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ABSTRACT

1

Data science keeps growing in popularity as an introductory computing experience, in which students answer real-world questions
by processing data. Armed with carefully prepared pedagogical
datasets, computing educators can contextualize assignments and
projects in societally meaningful ways, thereby benefiting students’
long-term professional careers. However, integrating data science
into introductory computing courses requires that the datasets be
sufficiently complex, follow appropriate organizational structure,
and possess ample documentation. Moreover, the impact of a data
science context on students’ motivation remains poorly understood.
To address these issues, we have created an open-sourced manual
for developing pedagogical datasets (freely available at https://
think.cs.vt.edu/pragmatics). Structured as a collection of patterns,
this manual shares the expertise that we have gained over the last
several years, collecting and curating a large collection of real-world
datasets, used in a dozen of universities worldwide. We also present
new evidence confirming the efficacy of integrating data science
in an introductory computing course. As a significant extension of
our ongoing work, this study not only validates existing positive
assessment, but also provides fine-grained nuance to the potential
of data science as a motivational educational element.

Data science—using datasets to explore and answer real-world
questions— can compellingly contextualize introductory computing experiences. Applicable across a wide array of problems, data
science techniques and methods present exciting opportunities for
advancing a variety of disciplines. In introductory courses, pairing non-computing majors with data relevant to their long-term
career interests improves the resulting learning experience’s usefulness and relevance [4]. Further, many of the techniques used
in processing datasets align closely with introductory computing
course content. Although we have developed datasets for novice
non-major students, pedagogical datasets can be used at any level
of learning.
However, data science can be extremely challenging to integrate
into courses. First, one must locate appropriate datasets of appropriate size and quality. These datasets then need to be cleaned and
organized into a form suitable for novice learners. Finally, beginners
should be able to discover and understand these datasets in a timely
fashion. All of these activities have constraints and complications
associated with them.
To ameliorate this problem, we introduce a new guide, “The
Pragmatics of Pedagogical Dataset Development”. The Pragmatics is an open-sourced, web-based document (freely available at
https://think.cs.vt.edu/pragmatics). The goal of the document is
to help developers create “pedagogical datasets”—datasets specifically targeted at novices for learning purposes. The Pragmatics
is an organized collection of design issues, affordances, considerations, suggestions, and the authors’ experiences in creating a large
repository of pedagogical datasets.
In addition to discussing key results related to our experience
with preparing pedagogical datasets, we present the results of a
study that explored introductory learners’ experience with pedagogical datasets. This study significantly extends our prior work [4],
with a larger body of participants. Although confirming our prior
results, here we highlight the newly discovered insights.
This paper makes the following three major contributions:

CCS CONCEPTS
• Social and professional topics → Computing education; •
Information systems → Information integration;
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INTRODUCTION

• It concisely reviews the use of data science in computing
education,
• It details the open-source Pragmatics manual, and
• It further validates the efficacy of data science as an introductory context.
The audience that can benefit from reading this paper includes
instructors and curriculum developers who are interested in preparing pedagogical datasets or using them in their courses. These
developers might be planning to submit to open repositories, or be
developing datasets specifically for their own students.
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2

DATA SCIENCE

In the past two decades, the field of Data Science has emerged as
a popular area at the intersection of computer science, statistics,
mathematics, and a number of other fields [8]. Data Science answers
questions by building, exploring, and processing datasets. There
are many models that define the term more strictly, but in general
it can be described as an iterative model of collecting, sanitizing,
processing, rendering, and interpreting information.
There are many overlaps between Data Science and topics typically covered in computing curricula. Data Science can be used as
content or context [7]. The size and organization of the data can
be used to motivate and exercise a variety of algorithmic and data
structuring techniques as well as software engineering practices
that are ideal for Computer Science classes. As a context, data science becomes a means to an end – the goal is to motivate students
to learn by anchoring the learning in a compelling experience. Data
science as a context does not mean that students should learn to
become data scientists, anymore than it is the goal of a framework
like Media Computation to teach students how to be professional
computational artists [13]. Incorporating a context into a course
incurs pedagogical penalties, requiring time on material that potentially distracts from core learning objectives. An instructor can
downplay the focus on these topics, or emphasize subject matter’s
strengths (e.g., a statistics major might find it interesting to use
their mathematical background to strengthen their investigation).
Data Science has been used as both an introductory context and
content in a wide range of courses and research studies. Undergraduate curriculum specifically targeted at teaching Data Science
have become increasingly popular [1, 10, 17]. Thus, a number of
instructors have worked to make datasets available for individual
projects [2, 9, 14], and some researchers have even explored using
datasets in non-formal learning experiences such as “Datathons” [3].
Research projects have provided collections of datasets [4], visualization tools for those datasets [19], and analysis of the efficacy
of data science in classrooms [20]. Readers interested in a comprehensive overview of the field of Data Science, including its roles in
both industry and classrooms, can refer to Cao’s survey paper [6].

3

PEDAGOGICAL DATASETS

When teaching data science, projects and assignments will typically be structured around the use of datasets. These “pedagogical
datasets” are differentiated from regular datasets in that they are
specifically targeted at learners. Such datasets can be scaffolded or
organized for a wide range of tasks: to make it easier to process, to
highlight a particular class of problems, or to provide an authentic learning experience for the student, for example. Meanwhile,
conventional dataset preparation is typically only concerned with
processing datasets strictly to obtain meaning and significance for
a stakeholder. The difference in design goals necessitates different
approaches in building pedagogical datasets.

3.1

Prior Work

There has been little prior work in the literature on practical design
and development of pedagogical datasets. The UCI Machine Learning Repository aimed to collect and organize many pedagogical
datasets suitable for introductory Machine Learning topics [16].
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Although an impressive collection, the materials are targeted for
tasks in advanced computing topics. The STARS project collected
real-world datasets available for introductory statistics courses [5].
Both projects seem to have stopped production some time ago.
More crucially, prior projects did not attempt to articulate the
formal process of developing pedagogical datasets, to create enduring lessons for future developers who wish to pick up where
these projects left off. Radinksy et al. [18] pose design principles
for integrating datasets into inquiry-based learning curriculum,
including a call for cultivating data, but stop short of best practices
for organizing and disseminating said data. Verbert describes organizational principles for pedagogical datasets for educational data,
specifically for Learning and Knowledge Analytics [21], but not
data meant directly for student use. None of the formerly described
projects codify best practices of preparing pedagogical datasets.
Although pedagogical datasets involve many distinct problems
and require specialized expertise, we acknowledge that there is
significant overlap with traditional dataset development. The design
and development of datasets is a fundamental topic in Data Science.
Entire textbooks have been dedicated to the topic, and introductory
curriculum spend significant amounts of time covering subproblems
in this field. Readers interested in learning more general-purpose
techniques are recommended to consult a text such as the one
by Fry [11]. Although this particular text was discovered by the
authors after the creation of the Pragmatics, Fry incorporates many
of the same principles in his descriptions of the data science process,
such as the need for managing data over time or the importance of
understanding your audience. Our goal in writing the Pragmatics
is to convey enough fundamentals that a novice dataset developer
would not need to refer to external texts, while focusing on topics
that require effort unique to pedagogical datasets.

3.2

Design Considerations

The design criteria for pedagogical datasets diverges from the criteria for conventional datasets, although there are significant overlaps. Fundamentally, the goal of datasets is to prepare data for
1) consumption by a general audience, 2) transmission to specific
stakeholders, or 3) immediate processing into a visualization or summarization. Therefore, the proper design of the datasets is usually
aimed towards organizing the form of the dataset for the audience
without damaging its contents. However, pedagogical datasets can
be distinctive in fulfilling the objectives.
Pedagogical datasets support assignments and activities, which
in turn support learning objectives. The audience for any pedagogical dataset will be learners, ideally at a known level, which
means that the designer needs to design for their prior and desired
skills. These skills should be used to determine the appropriate
complexity of the navigability and understandability of the datasets:
Is the dataset formatted in such a way that students will know how
to navigate it? Do students understand the data without needing to
rely heavily on the documentation? In particular, navigation of the
dataset should require the desired skills, but should otherwise not
involve skills not identified as prior skills. For example, consider a
lesson to teach students how to use homogeneous collections (e.g.,
lists), where learners had previously only learned about a single
primitive type (e.g., numbers). A dataset that supports this lesson
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Figure 1: A high-level process view of preparing pedagogical datasets
could be composed of that type, but should not involve heterogeneous collections or other data types, lest they provide distractions.
A distinctive feature of pedagogical datasets is the level of control
that the developer has over the narrative of the dataset. A dataset’s
narrative can be understood as the potential knowledge that can be
learned from its contents about the dataset’s subject; for example,
what can be learned about crime from the contents of a crime statistics dataset. This narrative is framed by the context surrounding
the provenance of the dataset—how it was collected, who collected
it, their purpose in collecting it, and many other important details.
A dataset can have multiple narratives, and is partially dependent
on the interpretation of its reader.
The ultimate goal for a conventional dataset is to be transformed
into more consumable knowledge. Typically, this means creating
a visualization, a statistical summarization, or some other simplification of the data. However, in a pedagogical dataset, the developer is intentionally not the agent who finally transforms the
data. Although the developer should be informed by the intended
approaches that the learner will use, in order to maximize its manipulability, they also need to focus on the narratives in the dataset.

3.3

Dataset Process

Figure 1 gives a high-level overview of a general process for preparing pedagogical datasets. This is similar to processes for conventional dataset preparation (such as [12]), in particular the middle
phases related to collecting and editing the data. However, the process for pedagogical datasets has distinctive elements. First, this
process emphasizes the role of the learner and the learning objectives in the design of the dataset; the first phase is to analyze
these elements to establish the target audience and complexity of
the dataset. Second, the penultimate phase of data dissemination
replaces typical final phases that discuss presentation and visualization of data. Finally, the last phase ("Evaluate") is used to show how
the generated dataset is meant to be used, observed, and modified to
better suit the needs of the learners, as opposed to a frozen artifact.

4

PRAGMATICS

The Pragmatics text is divided into six majors chapters, each of
which is subdivided into 5-9 sections as shown in Table 1. These
chapters correspond only approximately to the process outlined
before, since some of the advice is not exclusive to a particular phase.
In this section, we summarize each chapter, and highlight elements

that are particularly unique to pedagogical datasets compared to
conventional datasets.

4.1

General Advice

The Pragmatics begins with a chapter describing advice that either
begins the preparation process or cuts across the entire process. Two
pieces of advice in this section encourages the reader to consider
the learner (as described earlier) and the context. Perhaps more
so than in regular dataset preparation, the developer may not be
a subject-matter expert with regards to the narratives embedded
in the data. If authenticity is an important design criteria, then
learning more about the nature of the data becomes crucial.
“Find and reach out to subject-matter experts in
order to resolve questions. Ensure that the dataset
you end up preparing aligns with the kind of data
that professionals might expect to see, at least in
nature if not shape or format.”

4.2

Collecting Data

The second chapter gives tips and strategies for finding datasets.
Typically, data scientists already have a dataset in mind for a particular project. However, instructional developers may be interested
in a wide range of pedagogical datasets; rather than finding one for
a specific context, they may be searching for one with a particular
set of properties. For example, to satisfy an assignment with learning objectives associated with string processing tools, a text-heavy
dataset could be desired. Unfortunately, search tools can still be limited in searching beyond context keywords. This chapter proposes
a number of methods for finding data sources. Besides advice on
using search engines and reviewing aggregate lists, there are also
recommendations on customizing existing data sources. This can
be done by scraping web sites, synthesizing existing data sources,
or even through mining a real-time data source:
“Mining a real-time data source is an easy way to
translate a high-velocity, low-volume dataset into a
low-velocity, high-volume dataset. The idea is to take
a data source that updates regularly and to retrieve
data from it on a consistent schedule, aggregating
the data over time.”

4.3

Restructuring Data

When a learner encounters a pedagogical dataset, their first observations will be colored by the structure of the dataset. This
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1. General Advice

1.1. Have a plan
1.2. Build for your audience
1.3. Iterate
1.4. Standardize your process
1.5. Keep a clean workspace
1.6. Manage dataset health
1.7. Beware breaking convention
1.8. Work in phases
1.9. Understand the context
2. Collecting Data
2.1. Hunting sources
2.2. Working with file formats
2.3. Scraping web data
2.4. Mining real-time data
2.5. Legality of your data
2.6. Synthesizing datasets
3. Restructuring Data 3.1. Choose your target structure
3.2. Layering columnar data
3.3. Converting XML to JSON
3.4. Working with indexes
3.5. Collapsing fields
3.6. Stacking data
3.7. Redundant total field
4. Manipulating Data 4.1. Standardize fields
4.2. Names are important
4.3. Working with bad data
4.4. Cleaning up by hand
4.5. Reshaping data
4.6. Extending a dataset
5. Working with Data 5.1. Numbers
Types
5.2. Textual
5.3. Dates and times
5.4. Measurements
5.5. Locations
5.6. URLs
5.7. Enumerated data
6. Knowing Data
6.1. No one reads documentation
6.2. Learning the structure
6.3. Learning the distribution
6.4. Disseminating materials
6.5. Monitor usage
Table 1: Outline of the Pragmatics

chapter covers several strategies for organizing data to minimize
students’ cognitive load and make it easier for them to comprehend
the structure of the data, and pitfalls to avoid when making design
trade-offs. Although much of the advice would benefit the creation
of any dataset, the advice becomes more urgent for pedagogical
dataset design because of the limited abilities of the learners.
“When working with spreadsheets that are particularly wide (i.e., have a lot of columns), chunking
columns can be an excellent way to help users navigate the data’s structure. These chunks of columns
can represent sub-abstractions that group related
fields. For example, an address can be grouped with
latitude and longitude fields under a "location" field.”
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4.4

Manipulating Data

This section contains a number of recommendations to encourage uniformity, simplicity, and readability in the data. Unless the
learning objectives specifically require non-uniform data, every
diverging element should be cleaned, lest they distract the learner
from the intended lesson.
“ Be as consistent as possible across fields names,
types, and their values. Ensure that every field name
has the same style of capitalization, spelling, use of
symbols, and punctuation, and make sure there are
no errors in any of the above. Make sure that every
instance of a field has the same type and uses the
same kinds of units.”
This section also covers techniques to change the shape of the
data, ideally without changing its nature. These techniques can
include imputation (smoothing out missing values), mathematical
transformations, and even cleaning bad data.

4.5

Working with Data Types

This chapter is devoted to the pedagogical idiosyncrasies of working with common data types and formats. There can be surprising
nuances to different kinds of data. For instance, representing dates
and times so that beginners can use them is not straightforward:
is a string representation sufficient? What about as a Unix epoch
timestamp? Although the data can themselves have a natural representation, this isn’t necessarily ideal either:
“ When designing for a specific audience, it can be
helpful to use a measurement format they are already comfortable with. Inversely, putting data into
an awkward format can provide an opportunity to
have students practice manipulating data. In other
situations, the context may demand or benefit from
a certain format (e.g., using metric for scientific data,
or sortable dates).”

4.6

Knowing Data

The final chapter includes a number of important points for considering students’ encounters with pedagogical datasets. For example,
how will students retrieve and store the necessary data? How will
learners be expected to learn about the structure of the data? What
documentation needs to be available to supplement the dataset?
This last question is particularly problematic, since many novice
learners seem to be predisposed to not read the documentation, no
matter how conveniently available.
“ Make sure that the documentation is always readily available, easy to access, and able to answer
whatever questions they have. The fewer the barriers,
and the better the documentation is at answering
questions, the more students will learn to use it and
build confidence in documentation as a concept. One
method for improving documentation is to log what
questions students typically ask about a dataset, and
using that data to improve the existing documentation.”

Reconciling the Promise and Pragmatics of
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5

DATASETS IN THE CLASSROOM

As part of our exploration of the efficacy of using pedagogical
datasets in the classroom, we have replicated an experiment by
Bart et al. [4]. The previous study was relatively small, with only 50
participants, but found a number of important results: particularly,
that data science could be a source of motivation to participate
in a course, but that it may not be an effective way to encourage
students to continue learning computing.

5.1

Methodology

The replication study was conducted over two semesters of an “Introduction to Computational Thinking” course for non-computing
majors, representing a population similar to that of the original
study. A survey was administered at the end of each semester to all
students. There were 191 students total, and 176 gave consent for
their responses to be used for research purposes (a 92.1% response
rate). Student demographic data was only partially retained, but the
gender ratio was roughly 60% female. The students skewed towards
freshmen and sophomores (roughly 30% each) and the remainder
roughly split between juniors and seniors (roughly 20% each).
The survey instrument used was almost identical to the previous
study’s instrument. The instrument for our current work included
a number of questions not relevant to this paper, but were included
in order to match the previous research protocol. The relevant questions were divided into three sections. The first section (novel to our
current survey) described seven potential introductory computing
contexts and asked students how much they would prefer or avoid:
•
•
•
•
•
•
•

“Working with data sets related to your major”
“Working with pictures, sounds, movies”
“Making games and animations”
“Making websites”
“Making scientific models of real-world phenomenon”
“Controlling robots or drones”
“Making phone apps”

The second section asked students how likely they were to continue to learn about computing, apply what they have learned, and
to recommend the course to others; in the original study, these three
subquestions were asked as a single question. The third section
was a series of 25 questions organized into 5 groups. Each group
corresponded to a component of the MUSIC Model of Academic Motivation, a 5-factor model that hypothesizes that students become
motivated when one or more of the following are present [15]:
(1)
(2)
(3)
(4)
(5)

feel eMpowered to direct their own learning,
find the material Useful,
believe they will be Successful,
think that the material is Interesting, and
believe that the course staff Cares for them.

Each factor was connected to one of the 5 core course components:
learning about abstraction, learning to write programs, learning
about ethics in computation, learning to work with real-world
data, and working within a cohort of students (4-person groups).
The result of combining these 5 factors and 5 components were
25 statements such as: “I believe it was interesting to learn about
abstraction”, and “I believe it was useful to my long-term career
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goals to learn to write computer programs”. Students stated, on a
7-point Likert scale, how much they agreed or disagreed.

5.2

Results

Figure 2 shows the results of the first question. A one-way ANOVA
test reveals that student preference for the Data Science context
is significantly higher than any other context. Of course, there
is little actual difference in student preference for some of the
contexts: particularly, Media Computation was only slightly less
preferred. Also notable is students’ increased neutrality on the other
contexts—perhaps symptomatic of the ambiguity of asking students
to consider contexts that they have not personally encountered.

Figure 2: Student Preference for Introductory Contexts
Most of our results for the second and third survey question
sections, asking students to agree or disagree with the statements
regarding motivation, corroborated the results found in the original
study. To demonstrate this, Figure 3 shows students’ perception of
the usefulness for each course component. These data show that a
significantly higher number of students felt that working with data
was more useful to their long-term career goals than learning to
program or work with abstractions. This lends further evidence to
a major, original hypothesis from the original study: students find a
data science context more motivating than the core course content.
Another major result from the original study was the identification of a strong correlation between students’ intent to continue
learning computing and their attitudes towards learning to program and other core course components (but, notably, not with
their attitudes towards the context). Table 2 presents data that diverges somewhat from the original study. This table shows the
Pearson correlation between students’ stated intent to continue
learning computing, and their self-reported motivation towards
each component of the course. The original high correlations are
now considerably lower, although many of the pairwise statements
still reach significance. Previously, the strongest correlations were
found in students’ sense of usefulness of learning to program and
working with abstractions. In this study, however, we find that usefulness is on par with students’ self-efficacy and interest – at least in
terms of learning to program. However, we reiterate the interpretation of this result from the original study: this does not demonstrate
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context. With four times the number of participants, this replication
study largely confirms the original study, albeit with nuances.
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