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Abstract
Purpose – This study investigated a story-based learning MOOC’s effectiveness in enhancing digital 
competence.
Design/methodology/approach – A quasi-experimental design with 5,501 participants enrolled in a developed 
MOOC course was assessed through pretests, formative assessments and posttests. K-means clustering, using 
the Self-Efficacy in Digital Competence Scale (SDCS), was employed to classify experimental and control 
groups and analyze differences in perceived competence across age groups (10s–60s).
Findings – Learners’ digital competence significantly improved (p < 0.001) after the MOOC, demonstrating 
knowledge and skill gains across various domains. The highest SDCS domain was communication and 
collaboration, while the lowest was digital content creation. Additionally, the SDCS data showed higher self-
efficacy in the 20–40s age group and lower in the 10, 50 and 60s.
Research limitations/implications – The findings suggest a gap in learners’ digital content creation 
competence. Additional content could be incorporated to bridge this gap. This study supports story-based 
learning MOOCs for promoting digital competence.
Originality/value – This research contributes to the field by developing and evaluating a MOOC with story-
based learning to explore learners’ digital competence and its relationship with age.
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1. Introduction
Global agencies like the OECD (2021), UNESCO (2022), and the European Commission 
(2021) emphasize the growing importance of digital competence. They emphasize that access 
to digital resources, literacy skills, and competence are essential for adapting to digital 
technology society and are fundamental for future workforce readiness. To prepare “digital 
citizens”, the education sector is encouraged to promote digital competence, extending beyond 
formal education to lifelong learning (ISTE, 2022).

Traditionally, promoting digital competence has emphasized ICT skills and Digital 
Literacy (DL) during early development (Røkenes and Krumsvik, 2014; Peters et al., 2022). 
However, according to the European Commission (2021) and UNESCO (2022), digital 
competence encompasses a broader range of skills beyond DL, including foundational 
Computer Science (CS) skills such as systematic thinking, problem solving, and 
programming. Digital competence also involves the ability to critically evaluate digital 
content, understand digital privacy and security, and use digital tools for collaboration and 
communication (Vuorikari et al., 2022). Thus, developing new learning curricula that align 
with these global agency frameworks and cover CS, ICT, and DL comprehensively could 
enhance digital citizenship more effectively.

Digital competence promotion can be integrated into school and university education for 
students and extended to lifelong learning (Basantes-Andrade et al., 2022; Gordillo et al., 
2019; Pradubwate et al., 2020; Yelubay et al., 2022). A popular approach to lifelong learning is 
online education through platforms like MOOCs. MOOCs provide an accessible and flexible 
learning environment that can accommodate a wide range of learners, from various 
backgrounds and age groups. Since digital skills often involve awareness and problem-
solving, using examples through animation storytelling can vividly illustrate concepts and 
impact learners’ understanding (Au et al., 2016). Furthermore, age has been identified as a 
significant factor influencing how individuals perceive and engage with digital skills, with 
younger learners typically reporting higher levels of self-perceived digital competence 
compared to older learners (Teo et al., 2014).

Story-based learning using animated videos offers several advantages over other teaching 
methods. It helps clarify complex concepts (Wells, 1986), enhances long-term memory 
(Banister and Ryan, 2001), increases interest and motivation (Naul and Liu, 2019), promotes 
problem solving and critical thinking skills (Mott and Lester, 2006; Rowe et al., 2011), and 
fosters learning engagement (Smeda et al., 2014). Prior study has also demonstrated the 
effectiveness of visual-text elements in story-based animated videos, with improved learning 
comprehension and reduced cognitive load (Malakul and Park, 2023). Story-based learning 
can create emotional connections with the content, making it more relatable and memorable 
for learners. Animated videos specifically leverage visual and auditory stimuli to engage 
multiple learning channels, thereby enhancing cognitive processing and retention 
(Mayer, 2014).

In addition to promoting digital competence, self-efficacy influences learners’ engagement 
and success in digital learning environments. Self-efficacy, as defined by Bandura (1997), 
refers to an individual’s belief in their capability to successfully perform a specific task or 
achieve a desired outcome. High self-efficacy has been shown to enhance learners’ 
confidence, perseverance, and willingness to tackle challenges (Hatlevik et al., 2014). 
Therefore, it is important to examine how self-efficacy affects the development of digital 
competence. Understanding the relationship between these factors can help educators create 
more effective strategies to support learners in online platforms.

Despite extensive research, a gap remains on the impact of story-based learning in MOOCs 
to enhance digital skills. To address this gap, the study developed the “Coding for All” (CFA) 
course, utilizing learning through story-based learning within a MOOC platform specifically 
designed to promote digital competence. This study explores how story-based learning 
through animated videos could facilitate learners’ digital competence and presents both digital
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competence development and self-efficacy among learners, providing a comprehensive 
understanding of how these interact and influence each other.

By examining these aspects, the present study contributes valuable insights into the 
development and implementation of a self-paced learning course that fosters digital 
competence and self-efficacy. Incorporating frameworks such as UNESCO’s Media and 
Information Literacy alongside DigComp can ensure a comprehensive approach to digital 
literacy, addressing all facets of digital competence (UNESCO, 2022; Vuorikari et al., 2022). 
This study highlights the potential of story-based learning in digital education and emphasizes 
the importance of integrating self-efficacy considerations into curriculum development to 
support lifelong learning and digital citizenship.

2. Literature reviews
2.1 Digital competence and the DigComp framework for citizens
Digital competence, also known as digital literacy or digital skills, refers to the ability to 
effectively navigate, understand, and use digital technologies for personal, social, and 
professional purposes. The European Commission operationalized digital competence 
based on a 2006 Council Recommendation, leading to the development of the DigComp 
framework (Ferrari et al., 2013). First published in 2013, DigComp serves as a blueprint to 
enhance citizens’ digital competence, support policymakers in formulating relevant 
policies, and plan targeted education and training initiatives (Vuorikari et al., 2016). The 
framework encompasses areas such as Information and Data Literacy (ID), Communication 
and Collaboration (CC), Digital Content Creation (DC), Safety (SF), and Problem Solving 
(PS) (Vuorikari et al., 2022). Additionally, UNESCO’s Media and Information Literacy 
framework complements DigComp by emphasizing media and information literacy, 
enhancing the understanding of the role and functions of media in democratic societies 
(UNESCO, 2022).

Educational institutions and educators have embraced the DigComp framework to guide 
the development of digital competence in curricula, teaching methodologies, and assessment 
practices, ensuring learners’ acquisition of essential digital skills and knowledge for success in 
a digital society (Rolf et al., 2019). The adoption of the DigComp framework has extended 
beyond European countries to other nations (Yoon, 2022), including Thailand, where it has 
been implemented as a crucial competency for assessing digital skills (Phuapan et al., 2016) or 
information technology competence (Siddoo et al., 2017) in educational research.

While the DigComp framework has been widely utilized, there is a potential for research on 
its application in developing digital competence through story-based learning. This study 
could fill this gap by adapting DigComp to assess the impact of story-based learning, thereby 
enhancing our understanding of effective educational strategies for developing digital skills.

Building on the foundational understanding of digital competence and the DigComp 
framework, it is essential to explore the role of self-efficacy in digital competence 
development.

2.2 Self-efficacy in digital competence
According to Bandura (1997), “self-efficacy” refers to an individual’s belief in their capability 
to successfully perform a specific task or achieve a desired outcome. It is a key component of 
social cognitive theory, emphasizing the reciprocal interaction between personal factors, 
environmental influences, and behavior (Bandura, 1986, 1997). Perceived self-efficacy serves 
as the foundation for developing digital competence (Zhang et al., 2023), as individuals with 
high self-efficacy exhibit greater confidence and perseverance when facing challenges 
(Hatlevik et al., 2014).

Previous studies have evaluated self-perceived digital competence in ICT and digital 
device utilization (Aesaert et al., 2017; Ulfert-Blank and Schmidt, 2022; Wang and Zhao,
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2021). However, these studies may not fully encompass the rapid technological 
advancements such as artificial intelligence (AI). The Digital Skills Assessment Tool 
from Europass (2023), based on DigComp 2.1 framework (Carretero et al., 2017), reflects 
individuals’ self-perceived capabilities for each task or skill. Studies using DigComp 2.1 
revealed differences in perceptions of digital competence across domains and age groups 
(Jim�enez-Hern�andez et al., 2020; Khan and Vuopala, 2019; Kreuder et al., 2024). 
Moreover, previous research often focuses on working-age groups without clearly defined 
age brackets or relies on generational categorizations, potentially overlooking age-specific 
differences in digital competence development (Khan and Vuopala, 2019; Kreuder et al., 
2024). Comparing self-efficacy in digital competence among learners using different 
teaching methods, including story-based learning, could enhance audiences understanding 
of effective strategies for developing digital competence. By examining the self-efficacy of 
learners using story-based learning alongside other methods, valuable insights into optimal 
teaching practices could be gained.

Having established the importance of self-efficacy in digital competence, this study now 
examines the impact of MOOCs as a significant avenue for enhancing digital skills.

2.3 MOOCs courses in developing digital competency
The emergence of Massive Open Online Courses (MOOCs) has provided open access to 
educational courses and materials, offering flexibility and interactive elements to promote 
learner engagement and collaboration (Nasongkhla et al., 2015). MOOCs have become widely 
available due to the influence of the open educational resources (OER) movement, which 
began with initiatives like the MIT OpenCourseWare project in 2001 (Liyanagunawardena 
et al., 2013). While MOOCs have been instrumental in fostering digital competence and skills 
development in various countries (Basantes-Andrade et al., 2022; Gordillo et al., 2019; 
Yelubay et al., 2022), there is still a need to understand the specific impact of story-based 
learning within MOOCs on digital competence.

The integration of MOOCs in educational and professional contexts has shown significant 
enhancements in digital competencies, including motivational, technological, cognitive, and 
ethical dimensions (Gordillo et al., 2019). Moreover, the utilization of MOOCs for employee 
development has proven effective in promoting digital competence and improving training 
management (Edelsbrunner et al., 2022). In Thailand, MOOC platforms like Thai MOOC and 
university platforms have been implemented for educational technology and innovation 
training, covering topics such as technology-enabled learning management, online 
communication, and digital media creation (Thai MOOC, 2023; Pradubwate et al., 2020). 
Exploring the role of MOOCs, specifically those employing story-based learning, can provide 
valuable insights into optimizing digital skills training through online platforms.

With an understanding of how MOOCs contribute to digital competency development, it is 
pertinent to examine the effectiveness of story-based learning, particularly through animated 
videos, in this educational context.

2.4 Story-based learning with animated videos
Story-based learning refers to the delivery of a narrative or sequence of events as media to 
learners. This instructional approach involves using words, images, videos, games, or other 
mediums to captivate and engage learners. According to Bruner (1991), narratives serve as the 
primary mechanism through which humans structure their understanding of reality. They 
function both as cognitive structures and as forms of communication, aiding in framing and 
comprehending perceptions of the world. The sequencing of narratives establishes cause-and-
effect relationships between events, while the chosen point of view conveys thoughts and 
feelings to the audience (Abbott, 2011).

Previous studies have highlighted several advantages of utilizing stories and narratives in 
learning, such as clarifying complex or abstract concepts, facilitating the assimilation of new
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ideas, and establishing a clear path to understanding (Wells, 1986). Story-based learning has 
also been associated with increased long-term memory (Banister and Ryan, 2001), enhanced 
learning gains and self-efficacy (McQuiggan et al., 2008), heightened immersion and 
motivation (Naul and Liu, 2019), and improved learning engagement and problem-solving 
skills (Mott and Lester, 2006; Rowe et al., 2011). Narrative animated videos, combining 
words, pictures, and audio to facilitate learning, align with Mayer’s Cognitive Theory of 
Multimedia Learning (2014) by engaging both visual and auditory channels, promoting deeper 
cognitive processing.

In addition, early studies on animated videos (Berney and B�etrancourt, 2016; Liu and Elms, 
2019) and motion graphic animation (Hanif, 2020; Malakul and Park, 2023; Smeda et al., 
2014; Taylor et al., 2017) have consistently demonstrated significant positive impacts on 
learning experiences and digital literacy, contributing to increased engagement, heightened 
interest, and improved learning outcomes. The impact of story-based learning on digital 
competence across different populations and learning platforms has not been thoroughly 
explored. Understanding this impact can help enhance the effectiveness of educational design 
and meet learners’ needs more effectively.

Understanding the impact of the developed course on learners’ digital competence requires 
investigating various domains of digital competence development and self-efficacy. The 
research questions for this study are as follows:

RQ1. How does learners’ digital competence change after completing the CFA course?

RQ2. Which digital competence domains vary after the CFA course?

RQ3. How does digital competence vary by age group after the CFA course?

The insights gained from this research would contribute to the design of more effective 
educational programs that not only enhance digital competence but also foster a sense of 
confidence and self-efficacy among learners.

3. Methods
3.1 Research design
This study employed a quasi-experimental design with a comparison group to investigate the 
impact of a story-based learning MOOC on self-efficacy in digital competence throughout the 
developed course (Cohen et al., 2007). K-means clustering in the data mining process with 
machine learning determined the experimental and control groups (Ahmad and Dey, 2007; 
Rachwał et al., 2023; Rodvaree et al., 2024), using SDCS scores for group classification. 
K-means clustering is widely recognized for its effectiveness in partitioning data into distinct 
groups by minimizing within-cluster variation and maximizing between-cluster differences 
(Aldenderfer and Blashfield, 1984; Everitt et al., 2011).

Participants with higher SDCS scores were assigned to the control group, while those with 
lower scores were placed in the experimental group. This method was chosen to ensure a clear 
comparison between participants with varying levels of digital competence, aligning with the 
guidelines for cluster analysis used in social sciences (Lorr, 1983). Self-efficacy in digital 
competence was measured at three time points: before the intervention (pretest), during the 
intervention (formative assessments after each learning module), and after the intervention 
(posttest). Additionally, learners’ self-efficacy in digital competence was assessed at the end of 
the course.

To compare digital competence across different age groups, the learners were divided into 
age categories (i.e. 10, 20, 30, 40, 50, and 60s) for comparative analysis. This age division 
reflects differences in digital skill development, with younger learners generally starting to 
engage with technology, while older groups (50–60s) tend to use technology in more specific, 
practical ways (Kreuder et al., 2024; Staddon, 2020; Teo et al., 2014).
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3.2 Participants
The study participants were learners enrolled in the “Coding for All” (CFA) course on Thai 
MOOC, from January 31, 2023, to March 31, 2024. Data were collected from 12,427 learners, 
but the analysis focused only on those who completed the course and provided consent to share 
personal information and learning records anonymously. The final data for analysis was from 
5,501 participants. The minimum sample size was calculated using G*Power software version 
3.1 (Faul et al., 2007). Demographic characteristics of the participants are presented in Table 1.

3.3 Materials and instruments
3.3.1 The CFA course on Thai MOOC. The Coding for All (CFA) course on Thai MOOC was 
designed to cover fundamental learning content in three modules; Computer Science (CS), 
Information and Communication Technology (ICT) contents, and Digital Literacy (DL). 
Table 2 shows the mapping of learning content and the domains of digital competence. This 
mapping ensures that each module effectively addresses the key competencies outlined in the 
DigComp 2.2 framework (Vuorikari et al., 2022), providing a comprehensive approach to 
digital skill development. The integration of these competencies within the CFA course 
ensures that learners receive a well-rounded education that not only covers theoretical aspects 
but also practical applications relevant to current technological trends, particularly AI literacy. 
Regarding learning content creation, the course materials were developed through a 
collaborative process involving twenty-one specialists in computing science, computer 
engineering, and information technology. All learning contents and materials were reviewed 
by three external experts, who are professors in educational technology and computer science 
from different universities, to ensure accuracy and consistency.

The course duration was three hours, including two hours of story-based animated videos 
and one hour of learning activities (e.g. self-practice, reading materials, learning exercises, and 
tests). Each video lesson lasted approximately 3–8 min and used motion graphics animation to

Table 1. Demographic characteristics (N 5 5,501)

Characteristics Frequency Percent

Gender Male 1,545 28.09
Female 3,929 72.42
Others 27 0.49

Age groups (year old) 10s (10–19) 842 15.31
20s (20–29) 1,463 26.6
30s (30–39) 1,479 26.89
40s (40–49) 1,187 21.58
50s (50–59) 501 9.11
60s (over 60) 29 0.53

Qualification Undergraduate 1,153 20.96
Bachelor’s degree 3,453 62.77
Master’s degree 874 15.89
Doctoral degree 21 0.38

Occupation Student 1,673 30.41
Graduate student 138 2.51
Government/state enterprises employees 1,042 18.94
Teacher/educator 2,529 45.97
Private employee 67 1.22
Entrepreneur 13 0.24
Unemployed 39 0.71

SDCS level Lower (experimental group) 1,465 26.63
Upper (control group) 4,036 73.37

Source(s): Authors’ own work
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present what-if scenarios, immersing the audience in captivating narratives. The CS module 
focused on systematic thinking and problem-solving, the ICT module demonstrated 
technology’s impact on life and work, and the DL module emphasized ethical and safe 
technology use. The videos included questions to engage viewers and encourage critical 
thinking (see Figure 1 for an example of the animated videos).

3.3.2 Learning performance.

(1) Pretest: Before starting the course, learners were given a pretest that consisted of six 
multiple-choice questions. This pretest aimed to assess the learners’ baseline 
knowledge and comprehension across all three modules of the course (i.e. CS, ICT, 
and DL). The questions were designed to align with the learning objectives for each of 
these domains, ensuring that the pretest measured key foundational concepts in a 
manner consistent with the course content. The purpose of the pretest was to establish a 
baseline of learners’ initial level of understanding and provide a reference point for 
measuring progress throughout the course.

Table 2. Learning outlines of the CFA course

Modules Units Description
Digital
competence

1. CS 1.1. From coding to 
thinking

Analyze the order of thinking, action, planning 
before starting work

DC, PS

1.2. Choose the right and 
decide wisely

Design solutions in many options to choose and 
decide the best option

DC, PS

1.3. Technology decoding Learning how computer-based decision-making 
works and analyzing the cause of the problem with 
flowchart

DC, PS

1.4. Get to know AI 
technology

Get to know the history of AI technology, type of 
AI, and usage examples

ID

2. ICT 2.1. Media Ecosystem The diverse media ecosystem in today’s society ID, CC
2.2. Cashless society a
comfy life

Use online financial services safely SF

2.3. Working together Use this online service for creating 
communications, presentations and collaborations 
with others

CC, PS

2.4. Lift up life with data Analyze and use information to improve the 
quality of life

ID, PS

2.5. Financial planning with 
technology

Use online expense accounting applications to 
analyze and manage personal finances 
systematically

ID, PS

3. DL 3.1. Digital Intelligence 
quotient (DQ)

Digital intelligence quotient to become a digital 
citizen

CC, SF

3.2. Fact or Fake: Check for 
sure!

Evaluate information and sources to select the 
accurate information

ID, CC

3.3. Should I share this? Identify how to properly use copyrighted works 
and not infringe on intellectual property

CC, DC

3.4. Cyberbullying How to deal with problems caused by using social 
media

CC, SF

3.5. Cognitive biases of 
information in digital media

Analyze, compare and make decisions based on 
rational thinking. Identify or characterize the 
reasons for failure from a given situation 

ID, PS

3.6. AI Literacy Analyze discrepancies in the information 
generated by the technology without deceit and 
discern the accuracy of the content presented

ID, CC, SF

Source(s): Authors’ own work
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(2) Formative assessments: At the end of each of the three learning modules in CS, ICT, 
and DL, formative assessments were conducted. These assessments consisted of five 
multiple-choice questions per module, designed to evaluate learners’ comprehension 
of the specific content covered. Each assessment was carefully crafted to reflect the 
learning objectives of the respective module, ensuring alignment with the course 
content in each of the three domains. In total, there were 15 questions across all 
modules. Formative assessments were designed to demonstrate the changes in 
learners’ knowledge during the learning process. This provided valuable insights for 
this study by illustrating learning progress and reinforcing key concepts, contributing 
to a deeper understanding of knowledge development.

(3) Posttest: Upon completion of the course, a summative assessment was conducted to 
evaluate learners’ overall knowledge and skills. The posttest consisted of 15 multiple-
choice items, providing a comprehensive review of the course content. Like the pretest 
and formative assessments, the posttest was designed to align with the learning 
objectives of all three modules (i.e. CS, ICT, and DL). Although the specific questions 
in the pretest and posttest differed, both were carefully constructed to assess the same 
core competencies and learning objectives. The questions covered a range of topics, 
ensuring that learners’ proficiency and mastery of the material were measured

Figure 1. Story-based animated videos in CFA course
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consistently across all domains. The posttest results were compared with pretest scores 
to measure knowledge gains and determine the effectiveness of the instructional 
strategies employed.

Each test score accounted for 100% of the learners’ evaluation in each respective assessment. 
All tests were reviewed by three external experts—professors in educational technology and 
computer science from different universities—to ensure content accuracy, alignment with 
course objectives, and consistency between pretest and posttest questions. The KR-20 
reliability test was conducted to measure the internal consistency of the assessments. The 
results showed a coefficient of 0.68 for the pretest, 0.72 for the formative assessments, and 
0.74 for the posttest (Kuder and Richardson, 1937). These reliability values are considered 
acceptable according to established guidelines (Nunnally and Bernstein, 1994; Taber, 2017). 
The detailed pretest and posttest questions are provided in the Appendix.

3.3.3 Self-efficacy in Digital Competence Scale (SDCS). The SDCS was designed based on
the DigComp 2.2 framework, incorporating selected questions from the Digital skills test by 
Europass of the European Union (Europass, 2023) and participants’ competences from 
DigComp 2.2: The Digital Competence Framework for Citizens guidebook (Vuorikari et al., 
2022). The question items of SDCS are designed to assess competency levels ranging from 
fundamental to advance as referenced in the framework in 5 domains including Information 
and data literacy (ID), Communication and collaboration (CC), Digital content creation (DC), 
Safety (SF), and Problem solving (PS). All selected questions were translated into the Thai 
language and edited while preserving their original meaning. The scale employs a Likert-4 
scale format, comprising 24 items that assess digital competence across four levels: 0 (I don’t 
know how to do it), 1 (I can do it with help), 2 (I can do it on my own), and 3 (I can do it with 
confidence and, if needed, I can support/guide others). For evaluating this instrument’s quality, 
all question items were validated by three external experts who confirmed their consistency. 
Additionally, the overall scale demonstrated excellent reliability (Taber, 2017), as indicated by 
a Cronbach’s alpha coefficient of 0.95.

3.4 Data collection and analysis
All participants followed the learning process and completed the pretest, formative 
assessments, posttest, and the SDCS on the Thai MOOC platform, which operates on the 
Open edX system (Thai MOOC, 2023). The collected data were analyzed using IBM SPSS 
Statistics software version 29. K-means clustering was employed to classify participants into 
control and experimental groups. This method was selected for its ability to minimize within-
group variance and maximize between-group differences, making it ideal for analyzing 
quantitative measures like self-efficacy in digital competence. Its simplicity and efficiency 
also make it suitable for large datasets, such as those found in MOOCs (Aldenderfer and 
Blashfield, 1984; Everitt et al., 2011).

This study applied three different nonparametric statistical analyses. First, Friedman’s 
analysis of variance was used to assess learning progress from the pretest through the 
formative assessments across the three modules (CS, ICT, and DL), as well as the posttest, and 
to examine digital competence within each domain (Friedman, 1940). Second, the Mann-
Whitney U test was conducted to analyze the differences between the experimental and control 
groups for each assessment (i.e. pretest, formative assessment, and posttest) (Mann and 
Whitney, 1947). Third, Kruskal-Wallis’s analysis of variance was performed to compare the 
average posttest scores across the SDCS scores for different age groups (10, 20, 30, 40, 50, and 
60s) (Kruskal and Wallis, 1952).

Comparing the experimental and control groups, along with different age groups, enhances 
the study’s reliability. By analyzing learning progress across both groups, this approach 
provides stronger evidence of the effectiveness of the MOOC course with story-based learning 
in improving digital competence. The data analytic demonstrates how digital competence 
develops over time, highlighting differences in progress between learners exposed to the story-
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based learning intervention and those following traditional methods, across various age 
groups.

4. Results
4.1 Cluster analysis
K-means clustering was employed using SDCS data in 5 domains (i.e. ID, CC, DC, SF, and PS) 
to classify the control and experimental groups for data analysis. The clustering model was 
optimized based on the highest silhouette value. The SDCS data were classified into two 
clusters, with a silhouette score of 0.67. A silhouette score above 0.50 is considered acceptable 
for classifying groups using the K-means clustering method (Rachwał et al., 2023). Besides, 
the R 2 value of 0.66 meets the criteria for a moderate effect size (Cohen et al., 2007). 
Evaluation of the cluster analysis‘s accuracy using cross validation with 5-fold yielded a result 
of 73.20% (Rodvaree et al., 2024). The classification resulted in two clusters: 1,465 
participants with lower SDCS (Mdn 5 2.04, M 5 2.61, S.D. 5 0.33) were assigned to the 
experimental group, and 4,036 participants with higher SDCS (Mdn 5 3.00, M 5 2.91, S. 
D. 5 0.14) were assigned to the control group.

4.2 Learning performance
A Friedman’s analysis of variance revealed significant differences in learning performance 
across the pretest, formative assessments from three modules (i.e. CS, ICT), and posttest 
(χ 2 (2) 5 4863.76, p < 0.001). Wilcoxon signed-rank tests with Bonferroni correction were 
conducted for post-hoc comparisons. The pretest scores (Mdn 5 0.50) were significantly 
lower than both formative assessments (Mdn 5 0.80, z 5 �49.0, p < 0.001) and posttest scores 
(Mdn 5 0.93, z 5 �127.0, p < 0.001). Formative assessments were also significantly lower 
than posttest scores (z 5 �78.0, p < 0.001). Consistent with the rank order of medians (pretest: 
1.41, formative assessments: 1.90, posttest: 2.68), these findings suggest improvement in 
learning performance throughout the course.

The test results for the experimental group (lower SDCS) and control group (upper SDCS) 
revealed that both groups showed improved learning performance when comparing pre-test 
and post-test scores. Table 3 shows the descriptive statistic of experimental and control groups 
The Mann-Whitney U tests indicated significant differences between the experimental and 
control groups for all assessments: pretest (χ 2 (1) 5 14.38, p < 0.001), Formative assessments 
(χ 2 (1) 5 34.87, p < 0.001), and posttest (χ 2 (1) 5 31.58, p < 0.001). Figure 2 illustrates the box 
plots of learning performance in the experimental and control groups.

Learning performance across age groups was evaluated using Kruskal-Wallis H tests. No 
significant difference was found in pretest scores (H(5) 5 6.79, p 5 0.24). However, 
significant differences were observed in Formative assessments (H(5) 5 18.83, p < 0.01) and 
posttest scores (H(5) 5 238.34, p < 0.001). The mean rank order of posttest scores increased

Table 3. Descriptive statistic of experimental and control groups

Groups Median Mean S.D.

Experimental (lower SDCS) Pretest 0.50 0.54 0.28
Formative assessments 0.73 0.72 0.21
Posttest 0.93 0.85 0.20

Control (upper SDCS) Pretest 0.67 0.57 0.27
Formative assessments 0.80 0.75 0.18
Posttest 0.93 0.89 0.15

Source(s): Authors’ own work

JRIT
19,2

266

Downloaded from ftp.​nowpublishers.​com/​jrit/​article-pdf/​19/​2/​257/​11884177/​jrit-04-2024-0091en.​pdf by guest on 30 September 2026



with age: 10s (2218.15), 20s (2543.09), 30s (2843.06), 40s (3042.50), 50s (3265.00), and 60s 
(3204.50). 

Table 4, post hoc analysis with Mann-Whitney U tests (adjusted alpha 5 0.01 using 
Bonferroni correction) revealed significant differences in posttest scores between most age 
groups (ps < 0.001). Specifically, the 60s age group did not differ significantly from the 20, 30, 
40, or 50s groups (ps > 0.05). Similarly, the 50s group did not differ significantly from the 40s 
group (ps > 0.05). Figure 3 depicts the distribution of learning performance scores across age 
groups.

Source(s): Authors’ own work

Figure 2. Learning performance in the course between lower and upper SDCS

Table 4. Pairwise comparison of the posttest score between age groups

Age group pairs U SE z

10 vs 20s �324.95 65.95 �4.93 *** 
10 vs 30s �624.92 65.82 �9.49 *** 
10 vs 40s �824.35 68.7 �12.00 *** 
10 vs 50s �1,046.85 86.03 �12.17 *** 
10 vs 60s �986.35 287.95 �3.43 ** 
20 vs 30s �299.97 56.22 �5.34 *** 
20 vs 40s �499.41 59.56 �8.39 *** 
20 vs 50s �721.90 78.92 �9.15 *** 
20 vs 60s �661.41 285.91 �2.31 
30 vs 40s �199.43 59.41 �3.36 * 
30 vs 50s �421.93 78.81 �5.35 *** 
30 vs 60s �361.44 285.88 �1.26 
40 vs 50s �222.50 81.23 �2.74 
40 vs 60s �162.00 286.56 �0.57 
60 vs 50s 60.50 291.2 0.21
Note(s): *** ps < 0.001, ** ps < 0.01, * ps < 0.05 
Source(s): Authors’ own work
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4.3 Self-efficacy in digital competence between domains
A Friedman analysis of variance revealed significant differences in SDCS scores across all 
domain pairs, χ 2 (4) 5 392.30, p < 0.001. Wilcoxon signed-rank tests were conducted for post-
hoc analysis. Results indicated that CC had the highest mean score (2.73), followed by ID 
(2.69), SF (2.68), PS (2.67), and DC (2.65). CC scores were significantly higher than all other 
domains (p < 0.001). Additionally, DC scores were significantly lower than SF (p < 0.001), PS 
(p < 0.001), and ID (p < 0.001). However, no significant differences were found between ID 
and SF (p 5 0.091). See Figure 4 for the mean score order of the SDCS domains.

4.4 Self-efficacy in digital competence between learners’ age groups
The Kruskal-Wallis H test revealed significant differences in SDCS across age groups 
(10s 5 2155.54, 20s 5 2856.45, 30s 5 3010.96, 40s 5 2842.91, 50s 5 2468.62, and 
60s 5 2578.40; H(5) 5 199.03, p < 0.001). Table 5, Post hoc comparisons using Mann-
Whitney U tests with a Bonferroni-adjusted alpha of 0.01 showed that learners in their 60s 
reported significantly lower SDCS compared to all other age groups (ps < 0.01). Learners in 
their 50s also reported significantly lower SDCS than those in their 20, 30, and 40s 
(ps < 0.001). However, no significant differences were found between learners in their 20, 30, 
and 40s. Interestingly, after applying the Bonferroni correction, the initial significant 
difference between the 60s age group and all others disappeared. Figure 5 demonstrate the 
mean rank of SDCS scores by age group.

5. Discussion
5.1 RQ1: how does learners’ digital competence change after completing the CFA course?
The result of comparing mean ranks of the pretest scores, Formative assessments from three 
modules (i.e. CS, ICT, and DL), and posttest scores indicate that learners demonstrated an 
improvement in their digital competence during the course, as reflected by higher scores in the 
formative assessments compared to the pretest. Additionally, the posttest scores exhibited a 
mean ranked higher than formative assessments and posttest scores. The experimental group

Source(s): Authors’ own work

Figure 3. Learning performance in the course by age groups
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with lower SDCS and the control group with upper SDCS both showed parallel positive 
changes, with the control group (upper SDCS) consistently achieving higher scores across all 
stages (i.e. pretest, formative assessment, and posttest) than the experimental group (lower 
SDCS). The posttest scores of learners from different age groups (i.e. 10, 20, 30, 40, 50, and 
60s) indicated a significant difference in the mean rank totals across the age groups. 
As learners’ age increases, their posttest scores consistently demonstrate higher performance 
levels. The present study’s results were in line with prior research conducted by Basantes-
Andrade et al. (2022), Edelsbrunner et al. (2022), Pradubwate et al. (2020), and Yelubay et al.

Source(s): Authors’ own work

Figure 4. SDCS sorted by mean rank

Table 5. Pairwise comparison of SDCS between age groups

Age group pairs U SE z

10 vs 20s �700.91 66.16 �10.59 *** 
10 vs 30s �855.42 66.03 �12.96 *** 
10 vs 40s �687.37 68.91 �9.97 *** 
10 vs 50s �313.08 86.3 �3.63 ** 
10 vs 60s �422.85 288.87 �1.46 
20 vs 30s �154.51 56.4 �2.74 
20 vs 40s 13.54 59.75 0.23
20 vs 50s 387.83 79.17 4.90 *** 
20 vs 60s 278.05 286.82 0.97
30 vs 40s 168.05 59.6 2.82
30 vs 50s 542.33 79.06 6.86 *** 
30 vs 60s 432.56 286.79 1.51
40 vs 50s 374.29 81.49 4.59 *** 
40 vs 60s 264.52 287.47 0.92 
60 vs 50s �109.77 292.13 �0.38
Note(s): *** ps < 0.001, ** ps < 0.01
Source(s): Authors’ own work
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(2022), highlighting the positive impact of MOOC-based online lessons on the development of 
learners’ digital competence. The observed improvements in learning outcomes align with 
previous studies, which indicated that learners benefit from story-based learning (McQuiggan 
et al., 2008) and animated videos (Berney and B�etrancourt, 2016; Taylor et al., 2017; Hanif, 
2020; Liu and Elms, 2019), resulting in enhanced learning outcomes and technological 
competence (Smeda et al., 2014). This finding further strengthens the evidence that learners 
showed an improvement in their digital competence in terms of knowledge and skills during 
the CFA course.

5.2 RQ2: which digital competence domains vary after the CFA course?
This study examined learners’ self-efficacy in digital competence using the Self-efficacy in 
Digital Competence Scale (SDCS). The results showed significant differences across the five 
DigComp 2.2 framework domains (Vuorikari et al., 2022) of CC, ID, SF, PS, and DC. Learners 
reported the highest confidence in CC, followed by ID, SF, and PS. DC had the lowest reported 
confidence.

Through the cluster analysis, it was found that 73.37% of learners in the control group, 
classified as upper SDCS, had scores at the “Advanced” level, as defined by Europass (2023), 
indicating a high level of confidence in their digital competence and the ability to guide others. 
In contrast, learners in the experimental group, classified as lower SDCS, had scores ranging 
from “Beginner to Intermediate.”

In addition, the results of SDCS in this course align with the findings of Casta~no-Mu~noz 
et al. (2016), indicating that learners who engage in MOOCs and complete them tend to 
possess higher levels of digital skills. This is further supported by the study conducted by 
Romero-Rodriguez et al. (2020), which suggests that the initial level of digital competence of a 
participant in a MOOC can serve as a valid predictor of their likelihood to complete it. 
Therefore, this suggests that learners of this course felt relatively more confident in their 
abilities related to communication and collaboration, safety, problem solving, and information 
and data literacy, compared to digital content creation.

Source(s): Authors’ own work

Figure 5. The mean rank of the posttest and the SDCS by age groups
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The high confidence in communication and collaboration likely reflects learners’ 
familiarity with communication apps, heavily used in Thailand (Kemp, 2023). This 
confidence might relate to the outbreak of COVID-19 has further accelerated the shift 
toward online working styles (Dahiya et al., 2021). Conversely, lower confidence in digital 
content creation may be related to concerns about copyright issues (Vuorikari et al., 2022).

5.3 RQ3: how does digital competence vary by age group after the CFA course?
The statistical analysis results indicated that there were indeed differences in self-efficacy 
perceptions in digital competence across different age groups. The digital competence of each 
age group also can be divided into two levels: lower competence, which includes learners in 
their 10, 50, and 60s, and upper competence, which includes learners in their 20, 30, and 40s. 
According to Kreuder et al. (2024), there are significant age-related differences in digital 
competence, highlighting the need for appropriate educational strategies. The findings of this 
study align with earlier research (Khan and Vuopala, 2019), which found that Generation Z (i. 
e. 10s) had a lower level of digital competence proficiency than Generation Yor Millennials (i. 
e. 20 and 30s), and that Millennials have higher proficiency than Generation X (i.e. 40 and 50s) 
and Boomers (60s). In Thailand, it was found that younger learners, who perceive themselves 
as more technologically competent, tend to have higher levels of e-learning acceptance 
compared to older learners (Teo et al., 2014).

When considering the self-efficacy levels of learners based on age groups, it was observed 
that the perceived digital self-efficacy of learners in the 40–50s age group tended to decrease, 
in contrast to the observed increase in learning performance. This trend is consistent with 
research showing that older individuals, particularly those in their 50 and 60s, tend to use 
technology in more targeted and specific ways, rather than for general purposes (Staddon, 
2020). This finding suggests that learners in this age group may have had lower confidence in 
their skills compared to their actual knowledge and skills developed throughout the course, 
relative to learners from other age groups who studied the same course. These results express 
the accuracy and bias of ICT self-efficacy, which found that learners, on average, overestimate 
their ICT competencies (Aesaert et al., 2017). Also, learners with lower actual abilities tend to 
overestimate their competence, while those with higher abilities underestimate their 
competence (Ehrlinger et al., 2008). This suggests that younger age groups may focus on 
foundational skills, whereas older adults require advanced digital training to bridge the 
competence gap (Kreuder et al., 2024).

5.4 Practical implications
Overall, the results of this study provide strong support for the effectiveness of the CFA course 
in enhancing learners’ digital competence with animated videos on story-based learning. The 
course significantly contributed to the acquisition of learning materials that related to the 
implementation of the DigComp 2.2 framework (Vuorikari et al., 2022), thereby promoting 
digital citizenship. The study’s findings indicate that there is a need to gain more competence 
in digital content creation by incorporating additional content to augment learners’ 
competence.

Furthermore, the Self-Efficacy in Digital Competence Scale (SDCS) results revealed that 
learners in their 10s had lower levels of self-efficacy in digital competence compared to other 
age groups, as evidenced by their posttest scores. This highlights the importance of promoting 
self-efficacy in digital competence among learners in their 10, 50, and 60s. While learners in 
their 50 and 60s demonstrated high levels of learning, their self-perceived assessments 
indicated lower confidence in their digital skills.

Understanding how self-efficacy influences digital competence development can provide 
deeper insights into effective educational strategies. Implementing age-specific support 
mechanisms can help cater to the unique needs of different age groups, thereby enhancing their 
self-efficacy and overall digital competence. Additionally, the use of story-based learning has
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been shown to significantly engage learners by making content more relatable and memorable. 
This method can help maintain learners’ interest and motivation, which is crucial for sustained 
learning outcomes (Hwang et al., 2023).

5.5 Limitations
The present study had some limitations that should be acknowledged. Firstly, the analysis was 
conducted on individuals who completed the course, which represents a subset of the overall 
learner population. Future research could benefit from including learners who did not 
complete the course to better understand factors related to course dropout and to provide a 
more comprehensive view of learner experiences. Those who complete a MOOC often possess 
higher levels of digital competence, which may not fully reflect the diversity of the broader 
population (Casta~no-Mu~noz et al., 2016; Romero-Rodriguez et al., 2020).

Secondly, while the age distribution of registered learners was somewhat imbalanced— 
particularly with fewer young learners under 10 and elderly learners over 60 compared to those 
in their 30s—statistical analyses were still feasible and provided meaningful insights into the 
digital competence of the learners. However, future studies with more balanced age groups 
would offer a more representative understanding of digital competence across all age ranges.

5.6 Suggestions for future study
The findings of this study offer valuable insights and provide recommendations for future 
research and curriculum development. Firstly, it is important to consider incorporating self-
efficacy assessment alongside learning performance evaluation in the course. Currently, 
learners are not informed about their level of self-efficacy, which can impact their motivation 
and self-confidence. By providing learners with information about their self-efficacy levels, 
based on Bandura’s self-efficacy theory (Bandura, 1997), they can be better equipped to 
engage in digital self-improvement and further enhance their digital skills.

Secondly, future curriculum development could prioritize expanding digital content 
creation. This would allow individuals to gain confidence in creating and using digital 
multimedia creatively, as well as in programming and developing applications. 
By incorporating activities and resources that encourage programming skills, learners can 
enhance their ability to create original and impactful multimedia content while also developing 
proficiency in application development. It is important to provide guidance and promote 
responsible and ethical use of digital content, programming principles, and intellectual 
property rights throughout the curriculum.

Lastly, further research can delve into exploring the underlying factors contributing to these 
age-related differences in self-efficacy perceptions and investigating strategies to enhance 
self-efficacy across all age groups.

6. Conclusion
In conclusion, this study demonstrates that completing the CFA course with story-based 
learning in a MOOC platform leads to an enhancement in learners’ digital competence. The 
results show a clear improvement in digital competence, as reflected by higher scores in 
formative assessments and posttests compared to the pretest. By utilizing k-means clustering, 
participants were effectively grouped into experimental and control groups based on their self-
efficacy in digital competence. This technique allowed for a more precise comparison between 
learners with varying competence levels, ensuring that the analysis captured meaningful 
differences between the groups.

The study also highlights differences in digital competence across age groups, with learners 
in their 10, 50, and 60s showing lower levels of competence, while those in their 20, 30, and 40s 
demonstrate higher levels. These findings suggest that digital competence development varies 
significantly with age, indicating the importance of addressing the needs of different age groups.
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Furthermore, the study suggests the need to incorporate self-efficacy assessments regularly 
throughout the course and expand content related to digital content creation, which appeared as 
a weaker area of self-efficacy among learners. Overall, the CFA course is one approach that 
can enhance learners’ digital competence. This study highlights differences in digital 
competence across age groups, providing insights into skill development.
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