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Abstract  

Data storytelling (DS) employs narrative and visualization techniques to communicate 

insights from data, offering potential benefits for educational settings. This study introduces 

the framework of “Scaffolding Learning through Data Storytelling (SLDS)” as an 

explanatory approach to enhance students’ learning outcomes in an undergraduate general 

education course on data literacy. Building on the key DS principles from Ryan (2016) and 

Knaflic (2015), we created a series of data stories to address students’ diverse challenges in 

learning data science, taking into account their varied academic backgrounds, including 

STEM and non-STEM disciplines and differences in academic years. Incorporating Hadwin 

and Winnie’s (2001) concept of “tacit scaffolds,” SLDS integrates these stories into the 

curriculum stage by stage, aiming to enhance student engagement and understanding by 

encouraging them to read and think without explicitly directing or instructing specific 

studying activities. The effectiveness of SLDS was assessed through students’ self-reported 

metrics of learning attention, relevance, confidence, and satisfaction, as well as multiple-

choice questions measuring content comprehension. We anticipate that SLDS will improve 

learning outcomes more effectively than traditional methods, providing insights into easy-to-

approach data narrative structuring and visualization design and its educational benefits for 

students from all backgrounds. This study aims to offer evidence on the application of DS in 

teaching and learning, laying a foundation for incorporating DS techniques into curricula and 

informing future educational practices for various educational levels and disciplines.  
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Introduction 

 

Data science has emerged as a prominent discussion topic in education, with its widespread 

applications evident in everyday life. It touches nearly every discipline and professional field 

that involves working with large datasets. At its core, “data literacy,” by its simplest 

definition, refers to a learner’s ability of analyzing and communicating data. As society 

becomes more data-driven, the importance of developing data literacy skills has gained 

significant attention. In higher education, for instance, this has led to the introduction of 

numerous courses and degree programs focused on data science and statistics. By 2016, over 

200 institutions had launched data science-related programs (De Veaux et al., 2017). Despite 

this progress and attention, there remains a significant shortage of professionals trained in 

data literacy to meet the growing demand in the workforce (Deja et al., 2021). Consequently, 

data science education still has a long way to go. 

 

The swift advancements in educational technologies have equipped researchers with a myriad 

of tools to collect and analyze extensive datasets from learners, aiming to enhance and 

optimize the learning process through a practice known as learning analytics (Nunn et al., 

2016; Yap et al., 2022). Many scholarly works have highlighted the importance of tracking 

and analyzing factors that can affect students’ learning to improve overall teaching and 

curriculum design (LAK, 2011). However, in today’s data science education, scholars 

continue to encounter various challenges in enhancing students’ learning, especially at the 

curriculum level (Cassel & Topi, 2015). Efforts have been made to design and implement 

formal curricula that can make a meaningful impact on students across different age groups 

and within higher education settings (e.g., Dierker et al., 2017; Li et al., 2023). As a result, 

exploring ways to integrate different types of learning analytics into refining and advancing 

data science curricula remains essential, addressing both educational goals and societal 

demands. 

 

In face of a large-context course with diverse student populations, effectively updating data 

science curricula, enhancing data literacy, and leveraging learning analytics to improve 

teaching and learning remain as significant challenges. One key challenge is addressing the 

varying needs of students from STEM and non-STEM backgrounds. While students from 

STEM fields typically receive more specialized training in statistics and mathematics, it is 

increasingly important to bridge the gap between these diverse groups. For instance, the 

concept of “creative data literacy” was introduced to engage students from non-STEM 

background in data science education (D’Ignazio, 2017). In Kim et al.’s (2024) study, they 

came up with a scale development process (Devellis, 2017; Boateng et al., 2018) to identify 

essential data literacy competencies. Additionally, Lim et al.’s (2021) study highlighted that 

the increasing number of students and the diversity of student population impact how 

learning analytics are applied in self-regulated learning (SRL).  

 

Therefore, innovative approaches in data science education are crucial to facilitate active 

learning, especially in diverse educational and society contexts where students come from 

varying backgrounds but share a common goal of enhancing their data literacy skills. By 

incorporating new teaching and learning strategies into the curriculum, we can better address 

the needs of both STEM and non-STEM students, bridging knowledge gaps and supporting 

individualized learning. This approach not only improves learning outcomes and academic 

performance but also empowers students to regulate their own learning, preparing them for 

success in an increasingly data-driven world. 
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Data storytelling (DS), by its literal meaning, is a method of communicating insights from 

data using storytelling elements. DS emerges as a promising approach to address some of 

these challenges. DS, characterized by its ability to compress information and convey key 

elements through narratives and data visualizations (Ryan, 2016), holds the potential for 

enhancing learning experiences. It has been reported by recent scholars that DS elements, 

albeit with limited pedagogical constructs, have a promising future in educational settings 

(e.g., Chen et al., 2019; Echeverria et al., 2018; Martinez-Maldonado et al., 2020). Building 

upon this foundation, our study proposes the framework of “Scaffolding Learning through 

Data Storytelling (SLDS)” as an explanatory approach to enhance students’ learning 

outcomes in an undergraduate general education course. By integrating the idea of 

“scaffolding” into the learning process (Wood et al., 1976), we aim to create more engaging, 

real-world, and accessible SRL content that resonates with students from diverse academic 

backgrounds. This method not only helps bridge gaps between different student populations 

but also provides the necessary self-learning support to foster deeper understanding and 

retention of data science concepts. 

 

At the end of the study, we aim to leverage SLDS to create impact on students’ perception 

and comprehension of introductory data science knowledge and assist with their data literacy 

development. By integrating SLDS into a course’s curriculum, we seek to provide students 

with a structured curriculum framework for engaging with data and extracting meaningful 

insights. At the end of this study, we hope to answer the following two Research Questions 

(RQs) from both theoretical and practical aspects: 

(1) How can generic data storytelling (DS) elements be incorporated into a data science 

course’s curriculum?  

(2) Does this incorporated design create impact on students’ learning outcomes as they 

engage throughout the course? 

 

Data Storytelling: What is it? 

 

The power of stories stems from their presence in every aspect of our daily lives. From a 

young age, we engage in storytelling, weaving narratives that begin, unfold, conclude, and 

are retold, drawing upon our senses and personal experiences. While stories are inherently 

captivating, their impact is amplified when combined with data, offering audiences the ability 

to “refer, remember, and learn from them and how they affect our actions” (Tversky, 2024, p. 

20). The storytelling of data, therefore, revolves around the origin of the data, the intended 

audiences, and the methods of its delivery, shaping diverse interpretations and influencing 

people through the narratives constructed. 

 

The technique of DS serves as an information compression technique designed to convey 

important insights to audience (Ryan, 2016). Rooted in classic Information Visualization 

(InfoVis) principles and narrative storytelling elements (Tufte & Schmieg, 1985), DS is 

inherently explanatory (Martinez-Maldonado et al., 2020), with the aim of explaining insights 

within data and the importance of them to the audience (Echeverria et al., 2018). Recent 

applications of DS span various domains, including presentation of data using visualizations 

(Knaflic, 2015), data journalism (e.g., Ojo & Heravi, 2018), and teaching practices (e.g., 

Echeverria et al., 2018), although with somewhat limited pedagogical frameworks.  

 

Understanding the principles of DS is crucial for leveraging its potential in educational 

contexts. As identified by Ryan (2016) and Knaflic (2015), DS is goal oriented, drives an 
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audience’s focus of attention, relies on choosing appropriate visuals, and adheres to core 

InfoVis design principles.  

 

“Scaffolding” in Learning 

 

The concept of “scaffolding” was originally introduced by Wood et al. (1976) to describe 

facilitative tools and skills that foster learner autonomy. Recent scholars including Renninger 

and List (2012), have further expanded on this, defining it as “a sustained interactive process 

that involves the fading of assistance/gradual task modifications by an expert” (p. 2923). 

Scaffolding in learning operates reciprocally, aiming to provide support that enables learners 

to engage in tasks independently. This approach differs from one-time and directive feedback 

or resources, focusing instead on an ongoing process of feedback provision.  

 

There are various categories of scaffolding in learning. Hannafin et al. (1999) state that they 

include: (1) contextual—hints within contexts, (2) metacognitive—support specific for a 

particular task, (3) procedural—recourses for aiding task completion, and (4) strategic—

different techniques or models. Such categories offer a more distinguished lining of 

scaffolding for supporting learning in classes.  

 

Further discussion by Hadwin and Winne (2001) suggests “tacit scaffolds”—embedded tools 

that help to “cue students to attend to aspects of their studying without explicitly directing or 

instructing those studying activities” (p. 322). The process includes task understanding, 

setting goals and planning, enacting study tactics and evaluating and adapting metacognition. 

This differs from explicit scaffolds that have been brought about, further supporting the 

development of SRL. 

 

Scaffolding Learning Through Data Storytelling  

 

Scaffolding Learning through Data Storytelling (SLDS) is a theoretical framework that 

integrates a data storytelling-driven SRL approach with the principles of scaffolding in 

learning. Aimed at fostering students’ self-regulation in learning data science, SLDS is 

proposed to be implemented in introductory data science courses through two distinct stages.  

 

In the first stage, we propose the creation of specific forms of data storytelling (e.g., stories, 

comics, videos) that embed key data science knowledge and concepts. Leveraging the 

concept of tactic scaffolds (Hadwin & Winne, 2001), this approach emphasizes non-teacher-

directed SRL, using fictional characters or narrative subjects who collaboratively discuss and 

analyze datasets. Through implicit tasks—such as setting research goals, engaging in 

character-driven discussions, making decisions, and evaluating analysis outcomes—the data 

storytelling-driven materials should progressively deepen the complexity of data analysis. 

These materials should also incorporate visualization tools to enhance readability and 

engagement. Additionally, their development must consider the concept of metacognition to 

align with students’ cognitive processes (e.g., logical thinking during analysis), motivation 

(e.g., the interests of the stakeholders, the importance of datasets), and emotional engagement 

(e.g., analysis conflicts, team discussion, debates, leadership), ensuring the content is both 

compelling and resonates with students’ learning needs (Hannafin et al., 1999).  

 

In the second stage, SLDS emphasizes on addressing the structured phases of study in a data 

science course. Recognizing the challenges students might face—such as unmet learning 

needs or feeling overlooked due to the large scale of the course or difficulties in academic 
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backgrounds (e.g., STEM vs. non-STEM, year one vs. year four)—SLDS highlights the 

importance of SRL throughout the course. To accommodate these diverse needs, the 

integration of data storytelling-driven materials should align with the course’s structure and 

progressively match its levels of difficulty. For instance, in a data science course with four 

chapters of lecture content, the data storytelling-driven SRL materials should be strategically 

distributed at intervals throughout the course. This approach allows students to self-regulate 

their learning and reinforce the knowledge acquired in earlier chapters (see Figure 1). 

 

 
Figure 1: Example of SLDS Course Integration 

 

Methodology 

 

Participants 

 

This study focused on students enrolled in an introductory data science course at a prestigious 

local university in Singapore. In the Academic Year 2023/2024 Semester 2, 2104 students 

were enrolled in the course, and 180 consented to provide access to their reported data. These 

students had no prior experience with data science-related courses at the university and were 

informed about the study’s goal of enhancing their data science learning through a method 

called data storytelling. 

 

The introductory data science course is a foundational entry-level program featuring a 

carefully curated curriculum designed by a teaching team of mathematicians and data 

scientists. Each semester, it attracts first- or second-year undergraduate students from diverse 

majors across the university. The course is designed to equip students with essential data 

literacy skills for analyzing data and making informed decisions in the face of uncertainty. It 

introduces basic principles and practice for collecting data and extracting useful insights, with 

examples drawn from various application domains (e.g., smoking and cancer correlations, 

housing market analysis). The data story materials used in this study were developed based 

on selected topics from the course, with the goal of supporting and enhancing students’ 

learning experiences. 
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Data Story Materials and Evaluation Instrument 

 

For the presentation of data storytelling-driven SRL materials, we opted to design four data 

stories that incorporated real-world scenarios and fictional characters within a data research 

team, simulating how data science projects or a set of research data unfold in real life. The 

design of the data stories followed the rules identified by Ryan (2016) and Knaflic (2015). 

There were four sets of stories in total, written and examined by a group of professionals, 

each with over five years of teaching experience in data science courses or expertise in 

pedagogical design. 

 

These four data stories centered on a research team’s efforts to analyze a dataset that included 

students’ pre-entry scores at the university, their GPA trajectories over four years, and their 

subsequent employment outcomes and salaries. The narratives captured realistic actions and 

responses within a team-based data analysis setting, ensuring that the content was both 

engaging and authentic. Key concepts and knowledge points from the introductory data 

science course were seamlessly integrated into the stories, presented naturally through 

dialogues and visualizations to smoothen learning. Figure 2 showcases a visualization based 

on undergraduate admission data from a local university, accompanied by a narrative 

framework derived from the visualization. The narrative included a description of the 

visualization, questions posed by a fictional character to stimulate critical thinking, and a 

team discussion designed to deepen the analysis. 

 

 
Figure 2: Excerpt Extracted From One Data Story 

 

Evaluation of the proposed approach included two main components—learning perception 

and learning comprehension. In the first component, participants were encouraged to evaluate 
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their learning perception using a three-point Likert scale (yes, no, and uncertain) to indicate 

their perceptions. To interpret students’ learning perceptions, we adopted Keller’s (1987) and 

Keller and Kopp’s (1987) ARCS framework, which classify learning evaluations into four 

dimensions: attention, relevance, confidence, and satisfaction. The index of attention reflects 

learners’ interest in or motivation for learning. Relevance measures the extent to which a 

learner perceives the current content as connected to their prior knowledge or experiences. 

Learning confidence represents learners’ positive expectations for achieving successful 

learning outcomes. Satisfaction evaluates whether the learning outcomes align with learners’ 

expectations, indicating their ability to understand the material provided in this study’s 

context and offer positive feedback. Previous studies have demonstrated that the ARCS 

model effectively tailors to students’ needs and interests, stimulating attention, attracting 

interest, encouraging learning, and fostering satisfactory learning outcomes (e.g., Afjar et al., 

2020; Karyani, 2017; Liu & Hou, 2021). To understand students’ learning, the ARCS model 

was deemed most suitable for this study, allowing students to assess their own learning 

outcomes during the learning process. For instance, Figure 3 shows some examples of the 

learning perceptions questions from our evaluation survey. 

 

 
Figure 3: Examples of Learning Perception Questions 

 

In the second component, we focused on a more objective evaluation of learning outcomes. 

Participants were tasked with reading the data stories and completing a series of multiple-

choice questions (MCQs) and multiple-response questions (MRQs) to test their 

comprehension. These questions were carefully crafted to align with the knowledge presented 

in the stories, emphasizing key concepts and addressing areas that students might commonly 

misunderstand. By assessing participants’ responses, these questions served as objective 

measures to gauge learners’ comprehension and retention of the key concepts in the course 

introduced through the SLDS approach. Figure 4 is an example of a learning comprehension 

question. 
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Figure 4: Example of a Learning Comprehension Question 

 

Collectively, these evaluation methods provided comprehensive learning analytics insights 

into the effectiveness of SLDS in impacting on students’ learning outcomes and promoting 

deeper understanding among learners. Future educators can use the student-reported analytics 

data to better tailor the content and context of SLDS, accommodating the diverse learning 

abilities of various student groups, especially in a large population. 

 

Data Collection Procedures 

 

The reflection surveys were distributed to students through the course’s online learning 

system. For each set of data story materials, students were required to read the content and 

complete the corresponding reflection survey within a two-week period. Students were 

encouraged to read the data story first and then complete the survey to evaluate their 

understanding and learning. To encourage participation, students who completed each 

reflection survey received 0.5 points toward their final grade. After all responses for the four 

reflection surveys were collected, we assessed participant eligibility by verifying two criteria 

within the survey: (1) whether they had provided full consent for their survey data to be 

included in the study, and (2) whether they had acknowledged reading the full data story 

before proceeding to the survey.  

 

Analysis 

 

Learning Perceptions 

 

In terms of learning perception questions related to learning attention, relevance, confidence, 

and satisfaction, we gave two marks if a participant indicated Yes, one mark for Uncertain, 

and 0 mark for No. Table 1 presents the average marks for each survey in terms of the four 

attributes of the 180 participants’ learning perceptions.  

 

Survey Attention Relevance Confidence Satisfaction 

1 3.11 1.03 6.57 1.77 

2 2.44 0.87 6.39 1.77 

3 2.83 1.04 6.54 1.76 

4 2.68 0.96 6.30 1.69 

Table 1: Average Scores for Each Attribute Across All Four Surveys 
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Based on participants’ average scores, we calculated the proportions of the 180 participants 

who scored above and below average, for each attribute in learning perception, across all four 

surveys. Table 2 summarizes the results. Overall, the majority scored above average in 

learning attention questions in all the surveys, with a slight dip in survey 2. Learning 

relevance showed a more balanced distribution, with surveys 2 and 4 slightly towards below-

average scores. For learning confidence, the majority consistently scored above average, with 

percentages fluctuating between 57.78% and 62.78%. Lastly, learning satisfaction 

consistently had the highest above-average scores among the four attributes, peaking at 

79.44% in survey 1. 

 

Survey 

Attention Relevance Confidence Satisfaction 

Above 

average 

Below 

average 

Above 

average 

Below 

average 

Above 

average 

Below 

average 

Above 

average 

Below 

average 

1 61.00% 39.00% 51.67% 48.33% 62.78% 37.22% 79.44% 20.56% 

2 41.11% 58.89% 43.33% 56.67% 57.78% 42.22% 78.33% 21.67% 

3 64.44% 35.56% 52.22% 47.78% 60.56% 39.44% 77.78% 22.22% 

4 59.44% 40.56% 47.78% 52.22% 60.00% 40.00% 73.78% 27.22% 

Table 2: Proportions of Participants Who Scored Above and Below Average for Each Survey 

 

To deepen our analysis, we also performed an ANOVA test on R to see if there are 

statistically significant differences in the learning perception outcomes across the four 

surveys. We obtained an F-value of 6.405. Note that the F-value represents the ratio of the 

variance of the scores between the surveys to the variance of the scores within the surveys. 

The corresponding p-value of 0.000287 showed significant differences in scores between at 

least two of the surveys. This suggests that students’ self-reported answers may have been 

influenced by the specific story and survey they completed. 

 

Learning Comprehension 

 

For learning comprehension questions, we designed multiple-response questions (MRQ) and 

multiple-choice questions (MCQ) that tested participants’ understanding of the knowledge 

presented in the stories. We awarded two marks to a participant only if all the correct options 

for an MRQ were chosen, one mark for a partially correct answer, meaning the participant 

had chosen at least one correct option, and 0 mark if none of the correct options was chosen. 

For MCQs with only one correct option per question, we offered one mark for a correct 

answer and 0 mark for a wrong answer. 

 

Table 3 presents the average marks for the learning comprehension questions, along with the 

proportions of the 180 participants who scored above and below average across all surveys. 

Over half of the participants scored above average in surveys one and two. However, as the 

complexity of the knowledge presented in the stories increased in later surveys, participants 

appeared to struggle with comprehending all the concepts. This likely contributed to 

generally lower scores in surveys 3 and 4. 

 

 

 

The Asian Conference on Education 2024 Official Conference Proceedings

ISSN: 2186-5892 1559



 

Survey Learning comprehension Above average Below average 

1 3.633/5 55.56% 44.44% 

2 5.610/7 63.89% 36.11% 

3 4.120/6 32.78% 67.22% 

4 3.122/6 30.00% 70.00% 

Table 3: Average Score and Proportions of Participants Who Scored Above and Below 

Average for Each Survey 

 

We conducted an ANOVA test on R to determine whether there were statistically significant 

differences in participants’ learning comprehension across the four surveys. The analysis 

yielded an F-value of 152.809 and a p-value of 1.357625e-71 (essentially 0), indicating 

significant differences in scores between at least two of the surveys. This suggests that 

students’ comprehensions may have been influenced by the variations in the type or depth of 

content presented in the different stories. 

 

Conclusion 

 

In this study, we aimed to achieve two key objectives: (1) to explore how generic DS 

elements can be scaffolded to enhance students’ learning experiences, and (2) to assess the 

potential impact of DS on students’ self-reported learning perceptions and objective 

comprehension. We focused on identifying effective strategies for structuring and presenting 

SRL materials in hope of improving students’ engagement in learning. The feedback in 

learning perceptions and comprehension data collected from students served as valuable 

learning analytics, offering guidance for refining and optimizing the SLDS content in the 

future. 

 

The significant differences between surveys in both learning perception and learning 

comprehension components showcase that SLDS could possibly have a positive impact on 

students’ SRL of introductory data science knowledge. However, we were also cautious 

about the data collected due to several limitations. Firstly, as the data was self-reported by 

participants, the subjective nature of learning perception introduces some uncertainty 

regarding the impact. Secondly, with only 180 students participating in this voluntary study, 

the sample might not be fully representative given the large course enrollment. Thirdly, data 

storytelling-driven SRL materials are not limited to the format of traditional data stories. The 

technique of data storytelling allows for various forms of creative applications. However, 

with vague guiding principles and no specific instructions provided, these materials can take 

on different formats, making their implementation in SRL flexible yet potentially 

inconsistent. 

 

Nevertheless, this study’s investigation furnished practical evidence on the potential 

effectiveness of SLDS in curriculum and pedagogical practices, thus offering a pathway for 

future researchers and math educators to integrate DS techniques into their everyday teaching 

practices. Moreover, SLDS can provide insights into students’ performance. The data 

obtained from evaluations (i.e., learning perception and comprehension) can be instrumental 

in upgrading future content and adapting teaching and learning varieties across different 

educational contexts (e.g., K-12 and other higher education contexts). By adapting scaffolded 

data stories, or other innovative formats of SRL materials, to cognitive processes and 
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motivations, we provided insights into the potential benefits of SLDS framework in fostering 

a deeper understanding of the data knowledge and analytical processes.  
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