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Abstract

Data science is a field that merges advancements in computer science, statistics, and
machine learning. To date, much data science instruction has been through graduate pro-
grams or self-directed course offerings. There are therefore fewer opportunities for formal
data science education, especially for K-12 educators and learners who have limited expo-
sure to these fields. While some efforts have emerged to introduce data science in pre-
college settings, there is little research regarding learning design strategies that support
data science for inservice teachers. As such, this project employs a design-based research
(DBR) approach to develop accessible and engaging open-access learning resources as a
way to reduce barriers to data science instruction across the educational spectrum. Given
the gap regarding data science in K-12, our DBR study identifies the following design ele-
ments: (a) revised data science content scope, (b) design standardization for interactive
learning, (c) reframing data science for case-based learning, (d) artificial intelligence (AI)
towards data personalization, and (e) data science coding through goal-based learning. The
project also introduces aspects of the curriculum via a teacher professional development,
which provides important insights and challenges regarding data science at the middle and
high school levels. Implications for learning design, open-educational resources, data sci-
ence standards, and others are discussed.
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Introduction and literature review
Data science education

Next Generation Science Standards (NGSS) and 21st Century Skills outline a variety of
skillsets needed to be successful in science, technology, engineering, and mathematics
(STEM). In these instructional approaches, educators align core STEM concepts through
problem-solving cases that are representative of ill-structured problems found in practice
(Loyens et al., 2023; Schoute & Alexander, 2025). As part of this problem-solving process,
learners in NGSS-aligned instruction extend beyond mere retention of declarative knowl-
edge as they engage in inquiry, collaboration, digital literacy, and (Long & Koehler, 2024;
Wong et al., 2023). Another important aspect of NGSS problem-solving is how learners
engage in observation and sense-making, which requires an understanding of measure-
ment, representation, and data analysis (Rosenberg & Jones, 2024). Given the importance
of measurement and evaluation in problem-solving, there have been considerable efforts
in terms of data literacy and other analytic skillsets. Data science has also emerged as “a
new interdisciplinary field that synthesizes and builds on statistics, informatics, computing,
communication, management, and sociology to study data and its environments (including
domains and other contextual aspects, such as organizational and social aspects) in order
to transform data to insights and decisions by following a data-to-knowledge-to-wisdom
thinking and methodology” (Cao, 2018, p. 8).

While data science was often considered a byproduct of other STEM fields, there have
been increased calls towards a more specialized and standalone area of expertise (Donoho,
2017). The interest became more formalized in the “big data” era, particularly given the
emergence in early 2010 around learning analytics, machine learning, artificial intel-
ligence, and natural language processing (McFarland et al., 2021). A corollary response
included rapid efforts to train around the unique skillsets that were central to this emerging
transdisciplinary field. Given its applied nature among working practitioners, data science
education was often targeted for workplace professionals through non-traditional pathways
such as informal online learning courses (e.g., MOOCs), YouTube tutorials, and platforms
such as Kaggle. These educational approaches sought to upskill workers and supplement
specific knowledge deficits (Kuroki, 2023; Romero & Ventura, 2017). In response to the
growing demand, a large majority of U.S. degree programs began to focus on data science
within postsecondary contexts in the form of courses embedded within statistics, computer
programming, and machine learning, reflecting the deep technical prerequisites needed for
this interdisciplinary field (Dogucu et al., 2025). For example, computer science courses
may require learners to integrate statistical and analytical concepts as they engage in cod-
ing tasks. Alternatively, a statistics program might ask learners to apply their understanding
through tools such as R or Python, which requires additional expertise beyond the mathe-
matical principles that are inherent within the course. In doing so, learners engage in piece-
meal approaches to data science education, navigating disparate disciplinary approaches
with limited guidance on how these areas intersect in practice (Israel-Fishelson & Wein-
trop, 2026; Payne et al., 2021; Rosenberg & Jones, 2024).

To better prepare learners for postsecondary contexts, there have also been recent efforts
to formalize K-12 data science, such as the Guidelines for Assessment and Instruction in
Statistics Education (GAISE I) (Bargagliotti et al., 2020). Key aspects describe how tech-
nology can be used to assist in data collection, variable types, multivariate perspectives,
probabilistic reasoning, and others. However, a persistent challenge is that learning data
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science is “often through the heavy overlap of statistics and data science concepts and
practices in the K—12 curriculum” (Weiland & Engledowl, 2022, p. 3). For example, Israel-
Fishelson et al. (2024) found that existing K-12 data science curricula often used relatively
small datasets and offered limited student involvement in dataset selection. Similarly, K-12
data science opportunities are often distributed across statistics, computer science, math-
ematics, STEM inquiry, informal learning platforms, electives, and Career and Technical
Education courses, rather than organized through systematic and developmentally appro-
priate learning progressions (ACM, 2022; Fisher et al., 2019; Rosenberg & Jones, 2024).
Consequently, students and teachers may encounter data science through isolated activities,
tools, or short-term instructional units rather than through sustained curricula that build
conceptual and technical fluency over time (Israel-Fishelson et al., 2024; Lee & Delaney,
2022).

A corollary issue is that there remains a gap for teachers who wish to apply data science
within a K-12 setting (Groth, 2025; Lee & Delaney, 2022; Rosenberg & Jones, 2024). Data
science requires the coordination of statistical reasoning, computational thinking, machine
learning concepts, data visualization, and domain-based interpretation, making it difficult
to situate data science within traditional school curricular or teacher preparation pathways
(Irizarry, 2020; National Academies of Sciences, Engineering, & Medicine, 2023; Weiland
& Engledowl, 2022). K-12 teachers are thus often expected to teach across disciplinary
areas in which they may not have received formal preparation (Drozda et al., 2022; Groth,
2025; Lee & Delaney, 2022). Prior research suggests that teachers frequently feel under-
prepared to teach data science and must navigate instructional environments in which tools,
technologies, and disciplinary expectations continue to evolve (Drozda et al., 2022; Herro
& Madison, 2026). However, teacher perception alone does not establish the importance
of K-12 data science education. Rather, the need for data science education is grounded in
broader standards, policy, and professional efforts that call for learners to engage with data,
modeling, measurement, computational representations, and statistical reasoning (Institute
of Educational Sciences, 2025; Martinez & Lal.onde, 2020; National Academies of Sci-
ences, Engineering, & Medicine, 2023; National Research Council, 2014).

Given this gap, teachers’ perspectives and interactions with curricular materials are
important because teachers are the proximal users and classroom enactors of data sci-
ence resources. If data science learning opportunities are to reach K-12 students in for-
mal educational settings, teachers must be able to understand, facilitate, adapt, and sustain
those materials in practice. Prior research outlines various efforts towards design features
needed for formalized, open-access data science curriculum in higher education and K-12.
In terms of the latter, early studies attempted to address challenges of K-12 data science
education through curriculum development and teacher training efforts (Herro & Madison,
2026; Weiland & Engledowl, 2022). While this research has advanced integration efforts,
less research has explored data science curriculum from the perspective of K-12 teachers.
As such, there is little guidance on how to design data science learning experiences that
are comprehensive and engaging, especially given the teaching needs as educators sup-
port the cognitive development of younger learners. This gap impacts available curriculum,
professional development, and other elements needed for the successful development of
data science skills. Accordingly, this design-based research (DBR) study addresses the gap
between broad calls for K-12 data science education and the limited empirical guidance
available for designing teacher-facing, classroom-ready data science resources (Institute
of Educational Sciences, 2025; Lee & Delaney, 2022; Rosenberg & Jones, 2024). Spe-
cifically, the study examines how an existing open-access data science curriculum origi-
nally developed for higher education can be redesigned for K-12 teacher use. This focus
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responds to a practical and underexamined design problem: how to preserve the conceptual
integrity of data science while adapting its content, structure, tools, and learning supports
for teachers working within K-12 classroom constraints (Barany et al., 2024; Dogucu et al.,
2025). Together, this study both considers which data science topics should be included
in K-12 education and investigates how complex interdisciplinary content can be scoped,
sequenced, scaffolded, contextualized, and made usable for teacher enactment.

Purpose

This design-based research (DBR) project examines the iterative redesign of open-access
data science learning materials for K—12 teacher use. DBR is well suited for this educa-
tional problem as it supports the study of interventions in authentic settings, while simulta-
neously generating practical design knowledge and theoretical insight. Rather than testing
a curriculum solely under controlled conditions, DBR emphasizes iterative refinement in
naturalistic environments, attending to how learners, teachers, tools, and contexts interact
to yield “empirical insights and theoretical advancements that could be used to address real
concerns in educational practice” (McKenney & Reeves, 2014; see also Hoadley & Cam-
pos, 2022). To achieve this goal, DBR projects often proceed through multiple cycles of
design, implementation, analysis, and redesign (Richardson et al., 2025). These cycles may
include broader mesocycles and more focused microcycles. The former represent larger
phases of design and implementation with distinct participant groups and design goals,
while the latter involve targeted revisions to specific curriculum features based on emerg-
ing evidence (Adams & Du Preez, 2022; Schmidt & Glaser, 2024).

DBR Meso Cycle 1 focused on a summer program designed to introduce undergraduate
students to data science. In line with prior literature (Fisher et al., 2019; Institute of Edu-
cational Sciences, 2025), one of the notable challenges identified in DBR Meso Cycle 1
was that the scope of data science is often ill-defined given its interdisciplinary nature. As
noted below, learners must integrate various areas (statistics, computer science, machine
learning), which impacts one’s ability to gain conceptual mastery and progress in the learn-
ing of data science. The findings from that cycle informed the initial curriculum scope and
learners’ progression of selected topics (descriptive statistics, data visualizations, measure-
ments of association, clustering), along with strategies to supplement individuals who had
undergraduate backgrounds in different subjects.

As the design team discussed ways to further expand data science beyond higher edu-
cation, DBR Meso Cycle 2 sought to redesign the data science learning resources for the
K-12 level, especially for inservice teachers. Although prior work has advanced K-12 data
science through tool evaluations (Israel-Fishelson et al., 2025), consideration of curricular
needs (Lee & Delaney, 2022), and proposed topic frameworks (ACM, 2022; Fisher et al.,
2019; National Academies of Sciences, Engineering, & Medicine, 2023), these efforts
largely remain conceptual and lack empirical validation at the K-12 level (Institute of Edu-
cational Sciences, 2025). Moreover, very little research has been focused on K-12 teachers
who are responsible for instruction of the material. Indeed, Herro et al. (2022) caution that
“teachers’ lack of data science preparation hinders their ability to integrate data science
practices into their lessons” (p. 496). That is, the interdisciplinary nature may make it espe-
cially difficult for K-12 teachers who may be trained in one area (e.g. computer science),
but must supplement their knowledge to holistically integrate all areas required for data sci-
ence education (Fry & Makar, 2021, p. 181). Additional research is needed to understand
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how K-12 teachers interact with a data science curriculum and learning resources, particu-
larly given the complexity and interdisciplinary nature of the field (Institute of Educational
Sciences, 2025; Irizarry, 2020; Rosenberg & Jones, 2024).

The purpose of DBR Meso Cycle 2 is thus to examine how inservice K—12 teachers pro-
gressed through redesigned data science materials and where they encountered challenges.
Progress was important to investigate because DBR Meso Cycle 1 considered the scope of
the foundational data science topics and how they could be sequenced so the concepts are
able to build on one another. Similarly, error patterns are important to understand where
individuals encounter challenges in their progress regarding the sequence of data science
concepts (Singh et al., 2024; West, 2018). Meso Cycle 2 extends the prior design work
with a focus on K-12 by documenting this process and design features, which is important
for secondary education data science because the field still lacks sufficient empirical guid-
ance regarding how complex data science content can be scoped, scaffolded, and contex-
tualized in ways that support classroom teachers. By analyzing teacher progression and
challenges across the curricular scope and sequence, this study contributes empirically
grounded design features for developing teacher-facing and interactive data science learn-
ing resources. Specific research questions for DBR Meso Cycle 2 are as follows:

1. How do inservice K-12 teachers progress in a data science curriculum?
2. What are the error patterns of K-12 teachers completing the data science curriculum?

Project description
Datawhys project
Project background

The overall goal of this DBR project was to understand how to formalize data science edu-
cation, particularly in terms of design strategies that are instantiated in an open-access cur-
riculum. In DBR Meso Cycle 1, this data science education project focused on upskilling
undergraduate learners outside traditional data science fields (e.g., computer science, sta-
tistics) through a 6-week summer internship. The project team members include data sci-
ence faculty, industry experts, and an instructional design team. Across various summers
(2020-2025), the project hosted a five-week internship at a university campus whereby
undergraduate students from various disciplines would have university faculty lecture on
data science (didactic learning) and later engage in hands-on application of their given
concept.

DBR Meso Cycle 1: original scope and datasets

In terms of curricula and learning resources to support the formal data science summer
instruction, an interdisciplinary group of faculty members from statistics, computer sci-
ence, education, and cognitive psychology contributed their perspectives and expertise
to the development of the training materials. To accomplish this goal, DBR Meso Cycle
1 first conducted a needs assessment that looked at nearly 1,000 different data science
resources (e.g., notable higher education textbooks, popular websites). After various
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Analysis & Exploration

- Literature Review
- Identification of
Principles

Design & Construction

Design: Jupyter notebooks
individually designed from 4
faculty members

Focus: Interdisciplinary

Evaluation and Reflection

Key Finding: Students
understand the applied nature
of statistics, but struggle with

coding aspects of data science

Analysis & Exploration

How would data science scale
for a K6-12 audience?

Design & Construction

Design: Data Science learning
materials that were redesigned
for scope, usability, and OER

Focus: K6-12 in-service teacher

Evaluation and Reflection

- Revised data science content
scope

- Design standardization for
interactive learning

- Reframing data science for

introduction for higher
education students

How can data science learning
materials be designed to scale
as an OER?

perspectives on data science
education

case-based learning

- Artificial intelligence (AT)
towards data personalization
- Data science coding through
goal-based learning

Relationship between usability
and cognitive load
Assessment: Surveys, LXD

studies

Assessment: Log file
(execution, error rates)

Micro Cycle Meso Cycle 1 Meso Cycle 2

Fig. 1 Design-based research adapted from McKenney and Reeves (2021)

discussions and iterations, the materials of DBR Meso Cycle 1 consisted of 20 unique
topics and 230 hours that progressed from descriptive statistics, data visualizations,
measurements of association, clustering techniques, and others. Each module includes
two unique aspects: (a) partial worked example and (b) isomorphic problem-solving
task. The former is a hands-on activity that included detailed descriptions of data sci-
ence concepts and methods for coding the models, while the latter is a unique problem-
solving activity, but provided no solution steps as it focused on higher-level goals (e.g.,
conduct a train/test split). This design choice allowed learners an opportunity to fade the
scaffold and transfer their lessons learned from the more didactic portions of the class
(see Fig. 1).

Another unique aspect of DBR Meso Cycle 1 and the development of open-access
learning materials included the use of Jupyter Notebooks as a platform for the data
science instruction. Jupyter Notebooks combine text, mathematical equations, code,
and graphs. An important feature is that the code is runnable, meaning that the code
embedded in the notebooks is interactive and can reproduce the results. In contrast
to a traditional paper-based textbook often used for computer science, Jupyter Note-
books can serve as a medium for worked-examples pedagogy in coding (Atkinson et al.,
2000), which shows step-by-step problem solutions for computer science (see Fig. 2).
Researchers thus leverage Jupyter Notebooks as a learning resource given their abil-
ity to be “read like a journal paper and run like a computer program.” (O’Hara et al.,
2015, p. 263).

In addition to the format of the learning resources, another important design aspect of
DBR Meso Cycle 1 is the selection of datasets embedded within the Jupyter Notebook.
Showing step-by-step solutions to data science problems requires robust datasets that
allow for diverse modelling; however, it is often difficult to find datasets that have opti-
mal properties to demonstrate data science techniques, so instructors often reuse readily
available datasets. DBR Meso Cycle 1 followed standard practice in teaching data sci-
ence by using well-known datasets from the UCI Machine Learning Repository (https://
archive.ics.uci.edu/). DBR Meso Cycle 1 employed the iris dataset originally introduced
by Fisher, which is one of the most widely used dataset in statistics education (Unwin
& Kleinman 2021). This prominent dataset includes five variables that detail informa-
tion about flowers, four of which are width or length measurements of the parts of an
iris, and the fifth variable is species. Datasets like iris are frequently used in pedagogy
because they are simple yet precise, while instructors are familiar with their properties
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Prepare train/test sets
We need to split the dataframe into training data and testing data, and also separate the predictors from the class labels.

Often we'd drop the label/response and use all the predictors, but in this case, we only want to use two of the predictors. So let's make X and Y

but specify what we want in them, instead of what we don't want (which is what drop does):

e Create variable X and setto dataframe[ ] with a list inside containing
= "Hits"
= "Years"

e Create variable Y and set to freestyle np.loglp(dataframe[['Salary']])

Import sklearn.model_selection so we can split the data into train/test sets:

e import sklearn.model_selection as model selection

And do the actual split:

e Create splits andsetto with model_selection do train_test_split using a list containing:
= X
=y
= freestyle random_state=1 (this will make your random split the same as mine)

Fig.2 Original data science curriculum for higher education learners (DBR Meso Cycle 1)

and the statistical phenomena that can be employed given the data. This allows the iris
dataset to be useful for teaching introductory data science concepts, such as descriptive
statistics and plotting, along with advanced modeling topics (Zheng, 2023).

DBR Meso Cycle 1: learning environment scaffolds

Given the overall goal of design features needed for formalized, open-access data science
curriculum, it was important for the design team to consider how to scaffold learners as
Meso Cycle 1 introduced data science to postsecondary students. Learning to program
and its associated syntax are often considered difficult for novices (Luxton-Reilly et al.,
2018; Mergianian et al., 2026), so DBR Meso Cycle 1 designed the Jupyter Notebooks
to concurrently work with an optional extension for blocks-based programming, which
has been widely used to teach introductory programming over the last decade (Bau et al.,
2017; Resnick et al., 2009). Blocks-based programming uses puzzle-piece shaped widgets
to represent snippets of code such that learners ‘snap’ blocks together to make programs.
All blocks are visually browsable on an interface palette, so learners only need to recog-
nize the blocks they need rather than remember arbitrary code. Moreover, blocks only fit
together in syntactically valid ways, eliminating common syntax error mistakes. Blocks-
based programming provides a visual representation of coding, often leading to gains
in cognitive and affective learning outcomes (Hu et al., 2021). DBR Meso Cycle 1 also
introduced a novel ‘blocks to code’ feature, which allows learners to use a blocks-based
coding approach and synchronously see how it would align with Python code (see Fig. 3)
(Tawfik et al., 2024). From a cognitive load perspective, this support was intended to help
reduce demands on working memory associated with element interactivity during coding
(Cakiroglu & Bilgi, 2022).
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Blockly Python X # Untitled1.ipynb X | [# Data-science-and-the-nat X

K O Cod v i e
IMPORT ) + X B O » mcC e O gt xpython O &
FREESTYLE

COMMENT wtfBo 8
LOGIC dsapl xpins="https://developers.google.com/blockly/xml">

LOOPS

MATH

TEXT

LISTS
COLOUR
CONVERSION
l[e}

{1:/x=3

VARIABLES
FUNCTIONS

[ Blocks to Code | Code to Blocks | Report Bug | & Notebook Sync

Fig. 3 Blocks-to-code learning environment (DBR Meso Cycle 1)

DBR Meso Cycle 2: data science design features for a K-12 audience

Research from DBR Meso Cycle 1 yielded important insights about the higher education
student perspective. The first design feature focused on the need to consider learners’ prior
knowledge gaps and appropriate conceptual introduction for novices, including onramp-
ing the interdisciplinary nature of data science given its confluence of statistics, computer
science, and machine learning (Payne et al., 2021). A second principle also identified the
learning modalities and platforms needed to support data science, especially an interactive
platform that allowed (a) scaffolds, (b) multiple forms of representation, and (c) contex-
tualized application (Tawfik et al., 2024). The final emergent design feature focused on
learner experience design, especially usability challenges given the different scaffolding
supports (free-hand coding; block coding) that were part of the data science learning tool.
As the DBR project began to understand important design elements of formalized data
science instruction, the team sought to consider design elements beyond higher educa-
tion (Meso Cycle 1) and how data science might be applied at a K-12 level, (Meso Cycle
2), especially at the middle and high school level. The design features of Meso Cycle 1
led the design team to consider the needs of K-12 teachers who will be at the forefront
of data science integration. As such, the design team quickly realized the current higher
education version included critical design assumptions in terms of content (mathematics,
necessary examples), and also required attention to educational context and learner read-
ing level, which are prominent factors within the classroom. Related research shows K-12
teachers feel ill-suited to integrate data science in the classroom given the intersection of
multiple domains and limited opportunities for professional development (Drozda et al.,
2022). This is a challenge because Rosenberg and Jones (2024) note that many curriculum
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Table 1 Design features across Meso Cycles

Meso Cycle 1 Design Features (Higher Education) Meso Cycle 2 Design Features

Learners prior knowledge given interdisciplinary nature Revise data science content scope
of data science

Modalities and platforms that supported (a) scaffolds,  Standardization design for interactive learning
(b) multiple forms of representation, and (c) contex-
tualized application
Learning experience design for different approaches to  Reframe data science for case-based learning
coding
Leverage artificial Intelligence (AI) to data
personalization
Facilitate data science coding through goal-based
learning

standards require “developed strategies, representations, statistics, models, and computa-
tional systems to structure the variability in ways that allow us to make observations and
inferences that cannot be made by direct observation alone” (p. 10).

The transition from DBR Meso Cycle 1 to DBR Meso Cycle 2 therefore involved more
than a change in audience. It required revisiting assumptions embedded in the higher-edu-
cation version of the curriculum, including assumptions about mathematical background,
programming familiarity, reading level, pacing, and learners’ ability to navigate open-
ended analytic tasks. For K-12 settings, these assumptions are especially consequential
because teachers must not only understand the data science content themselves, but also
determine how to facilitate it for students with diverse prior knowledge, varying levels of
coding experience, and limited instructional time. Thus, the redesign process focused on
the practical design problem of making data science materials usable for K-12 teacher con-
texts, while preserving the conceptual integrity of the original curriculum. This required
attention to content scope, structural consistency across notebooks, case-based framing,
dataset alignment, and goal-based coding supports.

As the project further considered the design elements needed for data science across dif-
ferent learning contexts, Meso Cycle 2 encountered multiple features that were central as
the team redesigned the platform as an open-educational resource (OER) for teachers in a
K-12 setting. In line with Jung and Mercier (2023), the following section describes an in-
depth retrospective reflection of the design features that emerged from Meso Cycle 2 (see
Table 1).

Design feature 1: revised data science content scope

Given the relative emergence of data science, the guidelines that outline how educators
should integrate these interdisciplinary concepts (mathematics, computer science, machine
learning) for younger learners are largely ill-defined, which makes it difficult to revise the
scope needed for K-12 teachers and learners. In other STEM disciplines, educators are
often provided guidance or a learning progression for a particular subject based on learner
age and established curricular standards. For example, the ecosystem guidelines in the Next
Generation Science Standards (2014) outline a logical progression of relationships in eco-
systems (LS2A), cycles of matters (LS2B), ecosystem dynamics (LS2C), group dynamics
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The last column in the table titled Residual is computed as the Observed HPI minus the Predicted HPI and can be used to diagnose the
model fit. Checking the residuals is an important part of model diagnostics. The residuals can be summarized in a single measure called the
root mean square error (RMSE). It is the square root of the sum of the squared residuals divided by the number of sample points. The smaller
the RMSE the better the fit. The formula for the RMSE is

n 2
RMSE= |3 ™%

- "

where res; is the residual for the ith observation. For the testing set in this example, the RMSE is 56.29. Alone this does not tell us anything
about the fit of the model, but we can use it to compare various models. For example, if you wanted to try different values of K you could
use the RMSE to compare the fits.

Standardization

This example highlights one issue that you may run into when you are running a KNN regression model (or KNN classifier). The magnitude
(size) of the Loan variable is much bigger than the magnitude of the Age variable. This difference in magnitude can lead the distance
measure to favor differences in the Loan variable and the Age variable can have much less of an impact. One solution to this problem is to

standardize each variable by subtracting the sample mean, X, and dividing by the sample standard deviation, S = v/S2, as

and performing the KNN regression on the standardized variables.

Choosing K

Similar to the KNN classifier, the choice of K has a big impact on the regression. When K is low, the regression fit will be very choppy and
gets smoother as K increases. The figures below show a progression of values of K from K = 1to K = n = 506. For this data, there is
only one predictor on the x axis. The points in blue are the predictor (x-axis) and the associated response (y-axis). The orange line is the KNN
regression prediction. As you can see, in Figure 1 where K = 1, the regression prediction is very choppy and smooths out as K increases.
When K = n = 506 as in Figure 6, the prediction line is completely smooth and horizontal. The choice of K is a compromise between

accurate but choppy predictions (low K) and less accurate but less variable predictions (high K).

Fig.4 Original data science conceptual description for higher education students (DBR Meso Cycle 1)

(LS2D), and so on. Similar guidelines describe a progression regarding the basics of earth
(ESS2A) and later biogeology (ESS2E). In doing so, educators have a ‘starting point’,
along with guidance about necessary concepts that are important for a learner pathway.
These are important considerations for teachers and learning designers because it serves
as a progression pathway, while taking into consideration learners’ cognitive development,
prior knowledge, scaffolding strategies, etc.

While this initial scope of topics was iteratively refined in DBR Meso Cycle 1 for higher
education students, DBR Meso Cycle 2 encountered a recurring issue about how to deter-
mine what was foundational to understanding data science at the K-12 level. For example,
a topic like K-Nearest Neighbor is a potentially complex mathematical topic that includes
detailed equations to determine residuals, data standardization, and others (see Fig. 4). As
we attempted to reframe the data science materials for K-12 teachers, the design team fre-
quently questioned whether these topics, equations, or both were needed to understand the
concept at the middle and high school level. Given that we had hoped to design this as an
open-access resource, the project also could not make assumptions about learners’ prior
knowledge in either mathematics or reading levels. A key initial resource was the FORE-
CAST website, a readability assessment tool that assessed the original higher education
materials from DBR Meso Cycle 1 at an 11th-grade reading level. There was a constant
design tension about what was the appropriate data science scope for a given topic, age
level, and what was retained from earlier data science Jupyter Notebooks.
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To address this issue, an important aspect of the DBR Meso Cycle 2 included a learner
experience design (LXD) component with teachers, which was facilitated by (a) using arti-
ficial intelligence (AI) tools to reduce the complexity of the materials, (b) multiple rounds
of reviews, and (c) working with multiple stakeholders. In terms of Al tools, the instruc-
tional design team conducted an artifact analysis whereby the text-based content was
input into Al curriculum tools (Diffit, Twee) to help simplify the data science conceptual
description. The selected Al tools each provided similar services; however, they supported
DBR Meso Cycle 2 in different ways. For example, the design team inserted the original
conceptual text into Diffit, which would allow the team to revise the content for a given
grade level. Shortly after clicking ‘Generate Resources,’” a variety of materials populated
including the following: student handouts, a summary of the text, vocabulary, and a mul-
tiple-choice quiz. For purposes of the redesign, the project used the sections “Summary”
and “Key Vocabulary Words.” Whereas Diffit provides a bullet-pointed summary, Twee
converted the text in a paragraph format.

Given the different options among multiple tools, comparison among Al-generated pas-
sages between Diffit and Twee was an essential part of the redesign process. Upon comple-
tion, the design team synthesized the three versions: Diffit, Twee, and the original text to
create the final version of the data science conceptual description. An instructional design
faculty member would then take this design artifact, meet with a data science subject mat-
ter expert, and further refine the scope based on the materials that were generated from the
Al revisions. As a final refinement, the project would be handed off to instructional design
research assistants for a final review of the formatted content (e.g., scope, headers, place-
ment of multimedia). From an instructional design perspective, these Al tools and design
artifacts were advantageous at the outset of DBR Meso Cycle 2 given the complexity of
the interdisciplinary concepts (mathematics, statistics, computer science), especially since
the instructional designers were not subject matter experts in data science. The Al tools
were therefore not summative; rather, they served as a starting point for expert review in
creating engaging, grade-level appropriate learning materials that facilitated the discussion
between instruction designers and subject matter experts.

Design feature 2: design standardization for interactive learning

Another important aspect in DBR Meso Cycle 2 for K-12 teachers was the design stand-
ardization of the learning resources. In the prior version of the Jupyter Notebooks, the
team developed 20 notebooks written by four faculty members from computer sci-
ence, mathematics, and cognitive psychology. This initial approach used for a higher-
education audience in DBR Meso Cycle 1 allowed for an efficient way to generate a
large array of topics, while also affording an opportunity for interdisciplinary faculty
members to focus on their given areas of expertise. Although the learning materials
were largely the same in terms of general aesthetics within the Jupyter Notebooks (see
Fig. 4), they included nuanced design differences in terms of tone or multimedia. For
example, a mathematics faculty member would often explicate the details of statistical
equations. Alternatively, those with a background in computer science would largely
focus on the coding syntax and how to streamline analysis using a computational think-
ing approach. Finally, the psychology faculty would often emphasize the applied nature
of data science for various domain problems.
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Given our approach to LXD in the K-12 redesign, DBR Meso Cycle 2 sought to
engage with various educator stakeholders through additional LXD testing with pre-
service teachers, inservice teachers, and informal educators. Initially, the design team
shared a low-fidelity prototype with educators to streamline content and reduce com-
plexity in the data science descriptions (see ‘Revised Data Science Content Scope’ sec-
tion above). While the data provided some positive feedback, the teachers requested
additional guidance on how long a unit might take, which highlighted a ‘blindspot’ to
the design team in terms of the learning context. Whereas prior Jupyter Notebooks in
DBR Meso Cycle 1 were more focused on the concepts and coding, the feedback from
teachers also caused the design team to examine additional challenges inherent in a
K-12 setting, especially how a task-oriented approach to coding could better address
classroom management challenges. The redesign also considered informal learning set-
tings where educators may not be domain experts (e.g., librarians, after-school clubs).

The collective data from the LXD testing necessitated our design to include dedi-
cated sections within our learning materials for ‘anticipated time’, ‘definitions’, ‘learn-
ing objectives’, and enable the goals section to be viewed ‘at a glance’. Teachers also
wanted a section for the facilitator that was not viewable to the student, which would
include the main idea, anticipated issues students encountered (e.g., challenges related
to train/test split), and recommended scaffolding questions. Based on the feedback from
potential users, the design and development team thus sought to standardize a design in
ways that would balance content and classroom dynamics through the following outline:

— Anticipated time

— Learning Objectives

— Definitions

— Multimedia video of the case

— What you need to know (2-3 paragraphs about the data science topic)
— Goals (computer science tasks to complete the data analysis)

— Reflection

As the design progressed and integrated teacher feedback in DBR Meso Cycle 2, the
design team conducted an additional LXD expert review among the five members of the
instructional design team. The data from the group indicated that the conceptual text
was comprehensive, but it was unclear on the transition from the didactic (e.g.,* What
is a Decision Tree’) to the interactive portion (‘How to Code for Decision Tree’) of the
Jupyter Notebooks. They therefore suggested the text be more action-oriented, which
would foster engagement and cue the learner to progress through a given module.

An additional aspect of the redesign in Meso Cycle 2 also required considerable time
to align the learning objectives with the shorter didactic (“What You Need to Know’)
portions of the Jupyter Notebooks, which the team believed helped manage learners’
working memory, intrinsic load, and germane load (see Fig. 5) (Tawfik et al., 2023).
This was challenging because the design team was constantly having to revise this text-
heavy portion based on the perceived complexity and feedback from the Al, teacher
stakeholders, instructional design team, and subject matter experts. If a topic was
deemed too complex or not foundational, the design team retroactively removed the def-
initions and/or revised the text. Again, this was especially challenging given the lack of
accepted standards about data science for K-12 audiences.
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2 hours

BEFORE YOU BEGIN

Multiple Linear Regression

WHAT YOU WILL LEARN

* What is the difference between binary and multiclass logistic regression?
* How to use logistic regression for classification?

* How to interpret logistic regression coefficients?

* How to evaluate classification performance?

DEFINITIONS YOU'LL NEED TO KNOW

® Regression - a model used to predict a number
® Logistic regression - a method used to predict or classify things into different groups
based on data.
® Predictors - a variable that is used to predict the values of a dependent/response
variable
® Response - the number you are trying to predict
e Classification - grouping things into categories. Recall - the ratio of true positives to <

Fig.5 Redesigned Jupyter notebook to support cognitive load and classroom management for K-12 (DBR
Meso Cycle 2)

Design feature 3: reframing data science for case-based learning

To facilitate the action-oriented aspect of coding for data science, another key element of
DBR Meso Cycle 2 design was the move towards a case-based strategy, which was based
on learning theories that knowledge construction can be supported when it is situated
within a context (Ertmer et al., 2009; Tawfik & Kolodner, 2016; Zhang & Ma, 2023). As
noted earlier, each prior Jupyter Notebook from DBR Meso Cycle 1 was different based on
the expertise of the subject matter experts/faculty and used the popular iris dataset often
employed in data science education (Ciubotariu & Bosch, 2023). Alternatively, other Jupy-
ter Notebooks from the first round included brief examples, such as how to use a decision
tree to predict the weather based on categorical variables (e.g., ‘rainy’ and ‘cloud cover’).
Additional subject matter experts decided to illustrate data science examples using differ-
ent forms of media, such as in the example of KNN below (see Fig. 6).

Given the focus on K-12 teachers, DBR Meso Cycle 2 especially wanted to consider
how the affective component (motivation, engagement) might serve as a catalyst for data
science education. The design team therefore leveraged cases as a way to afford learners
agency and a sense of ownership, while also contextualizing the material (Koehler & Vilar-
inho-Pereira, 2021; Meulenbroeks et al., 2023). A key design decision included the nature
and topics of the cases. To that end, we considered multiple different options such as how
a community developer might apply data science for a neighborhood beautification pro-
ject. While this would contextualize the data science concepts, the design team was con-
cerned that cases would be too disparate, along with being far removed from their students’
daily activities. The design team was also mindful of the ‘breadth vs. depth’ challenge of
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When to use classifiers

Classification is useful when you have a set of annotated data. That is, for each set of features the true class is known. In this case you can use
the data to train a classifier so that when a new set of features is encountered with unknown class, you are able to infer its class from its features.

k-Nearest Neighbor

The k-nearest neighbor (KNN) method of classification based on distance. Consider the picture below.

By Antti Ajanki AnAj, CC BY-SA 3.0

In this picture, we have a new observation represented by a green circle. We want to predict its class, which is either a blue square or or a red
triangle. KNN does this by looking at the K closest previous observations; in the picture, K is 3 (solid line). KNN predicts whatever class is the
most common in the K closest previous observations. In this case, the most common class is red triangle (the three closest neighbors are two

red triangles and one blue square), so KNN would predict the new observation (green circle) is a red triangle.

As you might guess, the value of K can change KNN's behavior a lot. If K = 5 (the dashed line in the picture above), the KNN prediction will
change from red triangle to blue square. Imagine in the picture above if K = 11, which is the total number of previous observations. In that
case, KNN will always predict whatever class is most common overall (in this case blue square). This is bad because it means that the model will

always be wrong for new observations that are red triangles.

Fig.6 Original data science multimedia for higher education students (DBR Meso Cycle 1)

case-based learning whereby learners engage in complex problem-solving to solve a con-
textualized case (depth), but the specifics of the scenario make it difficult to transfer learn-
ing to other problem-solving activities (breadth) (Tawfik & Kolodner, 2016).

In light of these challenges, DBR Meso Cycle 2 sought to identify a ‘throughline’ across
the cases to establish a broader metanarrative for learners to situate themselves, but allow
different problem-solving contexts to apply distinct data science concepts. The revised data
science Jupyter Notebooks were thus contextualized as an after-school club that is looking
to reduce CO2 emissions within their community (see Fig. 7). The redesign presented the
cases through multimedia videos in which characters conveyed the problem and prompted
the learner for advice given the available dataset. Examples include using multiple regres-
sion to predict emissions levels from multiple ratio variables and using k-nearest neighbors
to classify emissions levels. This contextual approach helps to engender problem-solving,
while also serving to frame the ‘Goals’ section and data science steps that follow.
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< Data Science and the Nature of Data

My first step is to look at data that shows different categories of vehicles, like buses and cars.

Fig.7 Redesigned data science case-based multimedia for K-12 students (DBR Meso Cycle 2)

Design feature 4: artificial intelligence for data personalization

The move toward a case-based approach required additional design work on how to align
the conceptual description, datasets, and coding tasks within the Jupyter Notebooks. In
the prior learning materials geared towards higher education audiences (DBR Meso Cycle
1), the design team utilized the iris dataset that is often adopted in higher education data
science classes (Ciubotariu & Bosch, 2023). Although this was a key artifact in Meso
Cycle 1, the contextualized cases in Meso Cycle 2 focused on pollution within communi-
ties required that the design team find a corresponding dataset that aligned with the case
details. In line with other research (Kang et al., 2026), the selection of the dataset presented
a considerable challenge as we attempted to search across available repositories, such as
Google Datasets, Kaggle, and other public repositories.

Rather than identify and integrate a novel dataset, DBR Meso Cycle 2 used large lan-
guage models (LLMs) to rescale the iris dataset. That is, the design team leveraged LLMs
as a way to repurpose existing data, which made the datasets align with new thematic per-
spectives of the case and thus be more engaging for K-12 audiences. The core design strat-
egy was to prompt-engineer the Al in a way that maintains the underlying structure and
statistical properties, while changing the meaning and values to fit the new environmental
science theme of the cases. This mapping includes suggesting new column names (e.g.,
“sepal length” becomes “traffic volume”), specifying data type for columns (numerical,
categorical), and defining new data ranges or categories for the new theme. For numeri-
cal variables, the original values are rescaled linearly to fit the new ranges provided by
the LLM, ensuring that the relative distribution of the data is preserved. For categorical
variables, the original categories are replaced with the new categories using a dictionary-
based lookup (see below for an example of an LL.M-aligned schema). The result is a new
dataset with the same number of rows and columns as the original iris dataset, but features
new column names, rescaled numerical values, and remapped categorical values that are
aligned with the CO2 emissions theme. For example, the flower themes are now trans-
formed to include illustrative data about air quality levels with columns such as “Traffic
Volume”, “Average Speed”, “CO2 Emissions”, “Noise Level”, and “Traffic Condition”
(matching the original ones from the iris dataset, “Sepal Length”, “Sepal Width”, “Petal
Length”, “Petal Width”, and “Species”).
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Fig.8 Redesigned data person-
alization to align with K-12 case
using Al and LLMs (DBR Meso
Cycle 2)

Theme. : | Arts & Entertainment v

Topic. : v Celebrities & Entertainment News
Comics & Animation
Entertainment Industry
Events & Listings
Fun & Trivia
Humor
Movies
Music & Audio
Offbeat
Online Media
Performing Arts

new_ranges = {
'sepal.length': (0.200, 0.400), # Traffic Volume
'sepal.width': (0, 50), # Average Speed
'petal.length': (0, 150), # CO2 Emissions
'petal.width': (0, 60) # Noise Level

Given the focus on open-educational resource design in DBR Meso Cycle 2, we also
considered how to ensure the newly developed materials were potentially adaptable based
on other K-12 learning contexts. To facilitate adaptability in the open-educational resource,
the development team also leveraged LLMs to align with popular themes identified through
Google Trends to make the system automatically generate diverse datasets based on user
selection (see Fig. 8). Each dataset is then organized into a corresponding server folder,
effectively pre-populating a directory ready for user access. This method enables the effi-
cient reuse of existing data across different domains, making it easier to create engaging
and relevant learning materials or analytical tools that align with the case-based themes
adopted in DBR Meso Cycle 2. It also enhances consistency and accuracy because the
underlying data structure remains intact, and the transformation process preserves the tabu-
lar structure and is automated.

Design feature 5: data science coding through goal-based learning

Another central design feature of our data science curriculum redesign was the adoption
of a goal-based learning approach to coding that provides a scaffolded structure with step-
by-step instructions for each notebook (see Fig. 9). In addition to the LXD feedback from
teachers, this decision was motivated by research on goal-based scenarios in programming
education (Kandin & Sendurur, 2023) and cognitive load principles in scenario-based mul-
timedia learning (Kilic & Yildirim, 2012). Rather than framing the Jupyter Notebooks as
broad, open-ended challenges, each module was segmented into approximately 7-8 coding

@ Springer ACECT



Data science for K-12: A design-based research study

Goal 1: Importing the Pandas Library

Need extra tools to help solve this problem? Well, we can bring in extra '
to help us do extra data science stuff. You can think of it like an ‘add-on’.
case, we bring in pandas, which is a popular library for doing data scienc:

Blockly

+ 4 cells hidden

Freehand

=+ 7 cells hidden

Goal 2: Bringing in the Dataframe

Let's bring in the data that we want to look at.

Blockly

+ 5 cells hidden

Freehand
+ 7 cells hidden

Fig. 9 Redesigned Goal-based approach to K-12 data science education (DBR Meso Cycle 2)

“goals” that learners could view at a glance. For example, teachers and students now see
a Measures of Association notebook as a progression of the following seven tasks: Import
the Pandas library, Bring in the dataset, Calculate correlations, Import Plotly for visuali-
zation, View a heatmap of correlations, Calculate correlations for ordinal variables, and
Analyze categorical correlations. Within each of these goals, learners are given additional
instructions to elaborate upon and further segment the tasks. This included a simplified
description, along with how to complete the task in the coding language (see Figs. 9 and
10). In lieu of pre-established data science standards, each notebook now includes a scaf-
folded progression from foundational steps (e.g., data loading) to more advanced tasks,
with accompanying reflection questions that encourage learners to consider what they
had done and why. Beyond just cognitive processing, the redesign towards a goal-based
approach integrates key aspects of educator feedback.

Teacher feedback from LXD testing was treated as formative design evidence about
classroom enactment rather than as evidence for whether K-12 data science education
was necessary. Teachers’ requests for clearer guidance about anticipated time, instruc-
tional pacing, common student difficulties, and facilitation prompts highlighted practical
classroom constraints that were less visible in the higher-education version of the mate-
rials. This feedback helped the design team shift from a primarily content- and coding-
centered notebook structure toward a more classroom-aware design that included visible
goals, simplified explanations, explicit definitions, facilitator guidance, and reflection
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simple command to bring in the file we need (CSV...Comma Separated Values). Let's say we
have a file called 'datasets/AirQualityCars.csv' in the folder ‘datasets’. We're telling Python
to read the CSV file and store it in a variable called train.

From the Variable menu, drag a DO block using the pd variable, go ahead with the do
operation read_csv. The read_csv function reads a CSV file and returns a DataFrame object.

In our case, let's bring in the “datasets/AirQualityCars.csv" (use the Quotes from the TEXT
menu) because that is what Kiana is working with.

Step 4 - Display the variable
Let's see it now by ‘displaying’ and showing our work.

Drag the train variable to the workspace, making it available for further use in our program.
This step is more of a visualization step, as it allows us to see the variable in the Blockly
workspace

Step 5 - Connect the blocks to run the code

Connect the blocks and run the code!

set (EIRD to | with [EED do

+ - using |

« datasets/AirQuaIityCars.csvu

Fig. 10 Redesigned detailed descriptions for K-12 Coding (DBR Meso Cycle 2)

opportunities. In this way, the goal-based structure served both as a learning scaffold for
teachers and students and as a practical tool for classroom planning and management.

The aforementioned design decisions are important in multiple respects in DBR Meso
Cycle 2. The redesign was intended to manage processing demands by dividing complex
tasks into smaller segments (Rey et al., 2019). The overview introduces upcoming tasks,
and the detailed goals break the workflow into manageable steps. Cognitive load was not
directly measured in this cycle. In response to the LXD testing, the redesign makes recur-
ring tasks visible across notebooks, including uploading a dataset, importing a library,
and splitting data into training and test sets. The goal structure also facilitates scaffold-
ing across programming representations, supporting both block-based and freehand coding
within the same learning environment. By anchoring both programming representations
to shared goals, DBR Meso Cycle 2 provides learners the flexibility to choose their mode
of engagement, while also allowing teachers to support learners at different levels of cod-
ing mastery (see Fig. 9). In terms of mastery of coding, novices might start with blocks
and then transition to free-hand coding as they become more proficient. By standardiz-
ing the structure of the “goals” section in each notebook, the redesign ensured a predict-
able learner experience, particularly important given the diverse backgrounds of our users,
including K-12 teachers, informal educators, and students with limited prior exposure to
programming.
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Methods
Participants

The primary goal of the project was to explore the design features needed for formalized,
open-access data science curriculum. As the project transitioned from higher education
(DBR 1), DBR Meso Cycle 2 focused on how inservice K-12 teachers progressed in the
redesigned learning materials (RQ1), along with the challenges they might encounter as
they learn data science (RQ2). To address these questions, the project conducted a profes-
sional development program in the summer of 2025 for urban inservice teachers (N=5)
situated within the southern region of the United States of America. The school district is
the largest in the state and is notably diverse in terms of both demographics (75% African
American; 14% Hispanic, 7% White) and socioeconomic status, as 63,000 students in the
district self-classify as ‘economically disadvantaged’.

Inservice K-12 teachers were selected as participants as the primary users and intended
enactors of the redesigned open-access data science materials in this meso cycle. The
broader goal of the DBR project is to support K-12 students’ data science learning; how-
ever, this cycle focused on teacher-facing interaction with the open-access curriculum
because classroom adoption depends heavily on teachers’ ability to understand, facilitate,
and adopt the materials. Teachers were therefore not treated as proxies for students, nor
were their perceptions used as the sole evidence for the importance of K-12 data science.
Instead, teacher interaction data, including code executions and error rates, provides pre-
liminary evidence about how teachers interact with the redesigned materials. A subsequent
meso cycle may extend this work by examining how K-12 students engage directly with the
revised materials.

Procedure

Prior to the professional development, members of the research team worked with a local
educational computer science non-profit to discuss the learning materials and clarify any
questions. The subsequent professional development consisted of a two-week program,
with each day lasting six hours. In this ‘train the trainer’ approach, the facilitators first
delivered an introductory, didactic explanation of the data science topics. The stated goals
by the facilitator included understanding of data science, Python, Jupyter Notebooks, and
pedagogical strategies. Following this introduction, the inservice teachers were directed
to engage independently with the interactive Jupyter Notebooks developed in DBR Meso
Cycle 2, though they were permitted to collaborate with peers or seek one-on-one sup-
port from the instructors as needed. Upon completion of each module, participants were
prompted to reflect on the key data science concepts and the corresponding coding ele-
ments within the learning materials.

In terms of scope of the professional development, the facilitators shared 15 data sci-
ence lessons developed in DBR Meso Cycle 2 and published via Jupyter Notebooks (see
Table 2). The curriculum’s data science topics were presented in a structured progression,
beginning with descriptive analysis concepts such as Data Science and the Nature of Data,
Plotting, Descriptive Statistics, and Measures of Association. The training then moved into
predictive models, which were segmented into supervised regression techniques, including
KNN Regression, Simple Linear Regression, Multiple Linear Regression, and Regression
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Table 2 Professional

development data science Session Number Data Science Topic
schedule and topics Session 1 Data science and the nature of data
Session 2 Plotting
Descriptive statistics
Session 3 Measures of association
Session 4 KNN regression
KNN classification
Clustering
Session 5 Multiple linear regression

Simple linear regression
Session 6 Decision trees

Logistic regression
Session 7 Random forests

Regression tree
Session 8 Data cleaning

Cross-validation

Tree, followed by supervised classification models like KNN Classification, Decision
Trees, Logistic Regression, and Random Forests. It also included the unsupervised tech-
nique of Clustering. The training concluded with foundational data workflow topics: Data
Cleaning and Cross-validation. Each Jupyter Notebook included the necessary code, the
problem-specific datasets, and the execution environment, thus eliminating any technical
effort for installation or configuration by the teachers. The supporting programming lan-
guage was Python, but the materials employed the blocks-based programming extension
noted earlier (see Fig. 3). This process automatically generated the corresponding Python
code, enabling teachers to focus on the logical flow and data science goals rather than pro-
gramming syntax errors.

Measurements

Given the gap around data science curriculum and the need for K-12 teacher capacity
building, the goal of DBR Meso Cycle 2 was to test the redesign of the data science materi-
als that were aimed at the K-12 level. In accordance with other studies (Gobert et al., 2013;
Wang et al., 2023) and systematic reviews (Mergianian et al., 2026), Research Question 1
utilized log data (executions) to understand learners’ progression with the coding activities.
Log data is often used in computer science/data science research “because the learners’
computer programming behavior can be an indicator of their learning performance and,
at the same time, their performance as an artifact. Thus, researchers have become increas-
ingly interested in analyzing learners’ programming log data as they work on computer
programming tasks” (Song et al., 2021, p. 2).

Research Question 2 further examined error rates to identify where teachers encoun-
tered difficulty as they progressed through increasingly complex data science topics. In line
with computational thinking and programming education studies focused on error rates
(Mergianian et al., 2026; gvébensk}’l et al., 2024), error rates provide insight into potential
conceptual or procedural barriers that may not be visible through completion data alone
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(Jadud, 2006; Luxton-Reilly et al., 2018; Mergianian et al., 2026; §vébensk}’/ et al., 2024;
Zhou et al., 2021). Jadud (2006) examined patterns of repeated compilation to charac-
terize the difficulties novice programmers encounter. Similar studies find that error rates
in log data are among the measures used in computational thinking for those learning a
new programming skill (Luxton-Reilly et al., 2018; Mergianian et al., 2026; Svéabensky
et al., 2024; Zhou et al., 2021), while error frequency alone does not establish conceptual
understanding. In terms of advancing from higher education and supporting K-12 teach-
ers, this measure was particularly important considering the interdisciplinary nature of data
science, which can create challenges for teachers who must coordinate statistical reason-
ing, programming syntax, data interpretation, and model-based thinking. For the purpose
of this study, an error is recorded when an inservice teacher triggered a code block that
resulted in an incorrect output or a logical failure within the Jupyter Notebook.

Results

Research question 1: how do inservice K-12 teachers progress in the data science
learning materials?

Figure 11 illustrates the engagement levels of the K-12 instructors throughout the training
program by measuring the average number of code executions per Jupyter notebook. To
understand participant progress across the learning materials, we aggregated the number
of executions per notebook in order of their progression, visualizing the average execution
frequency as a measure of the teacher progress along the timeline. Each data point on the
line represents the mean frequency with which teachers triggered a code cell within a spe-
cific module, while the shaded area indicates the standard deviation that reflects variance in
activity levels among the participants. Each Jupyter Notebook consisted of approximately
139.36 (SD = 115.35) executions per cell. A finding is that there was considerable vari-
ability in the execution of coding cells across all the Jupyter Notebooks. While the more
mathematically complex topics found later in the professional development included more
executions, the early stage notebooks did not reveal a consistent pattern, which may speak
to the initial complexity and cognitive load of data science. This variability is noteworthy
given the feedback of teachers wanting to be able to plan for classroom management, time
efforts, and planning.

Research Question 2: What are the error rates as K-12 teachers progress in the data
science learning materials?

To understand the complexity across the notebooks, we considered both absolute errors
and the error rate. In particular, we aggregated the number of errors per notebook in order
of progress, showing the average error per notebook along the progress timeline. Error
counts varied across notebooks, with some larger counts occurring in later modules (M
= 125.99; SD = 117.55, see Fig. 12). That said, some of the notebooks ranged consider-
ably in their errors. For example, measures of association (M = 29.80; STDEV = 20.00)
and simple linear regression (M = 61.25; SD = 35.33) were relatively low, while logistic
regression (M = 31.83; STDEV = 342.20) and decision trees (M = 504.71; SD = 722.91)
were considerably higher. In Fig. 13, error rates were computed by the number of execu-
tions resulting in an error divided by the total number of executions; this ratio represents
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Fig. 11 Overall executions per data science notebook

the proportion of executions that produced errors (Mergianian et al., 2026). Despite the
number of executions, the error rate was relatively low (M = 0.053).

Discussion and implications
Design and the need for K-12 data science standards

Research shows that efforts towards formal approaches to data science are emerging within
higher education and K-12 learning settings. This DBR project explores the design ele-
ments of open-access curriculum, with a specific exploration of data science design strate-
gies that support K-12 teachers. DBR Meso Cycle 2 is important because concepts of data
science education (statistics, coding, and computer science) are often embedded within
existing programs, so teachers lack clarity about how these elements should be holistically
presented at the K-12 level (Stuikys & Burbaité, 2024). For example, a variety of studies
apply data science via data exploration (Israel-Fishelson et al., 2025), information visu-
alizations (Frischemeier et al., 2021; Sanei et al., 2024), or “informal statistical inference”
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(Watson et al., 2024, p. 819) within various STEM classes. One of the related challenges
of K-12 data science is the lack of standardized curriculum (Rauber & Gresse von Wan-
genheim, 2022); instead, the data science resources are largely ad-hoc learning platforms
(e.g., MOOC:s, Youtube tutorials) (Dogucu et al., 2025). In response, recent work by the
American Statistical Association and others (Martinez & Lal.onde, 2020; Rauber & Gresse
von Wangenheim, 2022) supports more accessible and standardized resources as a way to
establish a foundation for data science education. To address this gap, this project presents
specific design features that should be considered, along with the empirical evidence of
how inservice K-12 teachers progress (RQ1) and error rates as K-12 teachers progress in a
data science curriculum (RQ2).

Although interest in K-12 data science has emerged in recent years, the Institute of Edu-
cational Science (2025) notes a gap regarding “ the use of evidence-based practices in the
design and implementation of educational programs in these areas [data science]—while
acknowledging that, as a field, we continue to learn together what works best, for whom,
and under what conditions.”. As the field looks for more evidence-based practices that
advance theory and practice, this DBR Meso Cycle 2 project describes the challenges and
opportunities as it explores open-access data science education for K-12 teachers. From
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Fig. 13 Error rates per data science notebook

a design perspective, one of the primary issues encountered in the design cycle was the
interdisciplinary nature of data science and the lack of established theory, standards, and
design learning features at different educational levels, especially for secondary education
contexts. Indeed, this interdisciplinary approach makes it difficult for educators (teach-
ers, learning designers) to identify specific skillsets needed for data science education, as
well as how to translate data science for K-12 audiences (Rosenberg & Jones, 2024; Wei-
land & Engledowl, 2022). In terms of the progression (RQ1) and error rates (RQ2), the
results found inconsistency across the data science notebooks, especially as the data sci-
ence became increasingly complex. An implication for this DBR study is for governing
bodies (federal, state, and professional organizations) to identify standards related to data
science at various grade levels. Initial efforts towards curriculum frameworks for data sci-
ence at the undergraduate and high school levels have emerged (ACM, 2022; Fisher et al.,
2019; National Academies of Sciences, Engineering, & Medicine, 2023); however, further
empirical evaluation is needed to establish how these frameworks can be implemented in
K-12 classrooms (Institute of Educational Sciences, 2025; Israel-Fishelson et al., 2025;
Lee & Delaney, 2022). For policymakers and standards-setting organizations, findings
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underscore the need for K-12 data science frameworks that move beyond lists of topics
to specify developmentally appropriate practices, such as data modeling as sense-making,
iterative refinement of analytic decisions, and interpretation under uncertainty. Stand-
ards that articulate both what students should learn and how data science practices can be
enacted in constrained classroom contexts are essential for guiding curriculum develop-
ment, evaluation, and scaling. In this respect, the teachers’ progression and error data were
not treated as the determinant for whether K-12 data science education is necessary, which
is established by the standards, policy, and framework efforts described above; rather,
these data revealed where conceptual understanding of the interdisciplinary content breaks
down, information that topic frameworks alone cannot provide because teachers ultimately
translate curriculum into instruction.

To further address gaps in data science education, data science at the K-12 level
“requires increased professional development opportunities for teachers to master the
practice and instruction of novel data science skills” (Lee & Delaney, 2022, p. 96). How-
ever, the learning opportunities and resources are limited for current educators who wish
to engage in data science education. For example, Israel-Fishelson et al. (2024) analyzed
the 12 curricula listed by the ‘Data Science for Everyone Initiative’ and identified only
four that met their inclusion criteria for a comprehensive, classroom-ready high school cur-
riculum: Bootstrap: Data Science, CodeHS, Introduction to Data Science, and YouCubed.
Moreover, these curricula cover only small portions of the International Data Science
in Schools Framework (Fisher et al., 2019). A landscape scan presented by Drozda and
colleagues reported that 0.1% of high school teachers and 3.6% of high school students
participated in data science programs (National Academies of Sciences, Engineering, &
Medicine, 2023). In terms of the gap related to learning design for K-12 data science mate-
rials needed for data science education, we proffer the following design guidelines that
should be considered: (a) scope, (b) situated within a case-based pedagogy, (c) data that
is aligned with the primary problem to solve, (d) goal-based, and (e) interactive. For cur-
riculum developers, these guidelines can be enacted as a design sequence that can audit
and simplify the content scope with readability and Al curriculum tools before verification
by a subject matter expert, standardize a common module template, situate modules within
a shared case throughline, align or re-theme datasets to the case, and segment each module
into explicit, interactive goals.

Goal-based learning and classroom management in K-12 data science
education

The integration of a goal-based learning approach in DBR Meso Cycle 2 highlights its
potential as a meaningful and adaptable design strategy for K-12 data science education.
Informed by research on self-regulated learning support in programming (Shin & Song,
2022), the goal-based format segments multi-step processes into manageable coding units.
This design is intended to support learners, particularly novices encountering program-
ming and statistical reasoning for the first time, in developing fluency with foundational
concepts before progressing to more advanced tasks. Through this segmentation, teachers
can guide learners as they organize their knowledge, engage in guided practice, and reflect
on their process through a structured learning progression.

Findings from the study suggest that learners were able to progress in the goals in the
notebook, particularly for the earlier notebooks. Interpreted through this lens, the activity
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patterns inform hypotheses for subsequent design cycles. Variability in executions (RQ1)
and errors (RQ2) identifies notebooks for closer examination in the next design cycle.
Additional measures are needed to distinguish conceptual difficulty from differences in
task length, repeated execution, and available support. Error rates alone do not establish
productive engagement or an effect of goal-based segmentation. Consistent with DBR,
these patterns serve as conjecture-testing evidence that informs iterative refinement of the
design features, not as claims of effectiveness at scale. From the perspective of K-12 class-
room instruction, feedback from educators underscored the importance of clearly defined
goals to enhance instructional clarity and navigability, especially for younger learners who
may be less familiar with the content (Weeda et al., 2023). As each goal maps to a specific
data science concept/skill (e.g., create a histogram using a package), teachers can sequence
instruction according to classroom constraints or learner needs, without compromising
coherence of the overall curriculum.

K-12 teachers in DBR Meso Cycle 2 reported in the LXD testing that visible, modular
goals would allow them to better manage key classroom dynamics, such as management
of students’ progress, and instructional pacing. This includes embedding anticipated time
requirements, common error patterns, and facilitation prompts alongside learner-facing
content. Design standardization across modules is especially critical in interdisciplinary
domains such as data science, where inconsistent representations or task structures can
exacerbate cognitive burden and undermine transfer across topics.

Another implication is that the goal-based structure may serve as both a scaffold for
learners and a practical tool for classroom management. In a data science field where for-
mal standards and articulated learning progressions are still in development, the goal-based
approach offers a principled yet flexible framework for organizing content. The modularity
of the goal structure further enhances reusability and adaptability across varying educa-
tional contexts. This progressive approach may also be especially beneficial in open-access
and informal learning environments, where educators often face diverse instructional con-
ditions and require resources that are both customizable and pedagogically robust. Rather
than positioning notebooks as linear coding tasks, teachers need to leverage goal-based
structures to (a) make analytic intent explicit, (b) support formative assessment through
visible progress markers, and (c) allocate instructional time for interpretation, compari-
son, and reflection on model outputs. In practice, a teacher could plan notebook activities
around available class time: launch with the case video to establish the problem context,
preview the 7-8 goals before coding begins, use goal completion as formative checkpoints
to identify where students stall, and close with the reflection questions. Given the variabil-
ity in executions and errors across notebooks (RQ1 and 2), teachers could sequence foun-
dational notebooks first and budget additional time or paired support for the later, more
error-prone notebooks.

Use of artificial intelligence in design for data science
open-educational resources

To support the redesign process, another outcome relates to how artificial intelligence tools
were used in DBR Meso Cycle 2, especially as the design team considered how open-
educational resources require adaptation across various learning contexts. Indeed, socio-
technical perspectives of learning suggest that open-educational resource content should
not employ a ‘one-size-fits-all’ approach, but instead align with contextual considerations
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such as the cultural perspectives and various learner profiles (Kimmons, 2021; Kimmons
& Irvine, 2023). While there is considerable discourse on how students can use Al through
adaptive scaffolding and other classroom activities (Bai et al., 2025; Matsuda et al., 2020;
Umutlu & Gursoy, 2022), this project adds to the growing body of literature on the use
of AI and its application to learning design. In the current project, the goal was to rede-
sign data science materials that could be adopted by inservice teachers in urban, subur-
ban, or rural schools. Once the designers considered the various classroom settings, prompt
engineering through Al tools (Diffit, Twee) helped refine the reading level and address
other contextual learning considerations. Rather than expending considerable time trying
to identify key concepts through a think-aloud with a subject matter expert at the begin-
ning of the project, the Al output focused the subject matter expert discussions and helped
organize the initial design work (e.g., needs assessment). Additionally, this DBR project
describes how Al and strategic prompt engineering can be used as a ‘starting point’ for
the design of complex learning topics, especially to (a) repurpose learning materials for
diverse audiences, (b) work with the subject matter expert to refine content scope and (c)
serve as a baseline for the design team to later develop supplementary resources (e.g., mul-
timedia, scaffolds) that would reinforce key concepts.

Another important implication was how Al was used later in the design process, namely
how the tool helped to refine data science materials through prompt engineering that was
focused on learner characteristics and potential future use of the open-educational resource
(e.g., prior knowledge, reading level). Beyond just support for subject matter expert discus-
sions and scope, the project leveraged Al to personalize the iris dataset to align with the
case-based curriculum that was essential in DBR Meso Cycle 2. Researchers in problem-
solving note that one challenge of inquiry-based instruction is the effort required to design
a detailed case and later align appropriate supplementary resources, especially as learners
engage in various pathways during their self-directed problem-solving (Gémez & Suérez,
2020; Long & Koehler, 2024; Tawfik et al., 2021). As it relates to data science education,
additional studies suggest challenges for educators as they attempt to identify ‘clean’ data-
sets that are sufficiently large, accessible, comprehensive, and engaging to diverse learn-
ers’ interests (Kang et al., 2026; Rosenberg et al., 2022). The integration of artificial intel-
ligence (Al) into the design presents a significant opportunity for instructional designers
who wish to adapt datasets and other supplemental materials. Specifically, this DBR pro-
ject highlights how Al tools can be used to adapt materials for different instructional con-
texts, which can aid open-educational resource iterative design and dissemination across
different learning contexts and interests. For example, teachers and curriculum develop-
ers can reuse the dataset personalization procedure to re-theme the same analytic activi-
ties around issues salient to their own communities (e.g., traffic, water quality) or repeat
the Al-assisted simplification process to adjust reading levels for a specific grade band,
provided that Al-generated adaptations are verified by teachers or subject matter experts
before classroom use.

Limitations and future studies
While the research provides insight into the evolving landscape of K-12 data science edu-
cation, there are other opportunities to build on this research. The research was an exten-

sion of a meso cycle focused on higher education learners, so the transition to K-12 teach-
ers caused the design team to focus on how teachers interacted with concepts (log data;
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error rates) in the data science notebooks. However, additional data could be gathered
on the teachers themselves. One study could explore how the more advanced topics that
resulted in errors could be scaffolded. The results suggest that teachers may be able to
progress to the foundational elements of data science (e.g.—nature of data, visualization),
but may need differentiated support for topics as teachers progress to the prediction and
clustering techniques of data science. In terms of additional studies focused on K-12 teach-
ers, the interdisciplinary nature is a key element of data science, so it is closely aligned
with STEM or other teachers who wish to apply elements of computational thinking, sta-
tistics, and machine learning. A future study could therefore explore how different teachers
engage with data science and how this might differ based on the domain (e.g., economics).
Additionally, as this meso cycle involved a small sample of inservice teachers (N = 5)
within a single district, the findings are not intended to establish the effectiveness of the
design or its performance at scale. Consistent with the goals of DBR, the contribution is a
set of transferable design features and a design process, surfaced through teachers’ interac-
tion with the materials, that can be tested in subsequent cycles and contexts.

Future research could also explore other supplemental learning resources used in data sci-
ence education. In the prior meso cycle, the goal was to extend an open-ended invitation for
teachers to take part in the professional development. Because the research suggests a frag-
mented approach to data science education is often common (Lewis & Stoyanovich, 2022), a
future study could extend this DBR project via artifact analysis or other qualitative means that
explore the specific lessons, materials, and learning resources that are currently used for data
science. This would provide important insight into what teachers adopt and their rationale,
which could help address the resource gap outlined in prior studies (Drozda et al., 2022). This
would also inform the design for open-education data science resources that wish to scale to a
broader audience and across diverse learning contexts.

Conclusion

Despite the rapid expansion of data science education in recent years, research and instruc-
tional resources remain concentrated at the higher education level, leaving K-12 teachers with
limited empirical guidance for integrating data science into their classrooms (Barany et al.,
2024; Dogucu et al., 2025; Olney & Fleming, 2021; Rosenberg & Jones, 2024). This gap in
learning design and curriculum likely stems from the inherently interdisciplinary nature of
data science, which draws together statistics, computer science, machine learning, data visu-
alization, and domain-specific reasoning. Such breadth demands that content be deliberately
scoped, carefully scaffolded, and intentionally rendered teachable for K-12 contexts.

Through a design-based research cycle, this study re-leveled an existing data science open-
educational resource for K-12 teacher use. Its central contribution lies not in proposing an
additional set of data science design features in the abstract, but in empirically documenting
how such features emerged through the iterative redesign process. By positioning teachers as
the proximal users and enactors of the resource, the study surfaced design constraints cen-
tral to classroom implementation, including content scope, instructional pacing, scaffolding,
coding difficulty, case alignment, dataset relevance, and classroom management. The findings
suggest that teacher-facing data science OERs should be scoped for K-12 contexts, standard-
ized in structure across interactive notebooks, situated within case-based learning, supported
by adaptable and contextually relevant datasets, and organized through goal-based structures
that render analytic intent visible.
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Beyond these design features, the study also demonstrates that artificial intelligence can
meaningfully support the instructional design process, reducing reading complexity, focus-
ing subject-matter-expert review, and adapting datasets for illustrative instructional scenar-
ios. In doing so, this study extends the role of Al in education beyond student-facing scaf-
folding to encompass the work of curriculum and resource development. Taken together,
these findings indicate that progress in K-12 data science education will depend less on the
continual addition of topics and tools than on the establishment of coherent standards, sus-
tained investment in teacher professional development, and the cultivation of empirically
grounded, teacher-facing design features. Future design cycles can build on this work by
examining how K-12 students engage with these materials directly, and how teachers adapt
them across subjects, grade levels, and instructional settings.
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