Q29 Q30 Q31 Q32

Question items

Figure 1. Difficulty index of questions in the final exam.

3.3. Overall Discrimination Index Analysis

The discrimination index estimates how discriminating questions in an exam are,
i.e., how well a question can differentiate between students who scored highly on the total
test and those whose scores were low. It is an effective measurement for each question in
the exam based on the performance comparison between stronger and weaker candidates.
Based on the analysis of the discrimination index, we can identify whether a question is
too hard even for the group of students with high marks or whether the question is too
easy meaning that even the group of students with lower marks could answer it correctly.
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A discrimination index of 0.40 and above is regarded as a very good question, 0.30-0.39 is
reasonably good, 0.20-0.29 is a marginal question (i.e. subject to improvement) and 0.19
or lower is a poor question [25,26]. The discrimination index can be calculated using
Equation (3):

LH-YL

N X (Scoremax — Scoreyy)

where )" H is the total score of 25% of students with the highest final mark, }_ L is the
total score of 25% of students with the lowest final mark, N is 25% of the total number of
students who participated in the exam, Scorey;qy is the maximum mark for the question
and Score,,;,, is the minimum mark for the question.

There were 1004 students who completed the study of CPT105. We sorted the students
in descending order according to their final marks and selected the first 251 students and
the last 251 students, respectively, to calculate the discrimination index. The discrimination
index of the three coursework assignments is shown in Table 4.

DiscriminationIndex =

®)

Table 4. Discrimination index of three coursework assignments.

Assignment Discrimination Index
Coursework 1 0.59
Coursework 2 0.52
Coursework 3 0.57

The discrimination indexes of all three of these coursework assignments are larger
than 0.4 and less than 0.6, which means that all of these three coursework assignments have
good positive discrimination. Figure 2 shows the discrimination index of each question for
the final exam.

0.8

0.7

S
o

o
i

o
L

Discrimination Index
(=]
-

o
v

0.17 0.18 0.18 0.18

o

QI Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 QI0QIIQI2QI3QI4QI5QI6QI7QISQI9Q200Q21 Q22023 Q24Q250Q26Q27Q28Q29Q30031 Q32

Question Items

Figure 2. Discrimination index of questions in the final exam.

Figure 2 shows that the discrimination indexes of Q3, Q6, Q18 and Q19 are 0.17,
0.18, 0.18 and 0.18, respectively, and are considered to be a little bit lower discrimination
indexes than usual. Compared to the difficulty index in Figure 1, we find that these four
questions also have very high difficulty indexes of 0.88, 0.96, 0.92 and 0.89, separately.
From Figures 1 and 2, we find that, in general, difficult questions (low difficulty indexes)
usually have high discrimination indexes. It is because, compared to students with high
marks, difficult questions are much harder for students with low marks, and they get
fewer marks, resulting in high discrimination indexes. Besides the four questions with low
discrimination index, the discrimination indexes of the remaining 23 questions are all in
the normal range. The average discrimination index of the final exam (all questions) is 0.36,
which is also in the reasonable range.
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3.4. Learning Achievement Analysis for Students in Different Schools

From the analysis in Sections 3.2 and 3.3, we find that the difficulty index and dis-
crimination index of 3 coursework assignments and the final exam are all in reasonable
ranges. It means that we can use the results of these coursework assignments and the final
exam to assess the learning performance of all students in this module. To observe detailed
learning achievements of students in different schools, we divided all of the students into
five groups (SAT, SCI, IBSS, FTA and HSS) and analyzed their learning achievements for the
three coursework assignments, the final exam and the final mark, respectively. Figures 3-6
show the average mark, failure rate, median mark and standard deviation, respectively,
for students in each school.

Figure 3 indicates that SAT students have the highest average mark on all assessments
and the final mark, while HSS students have the lowest average mark in all aspects.
The average final mark of HSS students is 16.7 points less than that of SAT students, which
shows a significant gap between SAT and HSS students. The final average mark for the
schools in descending order for SAT, SCI, IBSS, FAT and HSS is 77.2, 73.5, 67, 65.3 and 60.5,
respectively. We also find that SCI students have the second-highest average marks in all
assessments and the final mark. The gap in marks between SAT and SCI students is slight,
compared to the gap between SAT and other schools.

mSAT mSCI mIBSS ©FTA mHSS
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0 X o0 2= =~
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s g | | | |
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Figure 3. Average mark of students in five schools.

The failure rate in Figure 4 shows that the SAT students also have the lowest failure
rate on all three coursework assignments and the final exam, while HSS students have
the highest failure rate on all assessments. The final failure rate of SAT students is 5.9%,
while that of HSS students is much higher at 18.2%, which is more than three times that
of SAT students. The failure rate of SAT students is significantly decreased from 11.1%
for CW1 to 2.1% for the final exam, which means that the failure rate of SAT students has
dropped by 81% during the learning process. However, the failure rate of HSS students
is 27.3% for CW1 and 18.2% for the final exam, which is only a drop by 33.7%. From the
first coursework to the final exam, the failure rate of SCI, IBSS and FTA students dropped
by 64.3%, 55% and 33%, respectively. We also find that the failure rate of SCI students is a
little bit higher but very close to the failure of SAT students, which is similar to the average
mark of SAT and SCI students in Figure 3.
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Figure 4. Failure rate of students in five schools.

The median mark in Figure 5 shows similar results as in Figures 3 and 4. We find that
SAT students have the highest median mark for each coursework and the final exam,
while HSS students have the lowest mark. It also indicates that SAT students have
the best learning performance compared to others, while HSS students have the worst
learning performance.

We find from Figure 6 that the standard deviation mark of SAT students is also much
lower than other students, which means that the learning performance of SAT students is
higher even in CPT105 than other students in SCI, IBSS, FAT and HSS.

Figures 3-6 indicate that though all students have the same lectures and teachers
within the same class, SAT students have the best learning performance, while HSS stu-
dents have the worst performance in all aspects. We reviewed all assignments and exam
questions and found that there were many questions that required students to have some
mathematical knowledge and logical reasoning skills, especially those with lower difficulty
indexes and higher discrimination indexes (difficult questions for students). Thus, we
think this is mainly because the programming module requires mathematical knowledge
and logical reasoning skills. Good mathematics and logical reasoning ability helped SAT
students to adapt to the teaching of computer programming quickly and achieve the high-
est academic performance in the end. In addition, SAT students also realise that as the
first programming module for their major, CPT105 is essential for their further study in
the next three years, which may encourage them to study harder than other students and
spend more time on this module. SCI students also have strong mathematical backgrounds
and achieve higher final marks than IBSS, FTA and HSS students. However, on the one
hand, some FTA and HSS students may not have strong mathematics and logical reasoning
skills. Thus, CPT105 is a little bit more difficult for them. On the other hand, computer
programming may not be essential for their majors, and they may not spend much time on
this module. Thus, they achieve the lowest final mark compared to the other students.
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Figure 5. Median mark of students in five schools.
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Figure 6. Standard deviation of students in five schools.

4. Conclusions

In this paper, we analyzed the learning achievements and performance of CPT105,
the first introductory programming module, for 1012 students with different majors in
different schools. Results showed that although all students had the same learning envi-
ronment, SAT students showed the best learning performance, while HSS students got
the worst performance in all aspects. The difference in learning achievements between
SAT and HSS students is significant. Our research contributes to findings and confirms
via massive data analysis that students” major background can significantly affect their
learning motivation and achievements, especially when a course needs some particular
academic background knowledge that some students do not have or may not be good at.
This finding is consistent with the conclusions proposed in [27] that the correlation between
mathematics ability and achievement in basic programming is positive and significant. It is
also similar to [28] in the sense that knowledge and organization can affect the final course



Educ. Sci. 2023, 13,127 10 of 11

grade. Therefore, we should consider the impact of majors when we make a large-size class
for students from different majors.

Based on the learning achievements analyzed above and considering that it is a
challenging task for teachers to manage on-site teaching and lab sessions with so many
students, we decided to split CPT105 into two modules: CPT105 for non-SAT students and
CPT112 for SAT students, to improve the teaching and learning experience both for teachers
and students. In addition, we decided to slightly increase the teaching content for CPT112
and increase the assignments’ difficulty indexes to improve the learning outcomes for SAT
students. For non-SAT students (IBSS, SCI, FTA and HSS), we will slightly enhance the
teaching content to reduce the mathematical requirement while increasing the programming
knowledge and skills.

The limitation of this paper is that we have not collected massive teaching and learning
data to evaluate the effect of teaching SAT and non-SAT students in two different modules.
In the future, we will continue to track and analyze students’ learning achievements in
these two modules by collecting more data, and evaluate the improvement in learning
performance by separating SAT and non-SAT students into two separate classes.
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