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ABSTRACT
It is widely accepted that data preparation is one of the most time-
consuming steps of the machine learning (ML) lifecycle. It is also
one of the most important steps, as the quality of data directly
influences the quality of a model. In this tutorial, we will discuss
the importance and the role of exploratory data analysis (EDA) and
data visualisation techniques to find data quality issues and for data
preparation, relevant to building ML pipelines. We will also discuss
the latest advances in these fields and bring out areas that need
innovation. Tomake the tutorial actionable for practitioners, wewill
also discuss the most popular open-source packages that one can
get started with along with their strengths and weaknesses. Finally,
we will discuss on the challenges posed by industry workloads and
the gaps to be addressed to make data-centric AI real in industry
settings.
ACM Reference Format:
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Laure Berti-Equille, and Abhijit Manatkar. 2022. Advances in Exploratory
Data Analysis, Visualisation and Quality for Data Centric AI Systems. In
Proceedings of the 28th ACM SIGKDD Conference on Knowledge Discovery
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1 INTENDED AUDIENCE
The tutorial is of relevance to data scientists, ML researchers, prac-
titioners who are facing data quality issues and need principled
methods and tools to prepare their data.

2 OUTLINE
In the first two sections, we will discuss the importance and need
of exploratory data analysis and data visualisations respectively for
data quality analysis and data preparation for ML. While doing so,
we will describe some of the state-of-the-art techniques in these
areas and also highlight their limitations with a series of illustrative
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examples. In particular, we review works which describe systems
that can play an assistive role to a data analyst by, for e.g., automat-
ing the processes like EDA and data visualization which can help
with the discovery data quality issues, or by generating recommen-
dations to users of specific actions to take. In the last section, we
will focus on the challenges posed by industry workloads, efforts
in overcoming the challenges and open areas.

2.1 Role of EDA in Data Understanding and
Data Quality

EDA techniques are used by data scientists to analyze and get key
insights into the data. This is also a field where data scientists’ skills
and domain knowledge play a huge role in performing effective
EDA. In this tutorial, we will first look at how EDA helps in mea-
suring and improving data quality as mentioned in [13]. We will
discuss how EDA can be a useful tool not only for identifying data
quality issues in a dataset but also for obtaining a general under-
standing of the dataset which can aid in making decisions related
to algorithmic/architectural choices for models that can be fit on
the data to perform meaningful inference at different tasks, as well
as guiding pre-processing operations to execute on the data.

Next, we will look at recent advances made in automating EDA
processes either partially or fully to help data scientists perform
effective EDA irrespective of their skill and experience. We look at
three approaches to EDA automation:

• Guided/Interactive Data Exploration systems which help the
user by suggesting interesting data components based on
the user’s interaction with the system [17] [8].

• Next Step Recommendation Systems which suggest user
what next exploratory action to apply based on the user’s
current EDA session, data being explored and previous EDA
sessions [18] [3].

• End-End Automated EDA systems which produce full EDA
sessions based on previous EDA sessions and dataset char-
acteristics using techniques like Reinforcement Learning [9]
[20].

We further discuss limitations of these current approaches. Lastly,
we look at some open source tools (e.g., [19]) that help users in
doing effective EDA focused on data quality.
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2.2 Data Visualisation and its Role in Data
Quality Analysis

Data visualisation is a key EDA technique which makes the analysis
easy and streamlined with the help of visual components like charts
and graphs. Visual EDA is particularly relevant in the context of data
quality profiling. In this section, we first discuss the importance
of data visualisation in EDA in general and for data quality in
particular, as mentioned in [2], [12].

We discuss the advancement in the field of visualisation recom-
mendations mentioned in [15], [7], [11]. We also specifically discuss
advancements in interactive visualisation mentioned in [24]. We
discuss these advancements as rules of thumb to avoid misleading
information that may be conveyed by visual artefacts. Further, we
discuss the impact of data quality on visualisation as mentioned in
[16]. Lastly, we review a few open-source visualisation tools (e.g.,
[14] and [1]) used for EDA focused on data quality.

2.3 Challenges to make Data Centric AI
Algorithms Suitable for Industry Workloads

The field of data quality or data centric AI has been gaining traction
in the last couple of years. In this section, we focus on the chal-
lenges exposed by industry workloads. Real world datasets often
run into gigabytes or terabytes, and thus there is a need for algo-
rithms that can address the scale of the data. In this section, we will
cover the scalable data validation work covered in [23], [5], [22],
[25], [21], [6]. We will also discuss the challenges associated with
running advanced data quality metrics for ML as described in [10],
automated sequencing [4] as well as performing EDA and visuali-
sation tasks on large scale datasets. We will end this section with
the discussion on open source toolkits that enable data validation
on large datasets.
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