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Figure 1: An example of data narrative

ABSTRACT

Data narration is the process of telling stories with insights ex-
tracted from data. It is an instance of data science [4] where the
pipeline focuses on data collection and exploration, answering
questions, structuring answers, and finally presenting them to
stakeholders [16, 17]. This tutorial reviews the challenges and
opportunities of the full and semi-automation of these steps. In
doing so, it draws from the extensive literature in data narration,
data exploration and data visualization. In particular, we point
out key theoretical and practical contributions in each domain
such as next-step recommendation and policy learning for data
exploration, insight interestingness and evaluation frameworks,
and the crafting of data stories for the people who will exploit
them. We also identify topics that are still worth investigating,
such as the inclusion of different stakeholders’ profiles in design-
ing data pipelines with the goal of providing data narration for
all.

1 INTRODUCTION

Data narration [6, 23] refers to the notoriously tedious process
of extracting insights from data and telling stories with the goal
of "exposing the unanticipated" [27] and facilitating the under-
standing of insights. Data narration is practiced in many domains
and by various domain experts, ranging from data journalists to
public authorities. Figure 1 shows an example of a data narrative
about climate change!.

According to De Bie et al. [4], data narration poses the great-
est challenges for automation, since background knowledge and

ICities  Alliance:  “Climate Change and Cities - Infographic”.
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human judgment are key to its success. In this tutorial, we re-
view the state of the art in automating data narration and the
challenges and perspectives that arise from that.

In particular, we consider the process of data narration as
an instance of data science pipelines (see Figure 2) [17] that
start with (i) exploring data, a cumbersome phase including the
collection, preparation and analysis of data, whose aim is to
extract insights, followed by (ii) answering questions, a phase
where the narrator derives from insights the messages that they
intend to communicate as answers to analytical questions or to
an analysis goal, (iii) structuring answers for organizing messages
into story episodes, and finally (iv) presenting messages via visual
artifacts that can be easily communicated to an intended audience.
We present related work on formalisms, languages and algorithms
to automate these steps and evaluate their outcomes. Throughout
the presentation, we focus on the stakeholders who make use of
the narratives and ask the question of what is missing to facilitate
their job.

2 OUTLINE

The tutorial is divided into three main parts, as follows:

e Part 1: Data narration [20mn]

(1) Use cases and Applications: presentation of various use
cases ranging from data journalism to worldwide health
situation monitoring, with an emphasis on what is au-
tomated.

(2) Conceptual Model: clarification of the concepts and ter-
minology behind data narration, and introduction of
the data narrative crafting process.

e Part 2: Approaches [40mn]

(1) Evaluation: review of approaches and benchmarks to
evaluate a narrative as well as each phase of data narra-
tion.

(2) Present: review of visualization techniques.

(3) Structure Answers: presentation of classical data narra-
tive structures, and review of manual approaches for
structuring the story plot.

(4) Answer Questions: review of approaches for modeling
the user’s intentions in devising a story.

(5) Explore: review of manual, partially guided and fully
guided exploration approaches.

o Part 3: Perspectives [20mn] Discussion of perspectives
in all the four phases (Explore, Answer Questions, Struc-
ture Answers, Present), with a particular attention to the
inclusion of different stakeholders’ profiles in designing
data pipelines.
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Figure 2: Data Narration as a data science pipeline
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Figure 3: Concepts of a data narrative

Part 1 introduces data narration, its concepts [16], and its
use in various applications. It clarifies the terminology around
data narration, borrowing from narrative theory [8] where a
narrative consists of a story (the content) and a discourse (the
expression). Running examples are used to illustrate the concepts
and terminology (see Figure 3). This part then sheds light on what
is automated in data narrative crafting [17]. This is particularly
important as data narration is tedious and it is not always easy to
distinguish between labor intensive tasks and easily automated
ones.
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Figure 4: Overall Architecture of DORA The Explorer

Part 2 addresses automation by breaking down the data nar-
ration pipeline (the four phases of Figure 2) and distinguishing
existing semi- to fully automated techniques.

We start by reviewing existing evaluation frameworks and
present a comprehensive description of evaluation metrics that
we organize into Human, System and Data metrics, following

Fact Extraction

Fact Computation

Visual Synthesis
Fact Sheet Layout
Fact Sheet Styling

Tabular
Data

i =——

Fact Composition

All Facts
Selected Facts

[ Topic Extraction |

Fact Selection

Figure 5: Overall Architecture of Datashot

[18]. Figure 7 shows a snapshot of different metrics. It extends
the framework proposed in [21] that categorizes evaluation met-
rics used for a data exploration system into System and Human
metrics. The former mainly focus on capturing response time
(e.g., time delays in query scheduling and processing), while the
latter focus on quantifying human behavior (e.g. exploration
duration) and satisfaction by deploying user surveys. The Data
metrics relate to the quality of returned answers and narratives.
We see how existing frameworks focus on different metrics. We
review existing works in evaluating data visualization and data
exploration. We show that benchmarks proposed by the data
management community [3, 9] remain mostly system-centric
and fail to capture the complexity of data narration. The goal of
these studies is to evaluate the query processing engines, but they
do not account for user perception in terms of, e.g., engagement
or understandability.
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Figure 6: Structures of fact sheets: random, sequential and
multiple series (from [29])

856



Metrics

\
| I |

Human System Data
Average Query
Quantitative Qualitative Delay Recall Rate
User Feedback

Human Self Human System
Evaluation (HSE) Interaction (HSI)

NASA-TLX Average Total Length of

(Likert Scale) ~ Timeper  Exploration Pipeline

Step Duration

Figure 7: A snapshot of quantitative and qualitative met-
rics.

Operator RCC8 Formalism [22] Output description

by-facet(D, A) returns as many subsets of D as
there are combinations of values of

attributes in A

NTPPi

by-superset (D, k) NTPP returns the k smallest supersets of in-

put set D (k is application-dependent)

by-distribution(D) DC returns all sets that are distinct from
the input set D and whose attribute

value distribution is similar to D

EC returns 2 sets that are distinct from the
input set D and that have the previous
(smaller) and next (larger) values for

attribute a

by-neighbors(D, a)

Table 1: Exploration operators. The second column illus-
trates the equivalent definition of each operator in the
Region Connection Calculus 8 (RCC8) formalism [13, 22].
The input data is represented with a bold line and the out-
put results are represented with dashed lines.

Present reviews work on communicating insights in a creative
way [25]. We describe existing systems that automate visualiza-
tion, including the visualization modules of systems implement-
ing all the data narration pipeline, introduced before [24, 26, 29].
Various applications are used as illustrations, ranging from ex-
ploring galaxies [19] to summarizing music tracks [30].

Structure answers starts with a review of classical data narra-
tive structures, from the basic organization of data sheets (see e.g.,
Figure 6) to interactivity-based design [23]. We describe some
existing systems that automate data structuring, such as Calliope
[24] and Erato [26], and include a focus on transitions in the
story ([11, 24]).

Answer questions includes a focus on data narrative intents
[2] and how users can express their intentions using exploration
primitives [20], insight specific primitives [7] or high level in-
tentional languages [28]. For instance, trained policies in DORA
The Explorer make use of operators summarized in Table 1.

Explore includes a focus on insights’ interestingness [14]. We
present a description of some existing systems that automate
data exploration such as DORA The Explorer [20], ATENA [10]
and Datashot [29]. For instance, we describe the architecture of
DORA The Explorer (see Figure 4) [20], which consists of an
offline phase to train exploration models, using a Tensorflow-
based implementation of A3C2, and an online phase to deploy
trained exploration models. We also review the data exploration

https://github.com/marload/DeepRL-TensorFlow2/
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modules of systems implementing all the data narration pipeline.
For instance, we describe the first two modules of Datashot (see
Figure 5) [29] that generate insights.

Part 3 describe open research perspectives in each step of the
data narration pipeline, as well as challenges for the building of
an end-to-end data narration system. A particular focus is made
on describing human-in-the-loop data narration with individual
and collaborative aspects [1], the possibility to use the VALIDE
framework [18] for evaluating narratives, as well as the ability to
express questions as hypotheses and produce statistically sound
narratives [5].

3 GOALS AND OBJECTIVES

The objective of the tutorial is to draw a landscape of recent
advances in data narration and their relationship with data sci-
ence pipelines. It helps the audience distinguish between labor
intensive and easily automated tasks of data exploration, answer-
ing questions, structuring results, and presenting and visualizing
insights. This landscape allows us to raise research challenges
and opportunities in making data narration accessible to all.

4 INTENDED AUDIENCE

The tutorial targets researchers and postgraduate students in-
terested in Data Science, and particularly Data Narration, Data
Visualization and Interactive Data Exploration. Attendees should
have a background in database and information systems.
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tional conferences and journals.
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6 EARLIER VERSION OF THE TUTORIAL

This present tutorial can be seen as a follow-up to earlier tutorial
on data exploration [12, 15], in that it considers data exploration
in the general context of data narration.



Part 1, and a few elements of Part 2 of this tutorial were pre-
sented at e-EGC 20223, a winter school joined with EGC2022, the
French conference on data management and discovery?, and at
eBISS 2022, an international summer school in big data manage-
ment and analytics®. The version presented at eBISS 2022 can be
accessed online®.

The focus of this new tutorial is on bridging the gap between
data narration and large-scale data exploration to make narration
accessible to all stakeholders. The material of the previous tutorial
is reused in Part 1 and at some point in Part 2 of the new tutorial.
Most of Part 2 and Part 3 consist of new material.
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