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ABSTRACT
The analysis of data plays an increasingly critical role in comput-
ing education research, enabled by more and larger datasets, more
powerful analysis techniques and better infrastructure for sharing.
This panel brings together four panellists at various stages of work
involving the collection and analysis of large datasets in different
fields of computing education. The panellists will each discuss the
current state of their work, the unique aspects of their data, and
how that data fits into the larger landscape of computing education
and research. Panellists will be asked to explain how they are em-
ploying AI and data mining techniques to learn about learners, the
research methods they have used to make this happen, and any sig-
nificant key findings they have discovered through this processes.
The panel will discuss emerging topics, including: going beyond
log data, handling global-scale datasets, efficiently collaborating
with cross-dataset analysis, and ethical and privacy considerations.
After the panelists present (5 minutes each), the moderator will
pose follow-up questions and invite the audience to pose additional
questions or provide other feedback. Key takeaways will include
how data mining and artificial intelligence can contribute to im-
proved insight and learning gains and how the larger computer
education community can participate in data collection or analysis.
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1 SUMMARY
Programming environments increasing collect data from students
as they work, and the largest of these datasets contain work from
hundreds of thousands of learners [2, 12]. This has enabled re-
searchers to apply techniques from Educational Data Mining (EDM)
and Learning Analytics (LA) to derive new insights [5] and to build
powerful AI- and data-driven systems, including adaptive models
that predict student knowledge [13] and automated hints to sup-
port struggling students [7]. Complementing this are collections of
survey data, evaluation instruments and literature, which enable
researchers to more easily build on each others work (e.g. [6]). This
increasing role of data in computing education research raises im-
portant questions around its collection and use, including ethics
and privacy.

This panel will bring together four panelists at various stages of
research who have been using computing data to enable research,
gain insight and develop new tools to improve computing educa-
tion. Panellists will discuss how they have used data mining and
AI techniques to learn about learners, and improve their outcomes
by developing new data-driven systems. They will outline their
infrastructure for collecting and analyzing data and highlight sig-
nificant key findings from their research. In addition to speaking
on their own work, panellists will discuss broader questions on role
that data should play in computing education, ethical and privacy
concerns, and the future of the field. Key takeaways will include
how data mining and analytics can lead to improved teaching and
learning in computing, and best practices for applying these tech-
niques in research. Attendees will come away with clear next steps
for how they can begin or improve the way they collect, analyze
and share computing datasets as well as how they can participate
in the data collection or analysis of these datasets.

2 PANEL STRUCTURE
Each panelist will have five minutes to introduce their work, their
datasets, and how these are being used to inform computing educa-
tion research and practice. We will then pose prepared questions
to the panelists who will each have an chance to answer (approxi-
mately 25 minutes). Questions may include:

• What innovations and insights has data enabled for the field
of computing education?
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• For researchers new to analytics and data mining, where can
one learn best practices for collecting and analyzing data?

• What programming data sources and data-driven tools are
already available to researchers?

• How can we ground data analysis in educational theories?
• What are ethical and privacy considerations for the collec-
tion and use of data?

• How will data shape the future of computing education?

We will take questions from the audience for the last 30 minutes.

3 THOMAS PRICE
As a researcher, I develop tools to support students as they learn to
program, such as hints [7] and examples. I use AI- and data-driven
techniques to automate this support (e.g. [9]), to make it easier to
scale to new classrooms and contexts. In addition to bringing my
own perspective as a researcher, I have co-organized twoworkshops
on Educational Data Mining in Computer Science Education [1].
I also work closely with the Standards, Protocols, and Learning
Infrastructure for Computing Education group (SPLICE; cssplice.
org), where we developed a standard format for programming log
data, ProgSnap2 [8].

4 BAKER FRANKE
I am the research and evaluation manager for Code.org. Participat-
ing in CS Education research efforts is a priority area for Code.org,
since a research base is critical for broad adoption of CS at a national
scale. My role is to form research collaborations with the academic
community to (1) share Code.org’s large datasets collected from
students and teachers engaged in CS education activities; (2) imple-
ment educational interventions in our platform and programs at
scale for the purposes of research; and (3) turn those research find-
ings into evidence-based learning tools that we can build into our
platform, and disseminate more broadly. Code.org has roughly 1M
students engaged in CS courses and lessons across K-12 and roughly
10K teachers active in our professional development programs with
a truly national spread. Examples of successful collaborations are
[10–12], with several others in the works .

5 SHUCHI GROVER
I am a CS education researcher and learning scientist working to
understand how K-12 students learn programming and computa-
tional thinking in the context of block-based environments. The
motivation for using EDM/LA to analyze log data stems from a
desire to design better curricula and environments to support such
learning. I have advocated for hybrid approaches to examining
student processes that bring learning theory to bear on EDM/LA ef-
forts and which combine hypothesis-driven (top-down) approaches
with data driven (bottom-up) ones to reach a better understanding
of learner behaviors and the learning process [3]. I will share our
research on examining existing datasets of middle school students’
programs in Alice, creating a shareable dataset captured in Explor-
ing Computer Science high school classrooms using Alice (available
on the DataShop - https://pslcdatashop.web.cmu.edu/), and ana-
lyzing high school students’ computational modeling processes of
scientific phenomena in a Snap! based modeling environment [4].

6 MONICA MCGILL
Over the course of computing education research, there have been
various efforts to improve the practice. Having been involved in
some of these efforts, my latest (along with Adrienne Decker) have
been focused on developing and maintaining csedresearch.org [6].
The dataset contains data curated from over 500 K-12 computing
ed articles and a collection of instruments for evaluating factors
(both cognitive and noncognitive) related to academic achievement.
During this panel, I will discuss datasets currently in place and
our efforts to move the research community to open data so that
we can make decisions about best practices based on data that is
easier to compare across various studies and has more integrity
and meaning.
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