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ABSTRACT
Causal inference is becoming a critical focus within the field
of Educational Data Mining (EDM), providing insights into
how instructional innovations influence learning behaviors
and outcomes. The CausalEDM workshop at EDM 2025
aims to synthesize past research, showcase ongoing work,
and explore future directions in causal inference methodolo-
gies. This workshop will feature a retrospective on causal
research in EDM, highlighting advancements in experimen-
tal design, effect heterogeneity, and quasi-experimental ap-
proaches. Discussions will include the methods for estimat-
ing the impact of Generative AI on student engagement,
the integration of machine learning in causal modeling, and
emerging methodological challenges. The event will include
expert panels, paper presentations, and lightning talks, fos-
tering collaboration between causal inference specialists and
the broader EDM community. Through these discussions,
the workshop seeks to explore causal methodologies, ex-
pand their applications, and address key research gaps in un-
derstanding the interplay between instructional design and
learning processes.
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1. INTRODUCTION
Since the inception of CausalEDM five years ago, educa-
tional data mining (EDM) has made substantial progress in
causal methodologies and applications. The proliferation of
A/B testing and experiments can be seen in various works
across digital learning platforms [13, 9, 18]. Some plat-
forms have established systems for researchers to conduct

en vivo experiments (e.g., E-trails1; UpGrade2). There have
also been various methodological advancements made by my
EDM researchers (e.g., Fully Latent Principal Stratification
[19, 16, 14], remanent Leave-One-Out Potential outcomes
[12, 15], accounting for nested data structure [3], and demon-
strating how to supplement quantitative methods with EDM
techniques to observe causal relations within experimental
datasets [2]). EDM researchers have also identified effect
heterogeneity in digital learning platforms [8, 1]. Further-
more, the EDM community has begun to explore causal es-
timating quasi-experimental or non-experimental data [7].
This year, we will provide a cohesive retrospective on prior
causal work in EDM, a sampling of current projects, and a
discussion of future directions.

We see a potential area of growth in the development and ap-
plications of causal methods that allow us to understand how
innovations in institutional design affect students learning
behaviors and epistemic effects, which then impact these in-
novations’ efficacy. One example is how Generative Artificial
Intelligence (GenAI) impacts students’ engagement with ed-
ucational materials. We have seen that GenAI can produce
high-quality institutional content [4, 5] that can positively
impact learning [11, 10]. We have also seen that GenAI
can hinder students’ metacognition and self-regulated learn-
ing [6, 17]. For these innovations to be truly impactful, we
must look beyond binary classifications of effectiveness and
do more to understand the causal paths that link implemen-
tation and engagement with the innovations to their efficacy.

This workshop will include a presentation synthesizing prior
causal work in EDM and positing some areas for growth.
This will lead into a panel discussion on future directions
for causal inference research. The panel will include ex-
perts in causal inference active in the EDM field as well as
prominent EDM researchers with focuses across various ar-
eas (e.g., affect and behavior detection, GenAI applications,
etc.). Next, we will have presentations on papers of more
developed work and lighting talks featuring emerging ideas
and in-progress works. A discussion of questions and feed-
back for the presenters will follow each presentation. We will
end with an open, moderated discussion to identify current

1https://etrials.assistments.org/
2https://www.upgradeplatform.org/
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Table 1: Tentative Schedule (Half-Day)

0:00-0:20 Introductions
0:20-1:00 CausalEDM: Retrospective and Future Directions
1:00-1:30 Panel-Mediated Discussion
1:30-2:30 Three Paper presentations (10 min presentations, 10 min discussions)
2:30-3:10 Four Lighting Talks (5 minutes per talk, 5 minute discussions)
3:10-3:20 Closing Discussion: Causal Problems and Opportunities for EDM

and future needs for causal research in EDM.

2. CONTENT AND THEMES
The workshop will cover three themes of causal inference in
EDM: Empirical Studies include applications of causal in-
ference in applied EDM-related settings. These studies can
include but are not limited to A/B tests, randomized control
trials, and observational studies. Methods include study de-
signs, theory, simulations, and examples related to advanced
causal inference methodology with potential EDM applica-
tions. Problems and Perspectives evaluate the current state
of casual inference in EDM, pose areas in which research
should be more robust, and describe future directions for
the field.

Based on these three guiding themes, we will solicit work on
topics including, but not limited to:

• Experimental Designs (e.g., RCTs, A/B testing)
• Quasi-experimental Methods (e.g., Propensity Score

Matching, Regression Dissociation Design)
• Effect Estimation (e.g., LOOP, reLOOP, Doubly Ro-

bust PSM)
• Directed acyclic graph
• Causal mechanism/mediation analysis
• Effect heterogeneity/moderation annalists
• Machine learning and causal inference
• Principal stratification

3. SCHEDULE AND FORMAT
The proposed schedule is provided in Table 1 and key sec-
tions are described below.

3.1 CausalEDM: Retrospective and Future Di-
rections

We will open with a presentation of an empirical retrospec-
tive causal work conducted by the EDM community that
will go over themes and focuses of past work. This presen-
tation will also include a critical perspective on the needs
and gaps for causal work in EDM and propose new ways
to evaluate the complex causal connections between innova-
tions in digital technologies and students’ learning processes
and outcomes. We aim for this presentation to provide an in-
troduction to the topic for graduate students and researchers
with other backgrounds as well as to set the stage for the
workshop themes throughout the day.

3.2 Panel Mediated Discussion
The Retrospective and Future Directions presentation will
provide a starting place for the panel-mediated discussion,
which will focus on future directions for causal EDM work.
The panel will consist of causal inference experts, creators of

A/B testing platforms, and prominent EDM scholars who do
not focus on causal work but may provide important view-
points on the needs and directions of this work in EDM. The
organizers will facilitate the discussion, and all attendees will
be encouraged to participate.

3.3 Paper Presentations/ Lighting Talks
For the second half of the workshop, researchers will present
papers and lightning talks of causal work in EDM. This work
will focus on one of the three themes (Empirical Studies,
Methods, Problems and Perspectives). We will specifically
solicit work that connects recent innovations in instructional
designs to students’ learning processes and outcomes. Each
presentation will end with a moderated question-and-answer
session.

3.3.1 Short Papers (6 pages)
Short papers will present partially or fully completed work
on one of the three themes. This work must have a casual
element and be related to EDM. Previously published work
is acceptable. This work will not be published in the EDM
proceedings, but upon the author’s request, we will make
the papers available on the workshop website. Authors will
have approximately 10 minutes to present.

3.3.2 Lightning Talks (500 word abstract)
Lightning Talks will present ideas or partially completed
work that focuses on one of the three themes. Study de-
signs are welcome. These talks can include unresolved causal
problems the field should address. These talks are meant to
open up discussions for feedback and thought. We encour-
age graduate students and early-career researchers to con-
sider sharing in-progress research in this format to solicit
feedback and foster future collaborations.

3.3.3 Reviewing Process
The workshop organizers will review papers and abstracts
alongside ad hoc external reviewers whose expertise is ap-
propriate for the submissions.

3.4 Closing Discussion
Finally, we will conclude with a list of causal problems and
opportunities for EDM. This discussion will be open to at-
tendees and panel participants.

4. PREVIOUS EDITIONS AND EXPECTED
PARTICIPANTS

With previous workshops held annually between 2020 and
2024, this convening would represent the fifth edition of this
workshop at EDM. Over 30 individuals attended each itera-
tion, and the EDM community’s interest in causal inference

706



topics has been steadfast. We aim to resume this convening
at EDM 2025 and build on participation from previous it-
erations by providing entry points for researchers who may
not typically use causal methods. For example, our opening
presentation on causal inference methods in EDM provides
an introduction for those who have not previously partici-
pated in CausalEDm to gain an overview of the work. The
lightning talks also provide opportunities for researchers who
are considering or beginning to work on causal problems
to present work and ideas. With the co-location and simi-
lar timing of the Artificial Intelligence in Education (AIED)
and Learning @ Scale (L@S) conferences, as well as recent
initiatives promoting research in digital learning platforms
including SEERNet3 and the AIMS Colaboratory4, we an-
ticipate similar levels of high interest and attendance for this
workshop.

5. ORGANIZERS
Kirk Vanacore (University of Pennsylvania). Kirk is a Post-
doctoral Researcher at the Penn Center for Learning Ana-
lytics. He applies statistical and machine learning models to
data from computer-based learning platforms to understand
learning mechanisms. His work includes using experimental
designs and observational studies to understand the nuances
of how educational programs and pedagogies impact learn-
ing. He focuses on the intersection of failure, struggle, and
learning.

Anthony F. Botelho (University of Florida). Anthony is an
Assistant Professor of Educational Technology and Com-
puter Science Education in the College of Education at the
University of Florida. His research seeks to impact learning
through the blending of learning theory and quantitative
methods. Anthony’s primary lines of research include the
study of student cognition, behavior, and affect, identifying
effective learning interventions through causal inference, and
developing human-in-the-loop systems and tools to support
teachers.

Avery H. Closser (University of Florida). Avery is an As-
sistant Professor of Emerging Technologies and Learning in
the College of Education at the University of Florida. Her
research leverages cognitive theory to advance learning tech-
nologies and the design of open materials for instructional
practice. She specializes in experimental design in the con-
text of learning technologies and explores best practices for
methodologies related to this area of research.

Adam C. Sales (Worcester Polytechnic Institute). Adam is an
Assistant Professor of Mathematical Sciences and an affiliate
of the Learning Sciences and Technologies and Data Science
programs at WPI. His research in applied statistics focuses
on methods for causal inference using large, administrative
datasets, primarily with applications in learning sciences and
social sciences. He has developed and worked on methods
combining machine learning with design-based analysis of
randomized trials and matched observational studies, prin-
cipal stratification and mediation analysis using log data
from intelligent tutoring systems, and regression discontinu-
ity designs.

3seernet.org
4aimscollaboratory.org

Neil T. Heffernan (Worcester Polytechnic Institute). Neil is
the William Smith Dean’s Professor of Computer Science at
WPI, the creator of ASSISTments, and an active researcher
in the fields of 1) artificial intelligence and education, 2) ed-
ucational data mining and 3) learning analytics. In order to
support research in these fields, Dr. Heffernan created the
E-TRIALS Testbed, a tool that allows ASSISTments to be
used as a platform to do science and support evidence-based
practice. He has dozens of papers in educational data min-
ing, and 20+ papers in comparing different ways to optimize
student learning.
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