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Abstract. In the field of information visualization, storytelling techniques help
to communicate facts and enhance comprehension. The use of data storytelling
best practices can inform the process of creating narrative visualizations and
increase the quality of charts used in software applications by improving
aspects such as memorability or engagement, for instance, supporting end
users in the decision-making process. The main goal of this doctoral research
is to develop a method for assessing and improving the quality of narrative
visualizations in software products, like scatter plots, line, bar, or pie charts,
among others. This has included a case study and a systematic mapping study.

1. Introduction

Data visualization has become essential to understand large datasets and communicate
findings. As a subfield of visualization research (Post et al., 2003), Information
Visualization focuses on the visual representations of abstract data (Keim et al., 2008;
Munzner & Maguire, 2014), to enhance understanding and to support and amplify
cognition (Card et al., 1999). Visualizations are increasingly used to tell compelling
stories in different domains. There are studies that review the use of decision support
systems in fields such as agriculture (Gutiérrez et al., 2019) where visualization plays a
key role in assisting end-users to interpret the data, or environmental sciences (Grainger
et al.,, 2016), where it is necessary to interact with actors outside of the scientific
community and therefore presents the challenge of effective communication to enable
users to generate actionable understanding. In more structured contexts, researchers can
use these stories to support discussion, decision making and process analysis (Willett et
al., 2011).

Storytelling has long been used as an effective way of conveying information
and knowledge. Stories aid memory and recall by embedding information into
characters, settings, relationships, and events (Henry Riche et al., 2018); hence the
importance of integrating data visualization into narrative stories. Many experts in chart
design provide guiding principles to create quality visualizations (Bertin, 1983;
Nussbaumer Knaflic, 2015; Tufte, 2001). By leveraging the best practices stablished in
the literature we can reduce the cognitive workload associated with chart
comprehension (Dowding et al., 2018; Gilger, 2006) and prompt positive decision-
making (Nussbaumer Knaflic, 2015).

In a software application, the implementation of data storytelling best practices
for the design of narrative visualizations can significantly impact comprehension,
memorability, and engagement of charts, and assist end users in the decision-making
process by addressing issues related to the size and complexity of the data (Dimara et



al., 2021). The resulting visualizations should, however, be supported by an evaluation
model that allows developers to assess their quality and thus assure effectiveness to a
certain degree.

In recent years, evaluation has become a central issue in the field of
visualization. There is a diverse set of qualitative and quantitative methods for
evaluating different aspects of data-driven stories (Carpendale, 2008). Some of these
include controlled experiments, usability tests and case studies (Plaisant, 2004) where
participants perform benchmark tasks and researchers collect measures like completion
time, error rate and accuracy. These methods, however, only focus on data “facts” and
fail to consider other aspects such as decision-making support, or insight generation
(Dimara et al., 2018). As Wall et. al. (2019) point out, it would be valuable to have tools
that can be deployed rapidly and iteratively during the design process to evaluate
visualizations prior to conducting experiments with users.

2. Research Goals

The main purpose of this doctoral research is to "provide a method for evaluating the
quality and assisting in the improvement of narrative visualizations". This goal further
breaks down into three specific goals, addressing both methodological and
technological aspects:

SG1: Identify the best practices for the design of effective narrative
visualizations. In general, a visualization is considered effective if it helps people
extract accurate information (Card et al., 1999) without further complexity (Haroz &
Whitney, 2012).

SG2: Build an evaluation model based on the patterns and best practices found
in SGI1 to assess the quality of narrative visualizations.

SG3: Develop a software tool to assist in the implementation of the model, and
additionally provide improvement recommendations.

The working hypothesis states that: “the development of an evaluation model for
narrative visualizations that incorporates best practices and materializes them in a semi-
automated support environment, can increase the value of visualizations.” In this case,
the value is directly linked to decision-making support, which has been identified as the
end goal of data visualization (Munzner & Maguire, 2014; Ware, 2020).

The rest of this paper is structured as follows: Section 3 provides a summary of
the background and related work, Section 4 describes the methodology and reports the
results obtained so far, Section 5 presents the expected contribution of this doctoral
research and Section 6 outlines future work.

3. Background and Related Works

This section presents an overview of prior research relevant to our work and
contextualizes the aims of the thesis.

3.1. Information Visualization and Storytelling

Over the last two decades there has been a growing interest in visual storytelling and
data visualization to communicate findings. Visualization dashboards are commonly



used for decision-making but can be insufficient for communication purposes. In a
recent study, (Sarikaya et al., 2019) found that people in Business Intelligence often put
screenshots of dashboards into slide presentations, suggesting a need for more powerful
storytelling features.

Riche et. al. (Riche et al., 2018) define "data-driven stories" as stories that are
either based on or contain data, visualized to support one or more intended messages,
usually including annotations (labels, pointers, text) or narration. Kosara and Mackinlay
(Kosara & MacKinlay, 2013) argue that data-driven storytelling is a natural next step
for data analysis and visualization and a pivotal component for effective data
exploration.

Many authors have discussed emerging opportunities and challenges in
storytelling in the field of visualization. Kosara and Mackinlay (Kosara & MacKinlay,
2013) give an overview of the topic, highlighting the importance of storytelling for data
analysis and presentation, as visualizations are increasingly used for decision making. In
(Rhyne et al., 2015), the authors take a narrower view of what data storytelling involves,
to facilitate discussion around it, and present a comprehensive view of the storytelling
process. Ojo and Heravi (Ojo & Heravi, 2017) examined 44 cases of award-winning
data stories to identify storytelling practices and characterize the tools and techniques to
create them.

Other research discuss the issues regarding visualization and data representation
in different fields. In this context, (Gorodov & Gubarev, 2013) describes specific
problems in Big Data visualization and defines a set of approaches to avoid them. They
provide a useful classification of existing methods for data visualization in application
to Big Data. In a similar way, (Gotz & Borland, 2016) reports on the emerging
challenges facing the health industry with respect to medical information visualization,
as well as some of the major opportunities. The authors suggest that interactive data
visualization could become an essential tool for a data-driven healthcare system.

3.2. Evaluation of Visualizations

Given the limitations of formal laboratory methods such as controlled experiments,
many researchers seek to go beyond this evaluation approach to determine the
effectiveness of a visualization (Wall et al., 2019) and argue that traditional evaluation
metrics might not be sufficient in motivating cognitively efficient visualizations (Qu &
Hullman, 2016).

Tory and Moller (2005) discuss the use of traditional methods against alternative
evaluation techniques in HCI, such as focus groups, field studies and expert reviews,
particularly, heuristics evaluations. They argue that such reviews are valuable ways to
assess visualizations. North et al. propose an insight-based evaluation (Saraiya et al.,
2005) to assess how well a visualization supports people gaining insight from the visual
representation.

Lam et al (2012) provide an overview of the different types of evaluation
scenarios, categorized into those for understanding data analysis processes and those
which evaluate visualizations themselves. They base their categorization on questions
and goals, rather than existing methods, encouraging the community to consider the
context before choosing an evaluation method.



Regarding evaluation criteria, Bertini, Tatu and Keim (Bertini et al., 2011)
presented a systematic analysis of quality metrics to support the exploration of high-
dimensional data sets and defined a quality metrics pipeline. More recently, in (Amini et
al., 2018) the authors argue that data stories must address different challenges
depending on the context and provide a non-exhaustive set of criteria and evaluation
methods.

Based on the review outlined above, our evaluation model would be based on
the visualization scenario by Lam et al (2012), as we will focus on visualizations as a
final product, rather than the process to create them. We intend to develop a software
tool to support and automate the evaluation process, providing practical design
recommendations based on the guidelines and criteria found in the literature. Our
research covers four main types of visualizations, namely: line charts, bar charts, scatter
plots, and pie charts, in addition to choropleth maps, area charts, bubble charts and
treemaps. We focus on these visualizations as they are the most frequently occurring
types, according to (Battle et al., 2018; Lee et al., 2017)

4. Research methodology and obtained results

The development of this doctoral thesis will be conducted following the Design Science
(DS) framework (Johannesson & Perjons, 2014), an approach for the creation of
artifacts in the form of models, methods and systems to solve problems in a given
context. Fig. 1 shows an overview of the high-level activities in the framework. Given
that the main goal of this research is the construction of an artifact (the evaluation
model discussed in Section 2), the Design Science framework was an appropriate fit for
the thesis.

Explicate the _ Define Design and _| Demonstrate Evaluate
problem "] requirements develop artifact o artifact artifact

Fig. 1: Overview of the Design Science framework.

To address SG1 we are currently working on the first activity of the framework,
that is, to explicate the problem. As a first task, we performed a case study following the
guidelines by (Yin, 2017) and (Runeson & Host, 2009) to gain a deeper understanding
of the issue. The goal of the study was to determine the benefits of implementing data
visualization best practices in the development of a software product, as well as the
impact of not doing so. The system had high volatility in its requirements and short
development cycles, prioritizing the delivery of functionality and real-time
visualizations. This meant that narrative aspects were set aside and that only some best
practices were followed by the development team. The results showed that the use of
storytelling techniques in data visualization contributed to an improved decision-making
process in terms of increasing information comprehension and memorability by the
system stakeholders. In addition, we found that one of the reasons for not applying
visualization best practices was the lack of knowledge regarding information
visualization and storytelling, rather than the lack of time. In the absence of these skills,
developers rely on the default settings of tools, causing stories to lose their potential or
become difficult to understand. The full article is published at the Journal of Universal
Computer Science and available online (Lezcano Airaldi et al., 2021)



As a second task, we are performing a systematic mapping study (SMS)
following the guidelines by (Kitchenham & Charters, 2007), and (Petersen et al., 2015).
For this purpose, we formulated the following research questions:

RQ1: What are the existing definitions of “data storytelling”? This question seeks to
establish what data storytelling is and whether it has a formal and accepted definition
for both academics and practitioners.

RQ2: What are the data storytelling best practices reported in the literature for the
design of visualizations and how are they applied? The goal of this question is to
summarize the guidelines and recommendations reported in the literature to create
effective narrative visualizations and the diverse ways to apply them.

RQ3: What are the criteria to evaluate narrative visualizations? Depending on the goal
of a visualization, different criteria is used to assess if that goal has been met (Amini et
al., 2018). This question aims at identifying those criteria.

RQ4: What are the current strategies to evaluate narrative visualizations? This
question identifies the methods by which the criteria defined in the previous question
can be evaluated and their characterization: what types of charts they apply to, the
metrics they use and the tools to support them.

Due to space limitations, the protocol for the SMS is detailed in Supplementary
Materials'.

The remaining activities in the DS framework will focus on SG2 and SG3. The
definition of requirements will be done via a focus group to elicit requirements from
stakeholders with different backgrounds and perspectives. For the design and
development of the artifact, (Johannesson & Perjons, 2014) suggest drawing upon
creative methods such as brainstorming sessions to generate ideas that could later be
part of the design, in addition to software engineering techniques to develop it. To
demonstrate the artifact, we plan on conducting an action research study to assess its
feasibility. Finally, to evaluate the artifact, we will conduct two empirical studies: a
controlled experiment that will allow us to achieve high internal validity (Johannesson
& Perjons, 2014), and a case study to examine the artifact in a real world context.

5. Expected contribution

The main contribution of this research is an evaluation model implemented via a
software tool to assess the quality of narrative visualizations. This model is intended to
assist researchers and practitioners from various domains during the design phase of
visualizations while also suggesting improvement recommendations based on the best
practices and criteria found in the literature.

As an intermediate outcome, the contribution of the SMS is an extensive list of
best practices and their corresponding applications that designers and developers can
follow during the planning and design of visualizations or use them to compare to the
ones they are currently adopting and identify improvement opportunities. Additionally,
by understanding the criteria for effective visualizations, they can determine their goals

! https://bit.ly/cibse_appendix
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more clearly (i.e.: to make visualizations more memorable, more comprehensible, or
more engaging, for instance) and make informed design choices towards that direction.

6. Future work

We are conducting a systematic mapping study as part of the first activity in the Design
Science framework towards SG1. We are currently working on reporting and discussing
the results.

Once the review is completed, we will address the subsequent activities
discussed in Section 4, detailing the tasks encompassed in each step. This will allow to
iteratively build the different layers of the evaluation model proposed. We plan on

publishing the resulting articles in journals and conferences relevant to the research
field.
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