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ABSTRACT
As data volume and variety have increased, so have the ties be-
tween machine learning and data integration become stronger. For
machine learning to be effective, one must utilize data from the
greatest possible variety of sources; and this is why data integra-
tion plays a key role. At the same time machine learning is driving
automation in data integration, resulting in overall reduction of inte-
gration costs and improved accuracy. This tutorial focuses on three
aspects of the synergistic relationship between data integration
and machine learning: (1) we survey how state-of-the-art data inte-
gration solutions rely on machine learning-based approaches for
accurate results and effective human-in-the-loop pipelines, (2) we
review how end-to-end machine learning applications rely on data
integration to identify accurate, clean, and relevant data for their
analytics exercises, and (3) we discuss open research challenges
and opportunities that span across data integration and machine
learning.
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1 TARGET AUDIENCE
This tutorial targets all researchers and practitioners interested in
data quality challenges in end-to-end data science pipelines. The
goal is to inform the audience about the class of problems that
exist in the intersection of data integration and machine learning
as well as recent breakthroughs that are results of the synergistic
effect between the two. We also aim to motivate further research
in the area of ML-based data integration solutions. We assume
general familiarity with common ML terms but do not require prior
knowledge of specific algorithms or system internals.

2 BIOGRAPHICAL SKETCHES OF TUTORS
In-person presenters: Xin Luna Dong, Theodoros (Theo) Rekatsinas
Corresponding tutor: Theo (thodrek@cs.wise.edu)
Xin Luna Dong is a Principal Scientist at Amazon, leading the
efforts of constructing Amazon Product Knowledge Graph. She
was one of the major contributors to the Google Knowledge Vault
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project, and has led the Knowledge-based Trust project, which
is called the “Google Truth Machine” by Washington’s Post. She
has co-authored book “Big Data Integration”, was awarded ACM
Distinguished Member, VLDB Early Career Research Contribution
Award for “advancing the state of the art of knowledge fusion”, and
Best Demo award in SIGMOD 2005. She serves in VLDB endowment
and PVLDB advisory committee, and is a PC co-chair for VLDB 2021,
ICDE Industry 2019, VLDB Tutorial 2019, SIGMOD 2018 and WAIM
2015. She has given more than 10 tutorials on data integration,
knowledge collection, and graph mining in top-tier conferences.

Theodoros (Theo) Rekatsinas is an Assistant Professor in the
Department of Computer Sciences at the University of Wisconsin-
Madison. He is a member of the Database Group. He earned his
Ph.D. in Computer Science from the University of Maryland and
was a Moore Data Postdoctoral Fellow at Stanford University. His
research interests are in data management, with a focus on data
integration, data cleaning, and uncertain data. Theo’s work has been
recognized with an Amazon Research Award in 2018, a Best Paper
Award at SDM 2015, and the Larry S. Davis Doctoral Dissertation
award in 2015.

3 OUTLINE
This 3-hour tutorial is split into three parts:

(1) A DI and ML primer: In this introductory part of the tuto-
rial, we review the problems that constitute a typical data in-
tegration stack [5]: (1) data extraction, (2) schema alignment,
(3) entity resolution, and (4) data fusion. We also discuss
ML-related concepts, including supervised, semi-supervised,
and unsupervised learning setups, pertinent to ML-based
solution for data integration. We also review components of
typical end-to-end ML-based analytics to introduce parts for
which data integration solutions are key.

(2) ML solutions for automated DI: In the first technical part
of the tutorial, we focus on classical problems along the data
integration stack. We motivate a ML-based view for these
problems and review algorithmic frameworks and systems
that build upon machine learning methods to introduce au-
tomated solutions for each of these problems.

(3) DI for effectiveML pipelines: In the second technical part
of the tutorial, we review how data integration tasks form
critical parts of modern machine learning and play a crucial
role in obtaining highly accurate results. We focus on two
tasks that form the major bottlenecks in any machine learn-
ing pipeline: creation of large-scale training datasets, and
cleaning of the data used for training or inference.

(4) Future opportunities: Finally, we outline several open re-
search problems as potential directions for new research in
this area.
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