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Abstract: Online assessment is one of the important factors in online learning
today. An online summary assessment is an example of an open-ended question,
offering the advantage of probing students’ understanding of the learning
materials. However, grading students” summary writings is challenging due to
the time-consuming process of evaluating students’ writing assignments.
Particularly, if the course is delivered in a Massive Open Online Courses
(MOOCs) platform where the number of students is massive. Therefore, the
purpose of this research is to develop a feature that can analyze student summary
results and provide feedback. The feedback given varies for each student as it
depends on the results of the summary assessment. The algorithm employed in
the online summary with an automated feedback feature was Cosine similarity
which is part of text similarity in natural language processing (NLP). To measure
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the effectiveness, usability, and student satisfaction of this feature, 100 students
were involved as research participants. The results of this study indicated an
increase in student learning outcomes. In conclusion, student responses to the
use and satisfaction of this feature are good.

Keywords: Adaptive assessment; Automated feedback; Online summary
assessment; Open-ended questions; Massive open online courses (MOOCS)
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1. Introduction

The term “Massive Open Online Courses” (MOOCs) was coined by Stephen Downes and
George Siemens. It has been identified as one of the emerging educational technologies
between 2010 and 2014 (Zawacki-Richter & Naidu, 2016). It became a popular buzzword
during the COVID-19 pandemic again, after previously being considered stagnated before
2020 (Ossiannilsson, 2021). Currently, the number of MOOCs users has increased,
especially during the COVID-19 outbreak (Impey & Formanek, 2021; Impey et al., 2021).
This surge was due to COVID-19 restrictions for outdoor physical activities Hence,
MOOCs became a solution because they offer flexibility in learning which makes it
different from formal education formats in general and we know that MOOCs are really
changing the way in which people use and share digital knowledge (Cirulli et al., 2016).
However, in recent years MOOCs have transformed to meet formal learning qualifications
through recognition, accreditation, and certification. Several universities have recognized
courses taken at MOOCs held by other institutions through the provision of formal credit
(Despujol et al., 2022). Several countries including the European Union, Indonesia, India,
and Malaysia are categorized as the early adapters in providing recognition to courses held
by other institutions (Garcia et al., 2021). MOOCs accreditation has also been carried out
at one of the conventional universities in China, but the implementation of MOOCs
accreditation at that university still has challenges and requires future improvement (Wang
et al., 2019). Garcia et al. (2021) also confirm that granting academic credit or credit
transfer provides at least three benefits to an institution including cost efficiency and
resource efficiency by expanding access to higher education without having to open new
courses. In addition, another benefit is improving the quality of higher education by
utilizing course content offered by well-known experts or professors at other institutions

Since the beginning of the MOQOCs trend, many researchers have begun to focus on
implementing MOOC:s in traditional classrooms (Israel, 2015). Numerous MOOQOCs are
used as stand-alone online courses without formal credit but are open to anyone or used for
registered students in academic institutions that provide MOOCs. In recent years several
studies have made MOOCs a complementary resource that blended it with a traditional
classroom in order to achieve a better learning outcome (Brali¢ & Divjak, 2018; Feitosa de
Moura et al., 2021).

However, along with the popularity of MOOCs in formal education, the challenges
still remain, including how to access learning in MOOCs (Bayne & Ross, 2014; Bozkurt,
2021; Chauhan, 2014). With a large number of MOOCs users, it is not possible to carry
out the process of assessing learning outcomes and providing feedback to students
manually one by one. Some MOOCs providers use multiple-choice questions to gauge
students’ mastery of the concept and peer assessment (Suen, 2014). Alternative approaches
for online evaluation include automatic essay scoring (AES) or calibrated peer review
(Balfour, 2013).

Summary writing can be viewed as an essential assessment to gauge the students’
understanding of the learning materials (Krathwohl, 2002). However, grading students’
writing and providing individual feedback to each student is very difficult and time-
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consuming for teachers. Therefore, this research objective is to develop an online summary
analyzer with automated feedback. The research questions are as follows:

RQ1: How is the design of the online summary framework with automated feedback in
the MOOCs?

RQ2: How are the student learning outcomes using online summaries with automated
feedback features in MOOCSs?

RQ3: What is the students’ perceived usefulness of online summary with automated
feedback feature in MOOCs?

RQ4: How satisfied are the students with the use of online summaries with automated
feedback feature in MOOCs?

2. Literature review

2.1. Assessment in massive open online courses (MOOCS)

Assessment is one important factor in the learning process (Kearns, 2012). An assessment
is not only aimed at assessing the performance and progress of student learning, but an
assessment must be able to provide motivation to students (Bennett & Wynne, 2006).
Based on the results of an assessment, a teacher can reflect on student learning outcomes.
It can be said that an assessment can enhance learning (Andrade & Heritage, 2017).
Birenbaum et al. (2015) explain that assessment generally has three main missions, namely
as an assessment of learning (to assess learning outcomes), assessment for learning (to
improve learning), and assessment as learning (as a means of learning). In the higher
education environment, assessment is one of the core elements in education that informs
all relevant stakeholders about the learning outcomes and the journey to attain the required
qualification. Lecturers are the frontline as central stakeholders needing to be directed
towards meeting the student needs and that is one of the major goals of assessment (Rocco,
2007; Rocco & Muselli, 2007). Assessment has been described as “the heart of the student
experience” and is “probably the single biggest influence on how students approach their
learning” (Rust et al., 2005).

One of the limitations of MOOCs is evaluating and providing feedback on open-
ended assignments (Admiraal et al., 2015; Galikyan et al., 2021; Huisman et al., 2018; Pilli
& Admiraal, 2017; Wei et al., 2021). MOOCs are to play a role in the future of higher
education. It is imperative that we critically examine how they are currently organizing and
providing education. In particular, questions persist about the role MOOCs will play in the
future of formal accredited learning. As the focus turns from informal and free to formal,
accredited, and paid greater scrutiny will be brought to bear on the quality of the courses
themselves.

Self-assessment is an important part of any learning process, including MOOCs
(Admiraal et al., 2015). Self-assessment can help students check their understanding of
course material, identify areas for further study, and measure their progress against learning
objectives (Lepp et al., 2017; Ventista, 2018). Self-assessment can also provide students
with a sense of accomplishment, helping them to stay motivated and engaged in the course.
Self-assessment can take many forms, such as multiple-choice questions, short answer
questions, or open-ended questions (Lepp et al., 2017). Each type of question can measure
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different aspects of understanding and provide different levels of feedback. As an example,
multiple-choice questions can provide students with a quick assessment of their knowledge,
while open-ended questions can give them an opportunity to deepen their understanding of
the material. Self-assessment can also be used to check progress against course learning
objectives, which can be helpful for students who are working towards a specific goal. Self-
assessment can be beneficial for both students and instructors (Ventista, 2018). Students
can use self-assessment to identify areas of confusion, adjust their study strategies, and
track their progress. Instructors can use self-assessment to gain insight into how well
students comprehend the material and to identify areas that need to be better explained or
expanded upon. In conclusion, self-assessment is an important tool for both students and
instructors in an MOOC. It can help students identify their strengths and weaknesses, track
their progress, and stay motivated. It can also help instructors gain insight into how well
their students understand the material (Admiraal et al., 2015; Lepp et al., 2017; Ventista,
2018).

Self-assessment has been recorded to have moderate to high internal consistency
(Admiraal et al., 2015). Concerning self-image bias, adults can usually distinguish effort
from ability. Even if they cannot, it does not contradict the construct or consequential
validity of the assessment as long as the self-assessment remains formative. On the contrary,
the belief that the amount of effort does not necessarily lead to a superior result can
decrease the motivation of the students. Therefore, the inclusion of effort can even be
considered desirable.

MOOCs with huge enrolments make it impossible to afford the luxury of student-
instructor interaction. MOOCs, therefore, depend on automated assessments to not only
grade but also provide automated feedback to the students. In that sense, automated
assessments therefore provide the student with a unique advantage of anywhere, anytime
grading and feedback (Reeves, 2000). Rich feedback also can encourage students to self-
reflect and improve the quality of their work (Chao et al., 2014). Research has shown that
assessments based on Item Response Theory (IRT) can be used effectively in online
assessments (Baylari & Montazer, 2009; Chen et al., 2005). These tests are designed to
automatically adapt to student learning and ability in order to measure student performance
and learning outcomes. The tests include different levels of difficulty and based on the
response of the student to each test item, the difficulty level decreases or increases to match
the student’s ability and potential (Meyer & Zhu, 2013). The final score is based on the
difficulty level of the correct answer (Challis, 2005). The advantage of using adaptive
assessments is that based on the final score, course content can be tailored to meet
individual student needs (Baylari & Montazer, 2009). Since MOOCs participants are not
limited to a geographical location and include different background knowledge and skills,
designing learning modules that use adaptive assessment can go a long way in making
learning relevant and meaningful to participants who enroll in MOOCs.

2.2. Automated feedback

One of the important parts of the teaching and learning process is feedback (Cavalcanti et
al., 2021). In online learning, feedback is more essential as online activities are solitary
(Jensen et al., 2021). Automated feedback systems are widely utilized in MOOCs to
provide students with rapid and efficient feedback. It provides students with personalized
and immediate feedback on their submitted work, increasing their motivation to learn and
ultimately leading to improved learning outcomes (Olaniran et al., 2018). Automated
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feedback systems can also be used to assess student performance and provide timely
feedback on incorrect answers for example using concept maps and machine learning
(Bleckmann & Friege, 2023). This type of feedback helps to increase student motivation
and engagement in MOOCs (Beheshti et al., 2016). Automated feedback systems are
typically integrated into MOOCs to provide students with personalized feedback and
support in the form of auto-graded quizzes, automated peer feedback, and automated essay
feedback (Gabbay & Cohen, 2022). Automated feedback systems assess student work and
provide detailed feedback on areas of improvement. This feedback can be used to inform
students of their progress and areas that need further attention, allowing them to take
corrective action and improve their learning outcomes (Olaniran et al., 2018). The
automated feedback contains information that can aid students in making decisions (Loh
et al., 2010). Automated feedback systems can also be used to provide personalized
feedback on incorrect answers, helping to increase student engagement and motivation in
MOOCs (Beheshti et al., 2016).

In addition, automated feedback systems can be used to provide personalized
feedback to students in the form of automated peer feedback. Automated peer feedback
allows students to receive feedback on their work from peers in their MOOC, providing
them with valuable insight and guidance on areas of improvement (Gabbay & Cohen,
2022). Automated peer feedback also allows students to receive feedback from a variety of
different perspectives, allowing them to gain a deeper understanding of their work and the
topics being studied (Olaniran et al., 2018). Moreover, automated feedback in MOOCs is
an important learning design to help students determine and achieve their learning goals
(Phan, 2023).

2.3. Similarity algorithm in natural language processing

Text similarity is an important aspect in the field of Natural Language Processing (NLP).
Similarity measurement in data mining refers to the distance in a dataset with dimensions
that indicate features of the data object. There will be a high degree of similarity if this
distance is small, but a low degree of similarity if this distance is large. Text similarity is
widely used for plagiarism detection (El-Rashidy et al., 2023). The phrase “reusing
someone else’s prior ideas, processes, results, or words without specifically recognizing
the original author and source” is defined by IEEE to characterize text plagiarism (Causer,
2011).

According to Gomaa and Fahmy (2013), words can be similar in two ways:
lexically and semantically. Words are lexically similar when their character sequences are
identical, however, words are semantically similar when their context-specific meanings
are the same. With that being said, according to Gomaa and Fahmy (2013), the
Classification framework of similarity algorithms uses String-Based algorithms for
lexically similar words while Corpus-Based and Knowledge-Based algorithms are used for
semantically similar terms. Whereas Wang and Dong (2020) classify text similarity
measurements based on the evolution of semantic similarity technology, in that similarity
calculations are split into two, namely text distance and text representation.

One of the most popular similarity algorithms is cosine similarity (Sohangir &
Wang, 2017). Cosine similarity is a size-independent metric for comparing the similarity
of data objects. The cosine similarity metric considers each data object in a dataset to be a
vector. The Cosine of the angle between any two non-zero vectors in an inner product space
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is used to determine the similarity of the vectors. The following formula depicts cosine
similarity:

(A-B)
(rA X1 B

According to the formula above, cosine similarity returns one when two texts are
similar, or zero when the texts are completely dissimilar. There are four levels of textual
similarity using a corpus of plagiarized texts, namely highly similar text, lightly reviewed
texts, heavily reviewed texts, and highly dissimilar texts), Thompson et al. (2015)
concluded that Cosine similarity performed best on lightly and heavily reviewed text.
Previous research has also confirmed that Cosine is most effective when used for similarity
measurement between texts of different lengths (Hoad & Zobel, 2003).

Cosine similarity =

3. Experimental design

3.1. Research participants

The study involved 100 participants who were second-year students of the Educational
Technology Department, State University of Malang, East Java, Indonesia.

3.2. Research procedures

Researchers developed MOOCs platform and the online summaries with the automated
feedback feature embedded in MOOCSs. The development process was carried out using
the waterfall model of the system development life cycle (Kramer, 2018).

After the process of developing the MOOCs platform and the online summary with
automated feedback feature was completed, further testing was carried out using a pre-
experimental design with one group pre-post-test design. The participants were assessed
twice at the pretest and again after they completed treatment (post-test). According to
Thyer (2012), this research design is feasible, even if the average score on the post-test was
significantly improved relative to the average score for the pre-test, then we could
legitimately claim that the hypothesis was corroborated.

Course Uit
My Course

YN T 1 2
min s = e “=e ; Karya Tulis limich bagi Pemula
Q- & 3 e
(a) Several courses (b) One course

Fig. 1. MOOC:s interface of (a) several courses and (b) one course

Furthermore, students used MOOCs which have been equipped with the Online
Summary with Automated Feedback feature by registering for the Scientific Writing
Course (see Fig. 1). After that, students accessed learning content using a self-paced
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method so that the speed of completing the course differed from one student to another.
Although the method was self-paced, in this study, students had the opportunity to
complete each module in one week.

The course being tried out was a compulsory course presented to second-year
students in the Educational Technology department. The course was presented online only
focusing on providing students with a basic understanding of the basic concepts of research
methods in scientific writing. While several other chapters were presented face-to-face
which were not included in this study. Learning content in the Scientific Writing Course
consists of three chapters, namely 1) Introduction to Scientific Writing, 2) Scientific
Knowledge and Scientific Method in Research, and 3) Bibliometric Method.

Each chapter has a formative evaluation, with two types of evaluation methods
namely making a summary and multiple choice (see Fig. 2). The questions given in both
tests focused more on factual knowledge. The questions provided for the multiple-choice
type and online summary were intended to measure the level of remembering and
understanding based on the six levels of cognitive processes from Bloom’s Theory,
respectively (Krathwohl, 2002).

e b Piw= b

Karya Tulis limich bagi Pemula

() Online summary (b) Online multiple choice
Fig. 2. Formative evaluation system of (a) online summary and (b) online multiple choice

Summary evaluation is intended to determine students’ mastery of understanding
of the main ideas in the learning content presented (see Fig. 2.b). These main ideas are also
used as material for questions in the formative evaluation in the form of multiple-choice
questions (see Fig. 2.a). These main ideas are part of the achievement of learning objectives
in each chapter. This automated feedback feature analyzes the summary writings of each
student and provides feedback in real-time (see Fig. 3). The automated feedback feature in
this online summary provides an opportunity for students to improve their summary writing
skills through multiple practices. This feature will return two pieces of feedback to the
students, the summary score and comment that inform students whether they need to revise
their summary or not. This type of feedback is categorized as verification feedback, it is
simple feedback, but it also can help the students monitor their learning progress (Demaidi
et al., 2018), enabling them to continue analyzing the summary they have created until they
achieve the maximum score.



96 S. Ulfa et al. (2025)

A R

Koryo Tulls limich bogl Pemulc

Fig. 3. Online summary with automated feedback interface

4. Research findings and discussions

4.1. System framework

RQ1: How is the design of the online summary framework with automated feedback in
the MOOCs?

A framework system was developed (as described in Section 3.2, and the
framework is illustrated in Fig. 5) for adaptive assessment into three parts, namely the
interface module or visualization module, the MOOCs platform, and the online summary
analyzer. The visualization module includes a teacher’s dashboard as shown in Fig. 4, a
learning dashboard as shown in Fig. 6, and a learning analytics dashboard (see Fig. 7.a and
Fig. 7.b). The second part of the framework system is the MOOCs platform which consists
of several modules, namely:

Sk~

P

Fig. 4. Teacher’s dashboard
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Fig. 5. Framework of MOOCs online summary-automated feedback feature
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Fig. 6. Learning dashboard

4.1.1. Course management system

CMS (course management system) is a module that manages the learning system in general.
The purpose of developing this module is to integrate all existing learning features so that
it does not require additional external devices to organize existing classes (see Fig. 1.a).

4.1.2. Student and teacher module
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This module contains the results of the authentication process, authorization process, and
organizations that are intended as user privacy data so that the system recognizes the user,
enabling the system to distinguish the role of the user whether logging in as a student or
teacher. In addition, all online learning activities for each student are stored in this student
module (see Fig. 8.a). On the teacher’s side, it provides the summary of all student data in
the course (see Fig. 8.b).

Deto
Karya Tulis limiah bagi Pemula Karya Tulis limiah bagi Pemula

(a) Live chat interface (b) Forum interface

Fig. 7. Interactive features of (a) live chat interface and (b) forum interface

4.1.3. Multiple choice tool

This section is a tool used to measure formative assessment. This module specifically
provides evaluation or assessment in the form of multiple-choice questions (see Fig. 2.b).

4.1.4. Collaborative learning tool

The MOOCs system is equipped with collaborative learning tools in the form of
discussions, live chats and forums. The live chat is intended to facilitate direct
communication with teachers in asynchronous mode (see Fig. 8.a). Meanwhile, the forum
feature is intended to allow students to interact with other students and with lecturers.
Several features are provided on the forum, namely creating new topics, posting comments,
responding to comments, and rating comments in the form of likes and dislikes (see Fig.
8.b).

4.1.5. Databases

The database in this system is used to store data for all modules such as user profiles,
organization of course materials, assignments, evaluation results, and user access traces,
all of which are stored in the database. All data collected will later be processed again by
the system to then appear as useful information for all users, both students and instructors.
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(a) Student’s progress in student’s dashboard (b) Student’s learning progress in teacher’s dashboard

Fig. 8. Learning analytics of (a) student’s progress in student’s dashboard and (b)
student’s Learning progress in teacher’s dashboard

MySQL, a relational database management system (RDBMS), was employed for
its ability to connect tables and reduce duplicate data with the data normalization process
when planning this learning management system. This decision was made as each data
entity is connected to other entities, such as the relationship between the user table that has
the role of the student and the course, enrollment, and task tables such as summary and
multiple-choice evaluations. In addition, MySQL supports SQL in order to facilitate data
traffic management and queries between table relations. The entity relationship diagram
(ERD) of the database is shown in Fig. 9.

The third part of this framework is the Online summary analyzer. This module uses
one of the text mining algorithms in analyzing students’ summaries, particularly using text
similarity measurement. It compares the text with available references to estimate the
degree of similarity between those texts, and it plays an important role in the NLP task
(Wang & Dong, 2020). One of the text similarity algorithms used in this online summary
with an automated feedback feature is Cosine similarity. It is intended to measure the
similarity between two vectors by taking the cosine of the angle of the two vectors by
calculating their dot product space divided by the product of their lengths. If the angle is
zero, their similarity is one, the larger the angle yields the smaller their similarity. It is often
used to measure the similarity of two documents in text analysis (Han et al., 2012).
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Fig. 9. Entity relationship diagram
The following are the stages of analyzing the students’ summary process:
Text similarity process:

e Students and teachers’ summary: The teacher prepares a summary to be used as a
reference. Furthermore, the results of the student summary are compared with the
teacher’s summary. The teacher’s summary and student’s summary in this case
are categorized as different documents.

e Tokenization: At this stage the texts that will be compared (student and teacher
summary) separately will be split into separate pieces or some other meaningful
elements called tokens.

e Multidimensional vector space: The results of the tokenization process for the two
documents are stored in vector form using the bag-of-words model. Next,
calculate the term frequency-inverse document frequency (tf-idf) which is a
statistical measurement to evaluate how relevant a word is to a document in a
collection of documents. Here is Equation 1 to calculate idf for a term (t) in a
document (D) is given as (Rahman et al., 2018):

. _ S E—
tdfep = log, |{d € D:t e d}|s (1)

where N is the number of documents in the collection, and |{deD: ted}| is the number of
documents where the term t occurs.

tf —idfyp = tfep *idfip @)

Equation 2 is used to calculate the tf-idf score, which is then used to calculate cosine
similarity.
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Cousine similarity:
The following is the equation used to measure cosine similarity.

V (d1). V(d2)

cosine SlmllarltY(dl, dZ) = W

@)

Equation 3 is a formula to measure the similarity between two documents d1 and
d2. It computes the cosine similarity of their vector representations and where the
numerator represents the dot product of the vectors, whereas the denominator is the product
of their Euclidean lengths.

Feedback: Corrective feedback was employed. The feedback given to students was
the summary score information obtained from the calculation of cosine similarity. If a
student scored below a score of 70, the student would be asked to revise the summary until
the score reached above 70.

4.2. Student learning outcomes using online summary with automated feedback

The research procedure in sub-section 3.2 was carried out by the researcher to answer the
following research questions (RQ).

RQ2: How are the student learning outcomes using online summaries with automated
feedback feature in MOOCs?

The need for online assessment since the outbreak of the COVID-19 outbreak has
increased rapidly and is expected to continue after COVID-19 in the new normal era.
Although the use of the e-learning platform in conducting online assessments is not
mandatory, the majority of online assessments are supported by the Moodle e-learning
platform (Topuz et al., 2022). This is due to the large number of online assessment plugins
that support Moodle (Huerta et al., 2022). Whereas on the MOOCs platform, multiple
choice questions are one type of assessment commonly used in MOOCSs which are used to
test students’ declarative knowledge (Admiraal et al., 2015), and enable representative
sampling of course content (Costello et al., 2018). Thus, in this study, a type of MCQ
assessment was also employed.

Both formative tests using online summaries and multiple-choice questions with
automated feedback were conducted at the end of the chapter to measure learning outcomes.
The results of these two tests will be used as a benchmark to see differences in the use of
online summaries in terms of learning outcomes.

The obtained learning outcome data carried out a normality test to determine the
type of test that will be used next whether it is a parametric or non-parametric test. Based
on Table 1 (p < 0.05) shows the results of the normality test using the Kolmogorov-
Smirnov test. Hence, to analyze the effectiveness of formative evaluations using online
summaries compared to multiple-choice question evaluations, a non-parametric test is used.
This study used the Wilcoxon Signed Rank Test (WSRT). This test is a non-parametric
equivalent of the parametric paired t-test which is suitable for comparing two correlated
samples that do not meet the assumption of normality, as seen in. Tests in this study
compared two data sets of learning outcomes from the same participant.
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Table 1

Test of normality

Variables Kolmogorov-Smirnov Shapiro-Wilk
Statistics df Sig. Statistics df Sig.

Chapter 1 250 100 <.001 .870 100 <.001

Chapter 2 .100 100 016 .969 100 .017

Chapter 3 146 100 <.001 .949 100 <.001

It is very appropriate for a repeated measure design where the same subjects are
evaluated under two different conditions. The Wilcoxon signed rank is more powerful than
the sign test. This statistic differs from the sign test in that it considers the magnitude of
the difference while the sign test does not. It uses more information from the set of scores
than the simple sign test. Since it uses more information, it is considered to be more precise
than the sign test (Scheff, 2016).

In Table 2, the average online summary scores are higher than the multiple-choice
scores, except in chapter 1, where the material presented includes a very general discussion
that participants may have already mastered, namely the introduction to scientific writings;
thus, the multiple-choice average score is higher. In addition, the online summary standard
deviation value is slightly lower than the multiple-choice questions in all chapters. This
shows that online summary scores are more clustered around the mean. With a smaller SD
value, it can be assumed that student learning outcomes in this class are almost uniform.
This can be considered good if the mean value obtained is also high. As shown in Table 2,
the Mean and SD values in chapters 2 and 3 for learning outcomes using online summary
with feedback show a higher mean value than the multiple-choice questions with a lower
SD value than the multiple-choice questions.

Table 2
Descriptive statistics comparison of online summary and multiple-choice scores

Chapter Type of tests N Min Max Mean Standard deviation Variance
Chapter 1 Multiple choice 100 33.00 100.00 91.00 16.83 283.01
Online summary 100 49.00 92.00 81.41 9.07 82.35
Chapter 2 Multiple choice 100 20.00 100.00 68.93 18.01 324.32
Online summary 100 41.00 92.00 74.92 10.72 114.90
Chapter 3 Mul_tiple choice 100 25.00 100.00 70.35 14.46 209.22
Online summary 100 45.00 92.00 75.70 8.49 72.03

As seen in Table 3, a comparison of the multiple-choice score to the online
summary score is obtained with a negative rank value greater than a positive rank (z = -
4,486, p < .05), so it can be concluded that there is a difference in scores, but with the
online summary score lower than the multiple-choice score. In chapters 2 and 3, negative
rank values were lower than positive rank (z = -2.968, p < .05 and z = -3.618, p < .05). In
conclusion, it can be concluded that online summary with automated feedback created a
positive difference in student learning outcomes. Several previous studies have also
revealed that training in summary writing can help students improve learning outcomes
(Franzke et al., 2005). Learning through summary can deepen comprehension skills by
identifying important ideas in a text (Garner, 1982). Specifically, Sung et al. (2016)
demonstrated the effectiveness of online summaries with semantic feedback in improving
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students’ writing skills. With automated feedback, students will spend more time working
on their summaries (Wade-Stein & Kintsch, 2004).

Table 3
Wilcoxon signed-rank test results for multiple-choice questions and online summary scores

Chapter Categories N Mean rank Sum of ranks Z Asymp. sig. (2-tailed)

Negative rank 78 49.09 3829.00 -4.486 <.001
Chapter 1 — Test P95|t|ve rank 22 55.50 1221.00

Ties 0

Total 100

Negative rank 38 40.84 1552.00 - 2.968 0.003
Chapter 2 - Test P95|t|ve rank 59 54.25 3201.00

Ties 3

Total 100

Negative rank 32 39.81 1274.00 -3.618 <.001
Chapter 3 — Test P95|t|ve rank 62 51.47 3191.00

Ties 6

Total 100

4.3. Students’ perceived usefulness of online summary with automated feedback

RQ3: What is students’ perceived usefulness of xonline summary with automated
feedback feature in MOOCs?

To measure the perceived usefulness of online summary with automated feedback
on the developed MOQCs learning system, researchers used a six-item questionnaire as
presented in section Appendix | (items no. 8-13). The eight items were adopted from
several studies (for example, Algahtani et al., 2022; Gashi et al., 2022; Joo et al., 2018;
Kumar Sharma et al., 2014) using five Likert scales as many as 100 users have provided
answers (see Table 4).

Table 4
Descriptive statistic data

Item N Minimum Maximum Mean SD
PU1 100 3 5 4.02 .586
PU2 100 2 5 417 .697
PU3 100 2 5 4.04 .695
PU4 100 2 5 3.98 724
PU5 100 3 5 3.97 .643
PU6 100 2 5 3.90 759
Valid N (listwise) 100

To measure the reliability of research instruments (see Appendix I) Cronbach’s
Alpha (CA) value was used as a reference. By using 50 respondents, the CA value of the
research instrument was 0.921. According to Hair et al. (2019), if the CA value is greater
than 0.9, it is categorized as excellent.
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To measure the perception of the usefulness of online summary with automated
feedback on MOOCs, researchers used a six-item questionnaire as presented in section
appendix 1 (items no. 1-6). The items were adopted from several studies (e.g., Algahtani
et al., 2022; Gashi et al., 2022; Joo et al., 2018; Kumar Sharma et al., 2014) by using 5-
point Likert scales, with 100 research participants (see Table 4). In general, the students as
the research participants mostly agreed and strongly agreed with each item asked (see Fig.
10).

100
50
o | [ 0 i 0
PU1 PU2 PU3 PU4 PUS PUG6
m strongly agree agree

Fig. 10. Students’ perceived usefulness (PU) of online summary with automated
feedback

The data in Table 4 and Fig. 10 show that the online summary-automated feedback
feature is beneficial to students. In detail, they confirm that the online summary-automated
feedback feature helps them understand the learning material, practice writing summaries,
monitor their learning progress, notify parts of the learning material that they have not yet
understood, provide feedback services according to student needs, and increase
personalized learning. These findings are in line with other reported findings that an
automated summarization provides students with personalized and immediate feedback on
their submitted work, increasing their motivation to learn and ultimately leading to
improved learning outcomes (Olaniran et al., 2018). In addition, it can increase student
motivation and engagement in MOOCs (Beheshti et al., 2016), provide students with
personalized feedback and support in the form of auto-graded quizzes, automated peer
feedback, and automated essay feedback (Gabbay & Cohen, 2022), allowing them to take
corrective action and improve their learning outcomes (Olaniran et al., 2018), as well as
providing personalized feedback on incorrect answers, helping to increase student
engagement and motivation in MOOCs (Beheshti et al., 2016). Overall, the automated
feedback system is a valuable tool for MOOCs, providing students with personalized and
timely feedback that can be used to improve their learning outcomes, assess student
performance, provide personalized feedback on incorrect answers, provide automated peer
feedback, and increase student motivation and engagement in MOOCs, ultimately leading
to improved learning outcomes.

4.4. Student satisfaction on the online summary with automated feedback

RQ4: How satisfied are the students with the use of online summaries with automated
feedback feature in MOOCs?
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In this study, there is a question about the satisfaction level of using the online
summary with automated feedback feature, namely: “I am satisfied with the performance
of the feedback generated by the online summary-automated feedback feature”. Based on
these questions, an average mean of 4.07 was obtained (using a 5-point Likert scale) with
a standard deviation of 0.7. This shows that research participants in this case are students
who are satisfied with the Online Summary with Automated Feedback feature in general.

Student satisfaction refers to the favorability of a student’s subjective evaluation of
the various outcomes and experiences associated with education (Oliver, 1989). Student
satisfaction is an important factor influencing the adoption of the use of technology in
online learning, especially in a MOOCs platform. Several factors affect students’
satisfaction with MOOCs, which include course delivery, course assessment, and course
support (Kumar & Kumar, 2020). Enabling learning with the help of technology is rising,
which has been evident from the way the current courses have been developed. The
students themselves demonstrate how adopting the technology has led to successful
learning. A detailed analysis of students’ satisfaction survey will help the educators
understand students’ expectations from the course and they can work on these factors
which leads to increasing the students’ satisfaction with MOOCs and thereby addressing
high-dropout rates from MOOCs (Pande & Mythili, 2021).

The online exam during the COVID-19 pandemic was a significant factor in
determining student satisfaction (Basuony et al., 2021). In line with research conducted by
(Martin Rodriguez et al., 2019) which says that one of the component effects of student
satisfaction in online learning is how the lecture assesses student performance, and the
assessment method used must be able to access knowledge and skills acquired during the
learning process. In addition, during the COVID-19 pandemic, various online assessment
features have been used by educators around the world to conduct online learning
assessments. Multiple choice is one of the prominent features of an online learning
environment. Research conducted by Topuz et al. (2022) shows a 63.6% use of multiple
choice and a 50% essay use in online assessments. However, according to Yuksel and
Fidan (2019), there are several weaknesses of multiple-choice questions including 1) they
cannot be used to express expressions, in particular, they cannot measure students’ abilities
at the level of synthesis and evaluation; 2) more time is consumed by reading questions
and looking for answers to questions.

Meanwhile, questions in the form of open-ended writing tests such as essay tests
and summaries have advantages that are not accommodated by multiple-choice questions.
For example, an essay test can be used to explore students’ reasoning abilities (Schuwirth
& van der Vleuten, 2004). As with the summary assessment, it can provide opportunities
for students to express the main ideas in the text briefly (Downing, 2002). However,
assessing student summary results requires individual feedback which is very time-
consuming for teachers (Sung et al., 2016). Therefore, the existence of Online Summary
with Automated Feedback which is the object of this research provides a new breakthrough
in conducting online assessments, especially open-ended essays in MOOCs-based learning
environments.

5. Conclusion

The increasing number of online learning implementations currently has implications for
the implementation of online assessments. Close-ended questions remain the foremost



106 S. Ulfa et al. (2025)

online assessments, particularly in the form of multiple-choice questions. Although it is
easy to give an assessment, one of the weaknesses is that it cannot measure students’
reasoning abilities, so open-ended questions such as summary assessments are an option.
However, giving a manual summary assessment is time-consuming, especially if the course
is held in a MOOCs platform, making it impossible to be carried out one by one. Therefore,
the results of this study in the form of an online summary with automated feedback feature
embedded in the MOQOCs platform are very promising and can significantly help teachers
provide real-time assessments to students.

To measure the effectiveness of using the online summary with automated feedback
feature, trials have been conducted on a group of students by measuring their learning
outcomes. The results of this study have indicated an increase in student learning outcomes
using this feature. This also shows that this feature can help students briefly write down
the main ideas in a text. In short, with the automated feedback provided, student self-
regulated learning can be promoted where this variable is one of the components that can
increase success in learning.

Measurement of students’ perceived usefulness and satisfaction was also carried
out in this study. The results of statistical analysis have proven that the average student
agrees that the online summary-automated feedback feature can facilitate learning material,
provide practice in making summaries, help monitor individual learning progress, grade
their summary, provide services according to student needs, and increase learning
independence. Based on these findings, it can be concluded that this feature is useful to
increase student motivation and learning outcomes. Measuring the level of satisfaction is
very important to see how satisfied students are after using this feature. The level of
satisfaction greatly influences the chances of using a system in the future. The results of
the students’ perception measurement on the satisfaction of this feature have indicated that
this feature can be used in general.

There are two limitations in this study, namely the summary checker feature and
the automated feedback feature. The summary checker tool that was developed in this study
still relied on the manual summary provided by the teacher because the system compared
the students’ summary to the teacher’s summary by using a similarity algorithm. The
automated feedback provided in this study is categorized as verification feedback that only
confirms the student’s work. In this study, the system automatically displayed the summary
grading with a comment. In order to make the evaluation system more effective the system
should be equipped with sophisticated feedback that can give detailed information about
the student performance.
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increase my learning independence

Overall satisfaction

1

I am satisfied with the performance of the feature of Online
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Appendix |
Table questions items
Questions Strongly Agree Neutral Disagree SFroneg
agree disagree
Perceived usefulness
1 By using the online summary-automated feedback feature, |
can understand the material I:l El I:l El D
2 The online summary-automated feedback feature can train me
to make a summary El I:l I:l El D
3 The online summary-automated feedback feature can
encourage me to monitor my learning progress El I:l I:l El D
4 The online summary-automated feedback feature in general can
help me understand which parts of the content | do not I:l El I:l I:l D
understand
5 In general, the online summary-automated feedback feature can
help personalize learning because it suits my learning needs I:l I:l I:l El D
6 Tests based on the online summary-automated feedback El El El I:l I:l

Summary-automated feedback




