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Column Editor’s Note: Data science is fast becoming a topic of interest not just for university students, but at 

the high school level as well, as we have highlighted in the Minding the Future column over the years. In this 

article by Weintrop and Israel-Fishelson, the authors describe one way to identify data sets of relevance to the 

lives of high school students and to integrate them into a course curriculum. Such integration can help to 

enhance students’ excitement about data science, as they see how the field allows them to answer questions 

about subjects near to their hearts, be it music, sports, film—or something else altogether. Teachers: Have you 

explored new ways of getting your students excited about data science? If so, consider sharing your 

experiences with others!
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Introduction
Data is everywhere. Growing up in a world saturated with data, students are constantly creating, using, and 

being impacted by the data that surrounds them (Ng, 2012). From the moment they wake up and glance at their 

smartphones to the choices they make throughout the day, data influences and shapes the experiences of 

today’s youth. These influences are both visible and invisible, as the effects of data are not always clear. 

Further, the way data impacts students is not always fair or equitable (Carmi et al., 2020). For example, college 

admissions often use data-driven algorithms to screen applicants, but these algorithms can reflect and reinforce 

biases related to students' socioeconomic status and school quality (O’Neil 2016). This underscores the 

importance of all students gaining a fundamental understanding of data science so that they can understand the 

role of data in their lives (Gould, 2021). Data science empowers students to understand, respond to, and 

succeed in a world shaped by data. The goal of data science education is to equip students with the skills and 

knowledge to make informed decisions, advocate for fair data practices, and contribute to a more just and 

inclusive digital world (Biehler et al., 2022).

Students’ experiences with data can serve as fertile grounds for data science education. By linking data science 

instruction with students’ interests and the real-world data they encounter, we can produce dynamic, engaging, 

and equitable learning experiences (Brooks et al., 2021). Crafting instructional materials that integrate 

thoughtfully chosen data sets and activities that reflect students’ passions, values, and unique voices can deepen 

their engagement with data science and establish authentic and meaningful connections with the field (Lee et 

al., 2021; Wilkerson & Polman, 2020).

Incorporating data sets relevant to students’ lives allows teachers to illustrate the practical applications of data 

science and how it intersects with the activities and communities the students participate in. For instance, a 

data science class could have students analyze their own social media data, investigate trends of music they 

love, discover characteristics about their neighborhood, or explore their favorite sports team’s statistics. Given 
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all the potential data explorations students could pursue, giving them the ability to choose the data they want to 

explore can both increase interest and help them understand the relevance of data science in their lives. Letting 

students choose their own data sets makes data science more personalized and meaningful and can help them 

grasp the importance and relevance of data science (Lee et al., 2021).

In this article, we advocate for incorporating these data science learning experiences that draw on students’ 

interests and identities. These interest-driven data sets can lay the groundwork for engaging and purposeful 

data science education. In doing so, we can empower today’s students to succeed in an increasingly data-driven 

world.

Centering Students’ Interests in High School Data Science 
Instructional Materials
Creating an interest-driven instructional sequence starts with investigating the interests of the students you plan 

on teaching. To that end, we ran a series of participatory design (PD) sessions with 28 high schoolers from a 

city in the Mid-Atlantic region of the United States (Israel-Fishelson et al., 2024). Participatory design is a 

strategy for making the design process inclusive, ensuring that the voices, values, and ideas of the users, or in 

this case students, are reflected in outcomes (DiSalvo, 2016). In our work, this meant providing opportunities 

for students to share their experiences with data, interests, and concerns through discussions and hands-on 

design activities (e.g., Coenraad et al., 2019). Our analysis revealed that students are highly interested in topics 

such as music, video games, TV shows, movies, sports, animals, art, and design. These topics then informed 

the design of classroom data science learning activities.

After identifying areas of interest, the first steps in developing an instructional sequence are to define the 

learning objectives, identify technologies, and design learning activities that invite learners to engage with data 

sets that represent these interests. Drawing insights from the PD sessions, we took a student-centered approach 

and developed “API Can Code,” an instructional sequence that introduces students to the computational 

foundations of data science by having them explore and query authentic and meaningful data sets using 

publicly available application programming interfaces (APIs). Using an API search engine, students can find 

data sets on topics they are passionate about. API Can Code is grounded in the interest development theory, 

which suggests that students learn best when they can explore, interact with, and derive meaning from the 

subject they are interested in (Michaelis & Weintrop, 2022; Renninger & Hidi, 2015). In the context of our 

instructional sequence, interest development theory informs two key aspects of the instructional sequence. 

First, we incorporate data sets based on the students’ interests as gathered during the PD research. Second, 

students have agency throughout the learning activity to pose questions and query data sets that align with their 

interests beyond the provided data sets. As part of API Can Code, students work through the data science cycle 

(International Data Science in Schools Project Curriculum Team, 2019). The cycle starts with having students 

formulate questions based on their passions, identify relevant data sets that can shed light on their questions, 

explore and analyze the data, and present insights and answers to the questions.
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API Can Code includes three instructional units (Figure 1), each consisting of six 90-minute lessons. The 

objective of the first unit is to help students better understand the data surrounding them and its impact on their 

lives. In the first unit, students learn what data is, who collects their data, and the data-information-knowledge-

wisdom (DIKW) model (Rowley, 2007), which explains how data is transformed from its raw form into 

valuable insights. Moreover, the students learn about the 5Vs model (Sinha, 2020), which defines the key 

attributes of data: volume (amount of data), velocity (data recency), variety (types of data), veracity (accuracy 

and quality of data), and value (ability to extract meaningful insights). The students evaluate data sets using the 

5Vs model and discuss the effects of biases on data. The objective of the second unit is to help students 

develop foundational computational skills to retrieve and manipulate data. More concretely, students learn how 

to query APIs aligning with their interests through the RapidAPI platform, an API repository, and then 

manipulate or organize the returned data. To do so, students write short programs in EduBlocks, a block-based 

programming environment that uses the Python programming language. The lessons in the units will employ 

the Use→Modify→Create structure (Franklin et al. 2020) in which they first use an existing code, continue to 

modify one, and finally write a code from scratch. The objective of the third and final unit is to teach students 

data science practices, emphasizing the analysis and visualization of data to extract meaningful insights. 

Students learn to use CODAP (Common Online Data Analysis Platform), a free, user-friendly data 

visualization, analysis, and exploration tool, to perform data analysis, create and interpret a variety of summary 

plots, and perform basic statistical tests (CODAP, 2022). Each of the three units is anchored with data 

Figure 1. The API Can Code instructional units, aligning with three emerging 
technologies.
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exploration activities that align with students’ interests as identified in the PD sessions. Additionally, each 

lesson concludes with a final assignment to review and test their understanding of the content taught. More 

details about each unit, its learning objectives, and activities can be found here.1

API Can Code culminates with a final project where students go through the entire data science cycle, starting 

with coming up with a question they want to be answered or a topic they want to learn about. From there, 

students identify a relevant data set, then programmatically retrieve the data set, manipulate it as needed, and 

then visualize it in CODAP as a way to answer their question or learn new things about their topic of interest. 

The next section presents an example of a student’s final project.

API Can Code in Action
We piloted the API Can Code materials with two computer science classes at a U.S. high school. Each class 

completed the full instructional sequence. At the end of the three units, each student completed the final project 

independently under the guidance of their teacher. First, the students chose a topic of interest to them and found 

an interesting data set from the RapidAPI repository, evaluated it using the 5Vs model, and formulated 

questions that could be answered using the data. The students chose APIs on various topics, including sports, 

music, television programs, computer games, and animals. Students then wrote programs in EduBlocks to 

retrieve, filter, and organize the data relevant to their questions and then created visualizations in CODAP, 

which brought their data to life, presenting answers to their research questions.

To provide a clearer sense of what this process looked like, here we present a final project by Janeese, one of 

the students in the class, who decided that her project would be about music. She created an EduBlocks 

program to retrieve data about her favorite singer, Jhené Aiko, from the Deezer API (Figure 2), a French music 

streaming service.
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Janeese was curious to learn more about Jhené and her hit songs, and to try and figure out with data whether or 

not Jhené was a ‘star.’ To answer her question, she defined the fields she needed (song name, album, artist, 

duration, and rank) so that she could work with them in a tabular form within CODAP (Figure 3). Janeese 

created two visualizations as part of her final project; in her own words, this is how Janeese presented her 

visualizations: “The first graph [Figure 4 (Left)] represents artists who are featured in Jhené Aiko’s songs; it 

helped me answer my question by giving me insight on how many artists wanted to collaborate with Jhené and 

how many songs were created by Jhené Aiko herself. The second [Figure 4 (Right)] represents Jhené Aiko’s 

music career.” Additionally, she stated that the table itself (Figure 3) represents the most popular songs by 

Jhené Aiko.

Figure 2. The EduBlocks program created by Janeese to retrieve data about Jhené Aiko.

Figure 3. The CODAP table created by Janeese after manipulating the data in EduBlocks. 
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When presenting her reflections on the project in class, Janeese concluded, “The clear conclusion I received 

from the data was that Jhené Aiko is very popular and has made a lot of hits over the years. I have found out 

that Jhené Aiko was more popular than I thought she was.” When considering the learnings related to data 

science, Janeese emphasized that the project enabled her to discover new information and use the data to 

answer her research questions; “The data that I’ve collected was very helpful and useful; it helped me gather 

more information and determine if I was correct about my theories.”

Discussion
In the ever-evolving landscape of technology and the rapid expansion of the role of data in our lives, it is 

important to prepare today’s students to be informed and empowered data-literate citizens. The ambitious 

approach presented here seeks to achieve this goal by situating high school data science instruction in the 

interests and lived experiences of today’s students. Our work shows how students’ passions can serve as an 

engaging context for introducing them to data science. Furthermore, we present a novel instructional approach 

that uses innovative tools and professional platforms as a way to grant learners access to authentic data sets to 

ground their data science learning experiences. In doing so, API Can Code is authentic, interest driven, and can 

help learners understand the data that surrounds them.

This approach draws on interest development theory, both within and beyond computing education (Azevedo 

2013; Kafai & Peppler, 2011). The interest-driven nature of the inquiry approach taken here not only provides 

essential context and meaning to the data field (Makar & Ben-Zvi, 2011; Pfannkuch, 2011) but also showcases 

the potential of data science instruction by grounding it in students’ interests and real-world applications. In 

this article, we hope to connect these academic findings with practical ideas and strategies that can be used in 

classrooms.

Figure 4. Two visualizations created by Janeese in CODAP: Jhené Aiko's collaborations 
with featured artists (Left) and her career timeline based on the years her songs were 

released (Right). 
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The hands-on experience with authentic, meaningful data makes learning more engaging and data science more 

relevant. It also equips students with skills applicable beyond the classroom. As the findings suggest, when 

students are allowed to choose projects based on their interests, they become more invested in the learning 

process, gaining valuable insight into the role data plays in their lives. Engaging with the data they choose 

provides a unique opportunity for students to pose meaningful questions, critically analyze data, and develop 

problem-solving skills to gain insights into topics they genuinely care about. This sense of ownership not only 

boosts motivation and engagement but also leads to a deeper understanding of data science principles.

Collectively, with this work, we hope to inspire and support educators to think creatively on how to introduce 

students to data science in ways that align with their experiences living in a data-filled world. In doing so, we 

can better prepare them to thrive in the data-rich world that awaits them.
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