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Abstract
Narrative visualization is characterized by the integration of data visualization and storytelling techniques. These character-
istics provide challenges in its evaluation. Little is known about how these evaluation challenges are addressed by narrative
visualization practitioners. We surveyed experienced narrative visualization practitioners to investigate their methods of eval-
uation. To gain deeper insight we conducted a series of semi-structured interviews with practitioners. We found that there is
usually an informal approach to narrative visualization evaluation, where practitioners rely on prior experience and their peers
for evaluation. Our study also revealed novel approaches to evaluation. We introduce a practice-led heuristic framework to aid
practitioners to evaluate narrative visualization systematically. Our practice-led heuristic framework couples first-hand prac-
titioner experience with recent research literature. This work sheds light on how to address narrative visualization evaluation
to better inform both academic research and practice.

Keywords Narrative visualization · Visualization evaluation · Visualization design · Heuristic evaluation

1 Introduction

Narrative visualization is a subfield in visualization academic
research and practice. Effective narrative visualization com-
bines storytelling and data visualization to convey complex
information in a comprehensible and compellingmanner [1].
The proliferation of narrative visualization in news media
attests to its increasing popularity. It has been employed in
a number of contexts including explaining the effects of cli-
mate change or detailing the spread of COVID-19 [2, 3].
The important information contained in narrative visualiza-
tion necessitates rigorous evaluation. Evaluation is key to
ensuring that complex information portrayed in the narrative
visualization is not misconstrued or deemed unengaging.
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The evaluation of narrative visualization is fraught with
challenges. Conventional approaches to visualization evalu-
ationwhichmeasure task time and error rate are not sufficient
in its evaluation. This is because they do not provide crucial
insight into the user’s comprehension or user experience [4,
5]. Qualitative methods, such as elicitation interviews and
focus groups, have been used to gain deeper insights when
evaluating narrative visualization [6, 7]. However, quali-
tative methods, such as the aforementioned examples, are
potentially too costly and laborious in a practical setting.
Furthermore, practice-led heuristics or evaluation guidelines,
specific to narrative visualization, do not yet exist. Mystery
surrounds the evaluation of narrative visualization in prac-
tice, where little is known about how these challenges are
addressed outside of the laboratory.

In this work, our aim was dually to find out what cur-
rent evaluation practices are, and how best can we support
practitioners. To achieve our aim, we conducted a survey of
63 practitioners. These practitioners were recruited from an
online forum named “The Data Visualization Society” [9].
It is an active practitioner forum that includes visualization
practitioners from all genres of visualization development,
including narrative visualization. Then, we conducted one-
to-one interviews with a smaller group of 12 practitioners.
The purpose of our interviews was to gain an understanding
behind the reasoning and thought processes of practitioners
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when conducting evaluation. Our motivation for focusing
on practitioners was that through their necessity and real-
world experience, theyhavevaluable insight into the practical
evaluation of narrative visualization. This insight can be ben-
eficial in solidifying foundational knowledge for both future
narrative visualization practice and future academic research.

The results of our research indicated that there is often
an ad hoc approach to narrative visualization evaluation.
The lack of established guidelines or heuristics, mean that
evaluation is rarely systematic. The most common method
of evaluation is an informal group discussion. Practitioners
relied on their colleagues and their past experience to inform
their evaluation. We found that approximately half of prac-
titioners employed end-users in their evaluation. Moreover,
due to necessity, novel evaluation practices were employed
such as guerrilla user-testing and social media. To aid prac-
titioners in evaluation, we propose a preliminary set of
heuristics specific to the evaluation of narrative visualiza-
tion. These heuristics comprise of detailed usage advice
derived from our interviews, coupled with research literature
and survey results. To conclude, we make a series of rec-
ommendations about how our heuristics can be practically
implemented, illustrated through the use of a case study. Our
investigation findings and our preliminary set of heuristics
are fundamental to establishing a community of practice for
narrative visualization.

2 Related work

2.1 Narrative visualization evaluation

The importance of thorough and rigorous visualization
evaluation is undisputed by the academic visualization com-
munity [5, 10, 11]. Conventionally, there are two methods
to evaluate visualizations—inspection methods and end-user
testing methods [11, 12]. Inspection methods are examined
as heuristic evaluation. End-user testing methods include
representative end-users and are usually defined as either
quantitative or qualitative [13].

2.1.1 End-user testing methods

The field of human–computer interface (HCI) design retains
a long-held certainty that end-users should play a fundamen-
tal role in the evaluation process [14]. Integrating end-users in
both the formative stage and summative stage of a visualiza-
tion development cycle has been shown to have beneficial
outcomes [15]. Some general benefits include a greater
understanding of user needs, and a broader perspective
beyond what domain experts may offer [8]. Notwithstand-
ing the recognized value in end-user testing, it does have
weaknesses. Below we discuss the strengths and weaknesses

specific to qualitative and quantitative methods of end-user
testing in relation to visualization research.

Qualitative methods of end-user evaluation lend them-
selves to measures particular to effective narrative visualiza-
tion. This is because they provide a “richer understanding”
of the comprehension and user experience of the work [11].
Notable examples include the “walk-through” or the “think
aloud” protocol and interviews [4, 13]. One study used
focus groups to evaluate narrative visualization because they
“enable us to obtain qualitative and affective information
from participants easily [7].” The drawbacks of qualitative
end-user methods of evaluation are not just their costly, labo-
rious nature; they are also difficult to replicate and difficult
to quantifiably measure [11].

Quantitative user-data collection methods have been
experimented with to evaluate storytelling in information
visualization [16]. These include session times and click-
through source [16]. These user-centered metrics are directly
transferred from web analytic frameworks and use low-level
user-activity traces as signals which are translated as user
intentions [17]. They do not, however, provide crucial insight
into user engagement and experience. Studies examining
end-user interaction with visualization have employed eye-
tracking [18]. This method of end-user evaluation is however
notoriously cumbersome, and alternative solutions are advo-
cated [19].

We have outlined here some end-user evaluation methods
for visualization and their associated challenges. The next
section will move on to heuristic evaluation, which should,
in theory, complement end-user testing [8, 10].

2.1.2 Heuristic evaluation

Heuristic evaluation is a common inspection method of visu-
alization evaluation [11, 13]. It is described as a vital part of
the visualization practitioners’ toolkit [20]. Tory and Möller
in their summary of expert reviews recommend the use of
heuristic evaluation for analyzing visualization systems [10].
The recognition of the beneficial advantage of heuristic eval-
uation led several authors to propose sets of heuristics for
visualization. These are the 13 heuristics by Zuk et al. [21]
and the 10 heuristics by Forsell and Johansson [22]. The
Forsell and Johansson et al. heuristic set is derived from
a synthesis of existing heuristic sets, including the original
usability heuristics described by Nielsen [8, 22]. Similarly,
Zuk et al. presented a synthesis of pre-existing evaluation
criteria, including the “information seeking” mantra first
described by Shneiderman [21, 23]. While these heuristic
studies are useful, they are related to system usability rather
than the storytelling ability of the visualization.

Amini et al. outlined evaluation criteria for narrative visu-
alization [24]. In their book chapter, each criterion for the
evaluation of data-driven storytelling is described with ref-
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erences to examples and academic research. The process for
developing their evaluation criteria did not include direct
consultation with practitioners. This differentiates our work,
where practitioner feedback was fundamental to our study.
Other examples of guidelines for data-driven storytelling
have a focus on tools and code examples [25], or the overall
design process [26].

A framework-based approach to visualization specific
heuristics has been advocated [27]. This approach was com-
pared to both “performance-based” and “process-based”
approaches. These aforementioned approaches were not
deemed suitable; instead, the framework approach was advo-
cated as “the most generalizable and extensible of the three
approaches” [27]. Similarly, Zuk et al. suggested “A hierar-
chical or taxonomic way of grouping may aid in selecting an
appropriate set of heuristics [21].”Heuristic evaluation is part
of an iterative design process where it can be a relatively fast
evaluation methodology, and also has been shown to produce
useful results when employed by non-experts [8]. Outside of
the cost savings, other benefits include gaining deeper insight
than end-user studies and lowering the “intimidation barrier”
[8, 10]. Furthermore, heuristics serve as a structure to group
evaluation which has been shown to be more effective than
unstructured group evaluation [28]. Some disadvantages of
heuristic evaluation have been listed as the lack of evalua-
tion qualifications of the practitioner or difficulty to innovate
while bounded by a set of rules [11].

2.1.3 Narrative visualization practice

It has been recognized that there are barriers to knowledge
production and use between the academic and practitioner
communities. In the VIS community, this recognition has
led to events that cross this divide (e.g., VisAp [29] and Vis-
InPractice [30]). These events are evidence that professional
practice as an activity with its own methods and learning,
is recognized as valuable to the furthering of visualization
research. This is especially so for newer forms of visualiza-
tion, such as narrative visualization, where an established
community of practice does not yet exist.

This study aims to investigate whether a community of
practice is appropriate for narrative visualization. This aim
is founded on the notion that a community promotes discus-
sion and encourages a willingness to share ideas [31]. The
concept of a community of practice was first introduced by
Lave andWenger [32] and further expanded byWegner in his
book “Communities of Practice [31].” It is through the pro-
cess of sharing information and experiences with the group,
that members learn from each other, and have an opportunity
to develop personally and professionally. In areas such as
business and health care, communities of practice are inte-
gral in fostering and maintaining domain knowledge [33].

In this study, we motivate our approach as we believe
that there is value in studying practitioners’ lived experience
and tacit knowledge. In this context, tacit knowledge is a
combination of intellectual knowledge, cognitive skill and
manual skill. Tacit knowledge is described “as the ability to
make decisions in the absence of written rules [34].” This
form of knowledge is characterized by the implicit decisions
made in the development process, which are, by definition,
difficult to articulate.

Data visualization practice is multi-disciplinary, where an
individual or a team are required to have skills in computer
science, data analytics, design, project management, etc. It
has been suggested that data visualization practice requires
at least “eight hats” or rather eight different areas of knowl-
edge [35]. Moreover, narrative visualization practitioners
must be adept storytellers [36],where narrative structures and
reader experiences must be considered along with functional
usability considerations associatedwith data visualization. In
this work, we attempt to garner the substantial accumulated
knowledge of narrative visualization practitioners so we can
better inform both practitioners and researchers.

3 Researchmethodology

To achieve our aim of investigating how narrative visualiza-
tion is evaluated in practice, we performed an online survey
of practitioners. To gain deeper insight we conducted a series
of semi-structured interviews relying on our survey findings
to prompt and aid practitioners to articulate their knowledge.
Supplemental material can be accessed here; this includes a
series of interactive charts and raw data https://effectivenv.
github.io/info/.

3.1 Survey design

The survey consisted of both multiple-choice questions and
open-ended questions. Our survey was designed to offer the
option for the practitioner to add feedback to complement
multiple-choice questions. The following two research ques-
tions guided our survey:

RQ1 - What is narrative visualization evaluated for?
RQ2 - How is narrative visualization evaluated?
Regarding RQ1 we asked practitioners what they deemed

to be the three most important elements of effective narrative
visualization. We offered the practitioner a list of elements
to choose from and the option to add their own. This list of
elements was derived from an analysis of research literature
which empirically evaluated narrative visualization and var-
ious forms of visual or verbal storytelling. We performed a
search of known databases including IEEExplore, ACM, and
Google Scholar. We carefully selected peer-reviewed papers
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published in reputable venues. The inclusion criteria were as
follows; (1) that the paper included an empirical experiment
on either visualization, visual storytelling or verbal story-
telling, (2) was either a journal paper or a conference paper,
(3) was published before 2009. We removed all irrelevant
papers and duplicates based on an analysis of the abstract
and keywords. Our finalized list of elements referenced 17
papers. The list is not exhaustive, where the primary func-
tion of our list of elements was to serve as initial survey items
and discussion points in our interviews. Selected papers are
referenced in Table 3.

The next section, corresponding to RQ2, asked practition-
ers about their evaluation practices. These questions were
split into inspection methods and end-user testing methods.
The evaluation methods for both categories were derived
from the research literature. At the end of the survey, practi-
tioners could opt to take part in a future interview for further
research. The survey was hosted on the Qualtrics platform.
The format followed the survey design checklist outlined by
Kitchenham and Pfleger, is widely accepted as establishing
best practice for survey design [37].

3.2 Survey participants

We recruited practitioners from an online forum named “The
Data Visualization Society [9].” At the time of writing this
forum had approximately 13,000 members. We searched
the “Introductions” channel to find practitioners of nar-
rative visualization. We approached practitioners that had
proven work experience in contributing to the development
of narrative visualization. As a secondary process for vetting
participants, we directly messaged each potential respondent
via the forum, and if they did not believe they had contributed
to the development of narrative visualization, then they either
answered in the negative or did not respond to our inquiry.

3.3 Survey data analysis

The survey data collected were in most instances from
multiple-choice questions, which could be quantitatively
analyzed. We used thematic analysis to extract data from
the open-ended feedback question. Thematic analysis was
also applied to the questions where practitioners could input
an “other” option. The process of thematic analysis is latent
as it analyzes the data through underpinning concepts and
assumptionswhich have been appropriated for narrative visu-
alization practitioners [38]. For example, “responsive” is one
theme that is taken fromweb development terminology refer-
ring to the ability for the visualization to render correctly
on an unconventional browser. Two coders coded one open-
ended feedback question independently and compared codes
for inconsistencies. Once the codes were agreed upon, the
author coded the other open-ended feedback questions.

3.4 Interview design

The survey results provided insight into the evaluation prac-
tices of narrative visualization practitioners. This is a useful
foundation for understanding what evaluation methods are
used, but it does not indicate how and why they are used.
We found our interviewees through our survey, so therefore
we could question the interviewee further on the reasoning
behind their survey responses. We had 35 respondents that
werewilling to take part in an interview.We screened them to
find those with a minimum of 1 year of experience, as well as
having contributed to the development of at least 5 narrative
visualizations.

Our interviewswere semi-structured and had three distinct
phases. See Table 1 for a description of interview questions
and motivations.

3.5 Interview participants

We aimed to have an international participation base; how-
ever,most participantswere fromprimarilyEnglish-speaking
countries. Unintentionally half of the participants were from
the domain of journalism. Out of those that were suitable and
did not decline our invitation we recruited 12 interviewees.

Each participant agreed to the consent form provided,
and their interview was recorded online using the Zoom
platform. Interview transcripts were automatically generated
using Microsoft Stream and then closely read to make sure
errors, or misquotations were eliminated. Ethics approval
was provided by our organization. See Table 2 for the self-
reported characteristics of participants.

3.6 Interview data analysis

We pilot tested our interview and slightly re-worded multi-
ple questions due to the feedback from our pilot interview.
The timing of each interview was between 40min to 1h and
was performed between June 2021 and January 2022. NVivo
qualitative data analysis software was used to facilitate our
coding and analysis.

The thematic analysis was a three-stage process. Three
researchers independently coded one transcript and then
compared codes. Once finalized, each subsequent interview
transcriptwas similarly coded incorporating both data-driven
inductive coding and a top-down priori approach. The result
was 29 upper-level codes supported by 10 lower-level codes.
After initial coding, the author reiterated over all transcripts
to identify and collate themes. The final stage consisted
of the author exporting NVivo codebooks and interview
transcriptswithNVivo’s “coding stripes” from selected inter-
views where themes were discussed and clarified with fellow
researchers.
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Table 1 Semistructured
interview question logic
informed by participant’s survey
responses

Phase RQ Aim Questions

1 RQ1 To find out what comprises effective and inef-
fective narrative visualization

a) What is an effective narrative visualiza-
tion?

b) What is an ineffective narrative visual-
ization?

2 RQ1 To illuminate and detail our heuristic frame-
work with the consideration of audience for
latter questions (f, g)

c) These are the characteristics you consid-
ered most important in the survey

Why did you choose them?

d) Do you think any characteristics are
missing?

e) Do you think any characteristics do not
belong?

f) Do you think the characteristics of effec-
tive narrative visualization would change if
the work was for a different audience?

g)Do you think some characteristics would
stay the same regardless of the audience?

3 RQ2 Tofind out reasoning behind chosen evaluation
method

h) This is the method(s) you said you use to
evaluate your work with the expert review

Why do you evaluate using that method?

i) This is the method(s) you said you use to
evaluate your work when end-user testing

Why do you evaluate using that method?

j) Hypothetically would you use a defined
set of guidelines for design and evaluation?

Interview phase, research question (RQ), corresponding aim and corresponding questions

Table 2 Demographic information about each study participant,
labelled by participant ID (PID)

PID Domain Exp Num Location

P1 Government > 5 > 10 Australia

P2 Healthcare > 5 > 10 USA

P3 Journalism 1–5 5–10 Switzerland

P4 Journalism 1–5 5–10 Finland

P5 Journalism > 5 > 10 Australia

P6 City Planning > 5 >10 USA

P7 Journalism 1–5 > 10 UK

P8 Energy/Climate Change 1–5 5–10 Australia

P9 Journalism 1–5 5–10 Greece

P10 Journalism 1–5 > 10 Singapore

P11 Management Consulting 1–5 5–10 Canada

P12 Business 1–5 > 10 USA

Self-reported characteristics: domain, years of experience, number of
narrative visualization developed and location

4 Results and findings

When reporting survey results n represents total number, m
represents mean and SD represents standard deviation. We
applied statistical analysis where appropriate.

4.1 Background questions

The first question we asked was how many years the prac-
titioner had contributed to the development of narrative
visualization. Most practitioners had worked for more than
one year. With n= 4 or 6% indicating they worked less than
one year. n= 30 practitioners or 48% indicated they worked
from1 to 5 years and n= 29 or 46% indicated they hadworked
for more than five years.

The second question we asked was how many narrative
visualizations had the practitioners contributed to the devel-
opment of. Most practitioners, n= 41 or 65% indicated they
had developedmore than 10 visualizations. n= 12 or 19%had
developed 5–10 visualizations. n=10 or 16% had developed
1–5 visualizations. These data suggest thatmost practitioners
are quite experienced usually having multiple years of expe-
rience and developing more than five narrative visualizations
(n=52 or 82%).

Weaskedwhich domain practitionersworked in. The three
most dominant domains that became apparent from current
research literature were: journalism, health, and education.
We, therefore, gave four options to practitioners: journal-
ism, health, education, and other. n=13 or 21%- indicated
they work in journalism. This was the most common single
domain for narrative visualization practitioners to work in.
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This was not entirely unforeseen, as many of the narrative
visualizations that are publicly available are derived from
news outlets. The second most common domain in which
practitioners worked was education, with n=11 or 17% of
practitioners. Finally, the health domain had n=3 or 5%.

Most practitioners identified as working in the other
domain, or multiple domains n=36 or 57%. Some exam-
ples of the other domains include climate change, business
research, retail, and paleontology. We observed that often
the boundaries of a domain are not clearly delineated, where
practitioners mentioned they work in overlapping domains,
such as both health and education.

4.2 Inspectionmethods

4.2.1 Survey results

The majority of practitioners had a colleague or an exter-
nal expert inspect their work before they released it, n=57
or 90%. When asked if a set of pre-defined criteria was
used to inspect the visualization, n=37, answered “no” and
n=20 answered “yes.”We asked practitioners regarding their
informal inspection methods (n=37, m=9, SD=7). Group
discussion received significantly more responses (n=19)
compared to the othermethods of informal evaluation. Group
discussion accounts for 51% of the 37 practitioners that indi-
cated they did not use pre-defined criteria to evaluate their
work. This was followed by informal conversation (n=11).
Informal email received the least amount of responses (n=5).

The two practitioners that indicated that they used other
informal inspection methods, one mentioned “informal con-
versation,” while another mentioned the use of “Google Doc-
uments.” We asked practitioners what pre-defined criteria
they used to evaluate their work. From the five practitioners
that chose other as a criterion, 4 responses could be themat-
ically grouped under the term “data accuracy.”

4.2.2 Interview analysis

Of the practitioners, we interviewed all except one had a
colleague or external expert inspect their work. The one prac-
titionerwhodidnot have a colleagueor external expert review
their work explained that their work was often best described
as a “hobby project” and therefore published outside of a pro-
fessional environment.

Sevenpractitionerswe interviewedhad chosen “groupdis-
cussion” as their informal inspection evaluation method. We
asked them why and discovered that it was so that they could
access the skills and past knowledge of their team. “We have
a team of people who do data visualization daily for some
years now and everyone has some experience of what works
and what doesn’t work” P3. “You’ve got to rely on your past
experience, through having expertise in the team and just

general sense gathering, hence the discussions” P5. From
our survey and confirmed by our interviews we can conclude
that usually practitioners use an informal group discussion
when inspecting narrative visualization.

We asked practitioners why “data accuracy” was con-
sidered a criterion for evaluating effective narrative visu-
alization. It was explained by P12 that it is an “ethical
commitment,” where integrity is a key priority to practition-
ers. We have updated our heuristic framework to reflect this
sentiment. The heuristic that corresponds to this feedback is
named “data accuracy and honesty.”

4.3 End-user testingmethods

4.3.1 Survey results

The responses to whether end-user testing was employed
in narrative visualization evaluation, were almost equally
split. n=31 or 49% responding with “yes” and n=32 or 51%
responding with “no.” When practitioners indicated they did
not evaluate with end-users, they were then asked why. Most
practitioners, (n=21) said there was “no time.” The second
most selected reason for no end-user testing was “no budget”
(n=14). The third most selected reason for not end-user test-
ing was given as “there is no expertise” (n=8). Finally, “it is
unnecessary” was the least selected reason provided (n=5).

From the 31 practitioners that indicated they did employ
end-user testing, we asked what methods did they use (n=50,
m= 7, SD=6). The “think aloud protocol/walk-through”
method (n=18) was significantly higher than other meth-
ods. The second most popular method for end-user testing
was “interviews” (n=13). Followed by “focus groups” (n=8).
The only method for end-user testing that was significantly
unlikely to be employed was “eye-tracking” (n=2). We
found, however, all forms of quantitative end-user testing
including; “session times,” “survey/questionnaire,” “click-
tracking,” and “eye-tracking,” received a lower than average
amount of responses.

4.3.2 Interview analysis

We found that practitioners that worked in journalism did not
often employ end-user testing. Fromour interviews, however,
we observed a trend where despite answering in the negative
in our survey, actually end-user testing had been employed.
This trend was noted by 4 interviewees P3, P5, P9, and P10.
The difference is that they would end-user test “for a large
project that was not time sensitive, so not in the news cycle”
P5 or as another practitioner explained “not for a story as we
need to have the budget” P9.We askedwhy the “think/aloud”
walk-throughmethodof end-user testingwas preferred. Prac-
titioners desire to measure the emotional response of users,
rather than relying on quantitative data collection methods.
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(a) (b) (c)

Fig. 1 Survey results. a Informal methods of evaluation using inspection methods. b Reasons for not employing end-user testing methods of
evaluation. c End-user testing methods of evaluation

P1 explained that “it just captures the richness more than
your digital collection method.”

Missing from our analysis of research literature yet pop-
ular with practitioners was the use of social media as an
end-user evaluation tool. Particularly Twitter, where practi-
tioners believed any issues would be picked up by followers
and reported back. “Social media is a good feedback loop
in terms of telling you what is really wrong” P8. One
dilemma we observed was that the visualization project must
be publicly available and therefore officially published to be
accessible by socialmedia.When asked further if they amend
the project if it was criticized on social media “only if some-
thing is really wrong, then we will change it” P8.

A novel end-user evaluation method that was mentioned
was guerilla testing. This form of end-user testing means
randomly approaching members of the public that have no
context to the project. Here the practitioner described watch-
ing closely, while users interactedwith the project and asking
them “why did you stop there?” or “why did you click there?”
The reason for choosing this method of evaluation was to
gain a deeper perspective which was described as providing
a “really intense understanding of the user” P10.

5 Heuristic framework

From our survey we determined that inspection methods
of evaluation are often employed; however, usually they
are employed informally, without adhering to guidelines,
or criteria. Our heuristic framework is aimed at enabling
practitioners to identify gaps in narrative visualization devel-
opment in a structured manner. Rather than presenting a
minimal set of heuristics, we delve deeper into the actual
usage and best practice of each heuristic. We corroborate
or contradict research literature on narrative visualization
evaluation where appropriate. As a response to the feedback
from practitioners, we have categorized each heuristic into
three high-level categories. These categories are: composi-
tion, reader experience, and credibility and trust. See Table 3

for an outline our heuristic framework. In this table each
heuristic is allocated an upper-level category, title, descrip-
tion, referenced source material, and the amount of survey
responses it received.

“Composition” was a suggested category name by mul-
tiple practitioners. This category encompasses the visual
design aesthetic of narrative visualization. It also includes
information distribution and overall layout. “Reader expe-
rience” is a category that stems from recent research in
“user experience focused” evaluation [50]. Rather than user
experience, when developing narrative visualization, con-
siderations must be observed that apply specifically to the
narrative aspects of narrative visualization. “Credibility and
trust” is a separate category because it has a unique and vital
role in narrative visualization effectiveness. There is overlap
between our categories and usage of each heuristic. Themoti-
vation for the delineation of each item will become clearer
in the “Implementation of framework” section this paper.

In our survey, we asked respondents to nominate their
3 most important elements with 12 options including one
“other” option. The results of this question served as discus-
sionpoints in our interviewswith practitioners and influenced
our final heuristic framework. Our chosen terminology is pri-
marily for the benefit of practitioners. We found academic
terms such as “heuristics” are not widely understood by
practitioners, and therefore, we were required to modulate
our vocabulary to suit practitioners. When reporting survey
results n represents total number,m represents mean, and SD
represents standard deviation. The responses for this question
are thus described n=189, m=15, and SD=9.

5.1 Composition

Logical layout to not distract the reader
In our survey n=33 chose this as an important heuristic for

effective narrative visualization. This is significantly higher
than other heuristics. This heuristic refers to the arrange-
ment and organization of graphical and textual elements in
a design. An oft-mentioned key measure of effectiveness
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Table 3 The proposed practice-led, heuristic framework for narrative visualization evaluation

Category Heuristic and description Source literature Survey #

Composition Logical layout McKenna et al. [39] 33

The visual aesthetic, information distribu-
tion, and overall layout

A layout refers to the arrangement and orga-
nization of graphical and textual elements in a
design. A logical layout is one that reduces the
reader’s cognitive workload

Brehmer et al. [40]

Majooni et al. [18]

Information density Damman et al. [41] 11

When too much information is presented it is
termed “information dense.” Overly informa-
tion dense narrative visualization is difficult to
comprehend, particularly for less literate audi-
ences

Mindful use of color Bartram et al. [42] 12

Mindful use of color refers to the affective
response of color palettes

Textual integration Kong et al. [43] 8

Refers to the important influence text has on
the reader interpretation, specifically titles

Reader Experience Cohesiveness Hullman et al. [44] 18

How a reader interacts with and experi-
ences narrative visualization

Cohesiveness refers to the overall coherency of
the visualization by maintaining context from
one data point to the next. This has been shown
to facilitate understanding

Brehmer et al. [40]

Retain interest George-Palilnos et al. [45] 29

Originally from a study in the news industry
that placed importance on the session times
of readers. Alternatively, it refers to a deeper
level of interest or “enchantment” specifically
in regard to storytelling

Sturm [46]

McKenna et al. [39]

Interactivity Moritz et al. [47] 8

Interactive visualization can facilitate data
retention with users

Personally relatable content Peck et al. [48] 13

When the reader can personally relate to the
content provided it has been shown to be more
memorable and impactful

Figueiras [7]

Easily recognizable content Borkin et al. [49] 18

When imagery is recognizable, it has been
shown that memorability is improved

Credibility and Trust Data source identified Peck et al. [48] 18

Data quality and ability for the narrative
visualization to be believed

When a data source is identified, it increases
credibility and trust

Data accuracy and honesty Not originally derived from literature -

Refers to the ethical representation of data

Upper-level categories, heuristic and description, source literature and number of survey responses
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in visualization research, a logical layout can reduce the
cognitive workload of the user [18, 39, 40]. The primary
aim when regarding this heuristic was to minimize “visually
jarring” user experiences. For example, P10 asks while eval-
uating narrative visualization “is it visually jarring? Does it
fit nicely?” This finding was echoed in a paper by Brehmer
et al. which studied timelines in visualization [40]. Smooth
timeline transitions that did not distract the user by being
“visually jarring” were shown to increase effectiveness.

Furthermore, narrative visualization can induce a state of
flow in the reader [39]. The layout of a narrative visualization
is enhanced through implementing a series of “flow factors
[39].” Some of these “flow factors” were echoed in our inter-
views, where practitioners aimed to arrange elements so that
reader attention was not lost due to functionality. Fundamen-
tally, “if the reader has to think about anything else other than
the story, you will lose him. If he has to think, why should
I press this button or not? Should I scroll or not? Should I
scroll horizontally or vertically? Thenwe are losing him” P9.
Information density to guide the reader into the complexity

This heuristic was derived from empirical evidence which
indicated overly information dense visualization was diffi-
cult to comprehend, particularly for less literate audiences
[41]. To overcome this challenge, practitioners explain that
information-dense or complex data should not be avoided;
rather, it must be introduced progressively. Practically, this
means supplying an “entry-point” to the data or as described
by P6 “on-boarding the reader.” This process was described
by P1 as “slowly guiding the audience to more detailed infor-
mation.” P7 explains “we do the complex chart at the end of
the article because we want the reader to explore it and to
spend time on it.”

Practitioners explained through introducing and guiding
the user, complex information becomes accessible. P3 rea-
soned that by using a single axis as an entry-point to the
data the user is “really gently brought into the whole thing.”
Another example of gradually increasing the complexity of
information is by textually explaining the context before
introducing an information-dense visualization.
Mindful use of color regarding cultural and emotional con-
notations

Mindful use of color refers not only aesthetically to visu-
alization, but also color indicators to aid user comprehension.
When used deliberately color association can be a powerful
tool. It has been shown that colors have an affective response
depending on the chosen palette [42]. This corresponds to
psychology and color theory which can we relate certain
affective impressions from a color palette.

Color is describedbypractitioners as being the “most pow-
erful design tool we have. It’s also probably the hardest to do
well” P2. The reasoning behind this is the cultural and emo-
tional connotations that colors have within a broader societal
context. “It’s very contextual and when I say contextual I

don’t mean in the sense of what kind of article you’re writing
but in the sense of what culture you belong to” P4. “Color is
themost challenging thing in any visualization. If you choose
the wrong color, you can skew the story or themeaning of the
story, or even worse, you manipulate the readers’ emotion”
P9. For example, one practitioner mentioned that the default
color palette from a development tool named Flourish [51],
caused problems. This was because the subject matter was
taboo and the default color palette could “re-enforce color
associations” P10.
Textual integration for usability and intrigue

Evidence suggests that text can be equally as influen-
tial to reader outcomes as graphical representations [43]. A
descriptive title is a vital component to an effective narrative
visualization [43]. P1 described the thought process when
devising a suitable title, “wheneverwe design a visualization,
we’re trying to make the heading descriptive and conversa-
tional. We try to make it concise as opposed to having a title
that’s full of technical jargon. Then we make sure people can
read the title and can walk away knowing what the visualiza-
tion is about without even looking at the visualization.” The
title functions as a quick access to the data visualized, where
it can “give them a brief overview of what they’re seeing
without delving into the real detail of it” P5.

Beyond the title, the text integrated into a narrative visu-
alization, provides a rhetorical frame of reference for the
reader. In a study on narrative visualization and rhetorical
framing, the authors asked if the practitioner intentionally
incorporated “the power of rhetorical techniques” [52]. Our
interviews suggest that rhetorical techniques are employed
deliberately. P9 mentioned they should “allow the visualiza-
tion function as a written story” or as explained by P5, the
text must “create a sense of intrigue.” These comments high-
light the role of the narrative visualization practitioner as a
storyteller.

5.2 Reader experience

Cohesiveness to maintain context and focus
Cohesiveness refers to the overall coherency of the narra-

tive visualization bymaintaining context from one data point
to the next. The structuring of the data into a coherent story
sequence has been shown to improve the effectiveness [44].
The goal of maintaining coherency was affirmed by practi-
tioners as one of great importance. P8 exemplified this goal,
explaining’ ’every data point, every piece of information put
in there should be related to the issue or problem you’re talk-
ing about.” Another practitioner explained the challenge of
maintaining cohesiveness, “I find sometimes it can be hard
to maintain a clear thread throughout the different sections
of a long visualization” P6.

A common topic when discussing cohesiveness, was
that an ineffective narrative visualization lacked focus. One
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example was when a practitioner recounted their first nar-
rative visualization development experience. The scope of
the piece of work continued to grow and therefore became
unmanageable. “I wanted to visualize all the data so I just
dropped 1000 visualizations to the readers without explain-
ing why” P9.

As was outlined by a study on the sequence in narra-
tive visualization, they often consist of a series of screens
or episodes, rather than one stand-alone visualization [44].
The practitioner has the task of splitting the information into
conceptually separate episodes ordered in a sequence. This
process is academically referred to as “chunking” [53]. Ini-
tially “data chunking” was a separate heuristic; however, due
to practitioner feedback, it was deemed unnecessary. It seems
“chunking” is not widely understood outside of academia.
For example, “I don’t knowwhat data chunking means” P11.
Retain interest but first, gain their interest

In our survey this heuristic gained a significant amount
of responses (n=29). When we asked practitioners about this
heuristic, they highlighted that it was important to first gain
the attention of the reader before retaining it. As illustrated
by P5 “you need to openwith something that is intriguing and
that makes people want to read” or as described by P11 the
reader scans the article, and that’s where you want to catch
them.”

Another practitioner mentioned how reading a narrative
visualization requires intellectual investment. P3 explained
“when people put in the effort they need to know they will
get something out of it.” The concept that the reader must
“know they will get something out of it” was outlined in
an example. P3 showed a narrative visualization that opened
with an empty graph. P3 then explained that, particularly
from a “news perspective” it is important to clearly indicate
to readerswhy they should continue or they “can always jump
away.” Presenting readers with an empty graph is therefore
not recommended.

We found that a substantial amount of practitioners that
work in journalism selected this heuristic in the survey (n=9).
The reasoning for this is that in news media, often the value
of a narrative visualization is judged on the session times or
the “page views” that the visualization attracts [45].

On a more profound level, however, retain reader inter-
est could be compared to a study on verbal storytelling.
This study found listening to a story can induce a state of
“enchantment” which consequently, increased story memo-
rability [46]. This is similar to narrative visualization where
readers can be induced into a state of “flow” [39]. In the
aforementioned study, thiswas achieved through content pro-
gressively revealing itself as the reader scrolls vertically.
In practice, this form of narrative visualization is termed
“scrolly telling.” A combination of the words scrolling and
telling, “scrolly telling” is commonly featured on newsmedia
websites [54].

The use of “scrolly telling” is a double-edged sword.
While it can induce undivided attention in the reader, it can be
overused. Practitioners pointed out that the reader lose inter-
est when having to scroll too much. “You don’t want them to
stop halfway through visualization, because they don’t care
anymore” P18. “Scrolly telling” was described as an “overly
structured experience” where it “constrains the user experi-
ence and forces them through a long sort of linear process”
P11.
Interactivity only when the reader desires to drill down

It has been shown that interactive visualizations can facil-
itate data retention in readers [47]. Therefore, if a reader
desires to learn more, the option should be available, how-
ever without detracting from the remainder of the narrative
visualization. For an expert audience, interactivity was advo-
cated. “You addmore interactivity for people who are experts
to drill down so they can understand how it works” P4.

A further benefit of interactivity is that it can promote
learning by fostering a sense of enjoyment and curiosity [47].
“Some people want to click around and the people who want
to click around aren’t going to perceive that as work” P2.
“Interactivity keeps the excitement or the curiosity going and
can promote it longer” P1.

Conversely, interactivity was described by practitioners
as not necessary for the effectiveness of narrative visualiza-
tion. Multiple practitioners described interactivity as “bells
and whistles” (P5 and P12). For example “I think a lot of
times people throw on all the bells and whistles and making
things move is entertaining. But, if it doesn’t tell the story
and get the point across, it can be distracting” P5. This was
especially so for those working in journalism that note the
visualization has to be “skimmable.” This means that the
reader can scan quickly over the content without feeling they
have missed information. Because you can simply have any
static news article without any interactivity, and it still can
be very informative and interesting” P4.
Personally relatable content to reach the reader

Empirical studies suggest that personally, relatable con-
tent is the primary driver for gaining and retaining reader
attention [7, 48]. As explained by P1 “if the designer couldn’t
make it relatable, the piece doesn’t have a chance to reach
the intended audience.” Further illustrated by P12 “because
if you’re not living in those spreadsheets and understanding
what all that data means, it takes a long time to figure it out.”
The dilemma for the narrative visualization practitioner is to
engage the reader by appealing to their frames of understand-
ing and reference.

An example given by one practitioner was when they
needed to compare international air quality data. Air qual-
ity data are usually related in parts-per-million (PPM). This
metric is used to describe particle saturation and is not easily
understood outside of the scientific community. The practi-
tioner explained their ideation and design process, “I found
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this research that said if you are exposed to a certain amount
PPM, that means you are smoking this many cigarettes per
day. I can therefore show you that your air quality is equal to
smoking about 10 cigarettes per day for one year” P4.
Easily recognizable content for universality

Visualization effectiveness is increased when it features
imagery that relates to every-day objects [49]. The reader
not only prefers content that they can recognize; they also
remember it more easily [49]. Some examples of recog-
nizable content are photographs and cartoons. “It’s very
important to use real world conventions” P12. By presenting
the information in visual metaphors the reader can mentally
map concepts and analogies [55]. These can bridge cul-
tural divides and can aid in universal comprehension. Easily
recognizable content “means that people can recognize the
symbols easily so it will be a universal story, no matter if the
reader is in Greece or in Australia” P9.

5.3 Credibility and trust

Data source identified it’s non-negotiable
It has been shown that identifying the source of visualized

data leads to greater trust in a narrative visualization [56].
Practitioners generally agreed that every single piece of work
required a reference to its original data source. “It’s non-
negotiable” P2. Furthermore, “I wouldn’t even necessarily
say that that’s good narrative visualization, that’s just good
journalism” P5.

In addition to identifying data source, the methodology
of how the data was manipulated and visualized should be
included. The reasoning for including the methodology was
that it may not be inherently clear how the narrative was con-
structed by simply linking to the data source. As summed
up by one practitioner “if you don’t believe me here is the
data, you go analyze it” P11. Peck et al conducted an empir-
ical study where part of the study included revealing the
data source of a visualization. They found identifying the
data source of a visualization increased credibility with some
audiences [48].
Data accuracy and honesty to avoid misinformation

Due to their reoccurrence as a theme in our survey and
interviews, data accuracy and honesty became necessary to
include as a heuristic. Data accuracy was considered a best
practice by practitioners. “People need to trust what they’re
looking at” P8. Cairo pointed out often compelling narrative
visualization may look precise but is not necessarily accurate
[57]. The challenge is then for the practitioner to represent the
data without manipulating to the extent it appears no longer
accurate. As explained by P12 “try to show what the data is
showing.”

Conversely, data honesty means representing the data so
that it can be interpreted correctly, therefore data accuracy
is not the aim, and indeed it can detract from effectiveness

[43]. Acting ethically means not only acting honestly and
virtuously but also considering and minimizing the potential
errors of interpretation. One apt example was given by P10
who described an often misunderstood Covid-19 case chart.
“It’s actually quite misleading because it was a log scale.
It had all of the countries in a single screen when actually
between countries the disparity in the numbers is tremendous.
You’re in USA is talking about hundreds of thousands every
day and then Singapore you have two or three a day. There’s
nowayyou could scale that proportion. So theyuse a log scale
to visualize everything together. It is a necessary distortion,
but still, a distortion and some people looking at that, feel
that it is misleading” P10.

5.4 Superfluous heuristic elements

Some elements that were on our original list do not appear in
our heuristic framework. These elements are; “data chunk-
ing” and “findability of the visualization on the internet.”
The rationale behind removing “data chunking” is explained
in Sect. 5.2. “Findability of the visualization on the internet”
was the least popular heuristic in our survey of practition-
ers and received a significantly small amount of responses
(n=4). This heuristic element originated from an empirical
study that found that narrative visualizationswere often over-
looked due to poor internet findability [58].

We asked practitioners why they thought that this heuris-
tic was not popular. P4, P8, P5, P11, and P2 all indicated
that the cause was due to audience considerations. An effec-
tive narrative visualization does not necessarily have a large
audience. For example “if you’re talking about a visualiza-
tion that’s being developed specifically for some really small
niche group, then it doesn’t matter” P5. Another reason was
that search engine optimization is considered not part of
the development process for narrative visualization. As sug-
gested by P9 “this is more a marketing part so maybe I would
take that out.”

6 Case study: a day in the life of women and
men

In this section we present a case study that illustrates how
our heuristic framework is reflected in an effective narra-
tive visualization. We focus on an example that was deemed
effective by two interviewees, P1 and P11. “ADay in the Life
of Women and Men” authored by Nathan Yau, is based on
data from the “American Time Use Survey” [59]. It simu-
lates a working day for men and women. Each dot represents
a person where cyan represents women and orange repre-
sents men. They move according to their location at various
times of the day. The clock-face ticks over automatically and
the reader can choose to pause, increase, or slow down the
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movement of dots. This particular narrative visualizationwas
mentioned in two interviews as effective narrative visualiza-
tion. As described by P1, the “choice of using movement to
represent real world activities is perfect.” Considering the
exemplary nature of this narrative visualization we deem it
suitable as a case study. Categorically, we relate each heuris-
tic to the narrative visualization to demonstrate how our
heuristic framework could be applied. See Figure 3 for a
screenshot.

Firstly,whenconsidering, “Logical layout”wecanobserve
that the information is presented without any “visually jar-
ring” elements. In regard to “Information density,” we can
see that the author has not presented all the information
immediately, rather through the passing of time, specifically
minutes, the information is categorically revealed. Interest-
ingly, “Mindful use of color” is shown through the fact that
the author has used neutral colors for each gender. Stereo-
typical colors such as pink for women and blue for men are
avoided. “Textual content” is apparent in the title, which is
both clear and impactful. Further evidence of careful textual
content integration, is the short conversational paragraph that
follows the visualization. Here the author outlines what they
found surprising from the data. This paragraph serves as a
conversation with the reader, asking them if they found this
surprising too.

“Cohesiveness” is illustrated by the fact that if we go to the
original data source there are more than 100 different activi-
ties listed in the “AmericanTimeUseSurvey.” The author has
simplified this list to 9 over-arching activities. This decision
is an example of how the author has maintained a focused,
cohesive message. The “Retain interest” heuristic can be ini-
tially observed in the attention grabbing title. Then as the
visualization unfolds, attention is retained through the use
of movement illustrating the difference between genders and
their correlating time-use. We must also note that scrolling
is kept to a minimum and not required to read the narra-
tive visualization. “Interactivity” is used as suggested by our
interviewees. Instead of being necessary for the comprehen-
sion of the narrative visualization, it provides a way for the
reader to explore the data. By pausing the data the reader can
stop and examine it, at their own pace. By making the dots
move faster or slower, it gives the reader the opportunity to
optimize their experience. “Personally relatable content” is
observed by the fact that everyone has a frame of reference
when it comes to how they spend their day. The reader asks
“how do I spend my time?” We all must sleep, we all must
eat and drink etc. “Easily recognizable content” is observ-
able, specifically in the correlation between the clock-face
and the movement of dots. As described by P1, a clock-face
is a universally understood motif, “everyone including chil-
dren know how to read time.” Finally, both heuristics in the
category of “Credibility and trust” are addressed. The author

Fig. 2 Screen shot of a narrative visualization titled “A Day in the Life
of Women and Men” by Nathan Yau [59]

has not only given the source of the data and the method to
process it, but also tutorials and tools used.

As was

7 Implementation of framework

To achieve our goal of aiding practitioners to evaluate their
narrative visualization,we outline how it can be implemented
in a professional setting. In our survey of practitioners, we
found that 90% of practitioners had a colleague or exter-
nal expert review their work. Informal group discussion was
significantly the most employed inspection method of eval-
uation. Group discussion and the resulting group decisions
are usually superior to individual decisions. This is due to
the assembly effect, where the decision is qualitatively and
quantitatively superior to individual judgement [60]. The pri-
mary pitfall of group discussion is that it draws solely on
the experiences of the particular development team. When
we proposed a hypothetical set of guidelines, or heuristics
to practitioners they were universally accepted. Practitioners
of narrative visualization recognized the value in knowledge
sharing and listed some of the benefits of a community of
practice. For example, it could “accelerate a lot of decisions”
P10 or they could “make thewhole process repeatable, repro-
ducible” P1. Santos et al. extend this point, where heuristics
can facilitate the replication of skills and a “common ground
for the comparison among works [20].”

The question is then how would this framework be sys-
tematically implemented when an informal approach was
preferred.Wepropose that our heuristics are not implemented
as a phased evaluation method as described by Nielsen [8].
Rather, our heuristic framework should be implemented as
described by Carpendale, as a foundational checklist. The
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practitioner can keep the heuristics in mind during the devel-
opment process at various phases of the project [11].

Our upper-level categories aim to make the heuristic
framework easier to keep in mind. We found that most prac-
titioners were pressed for time and upper-level categories act
as over-arching themes that require consideration in project
development. With our framework in mind, it can be applied,
for example, in the initial conception phase. Our framework
can guide practitioners as an internal checklist. Indeed, prac-
titioners mentioned they used their own internal checklist.
The process of which is outlined as, “I go through to make
sure that I address different aspects” P3. Furthermore, rather
than a free-flowing group discussion, a structured discussion
that iterates through each heuristic could streamline the pro-
cess.

8 Discussion and future work

Our investigation of the evaluationmethods of narrative visu-
alization practitioners found that rarely systematic methods
are used in evaluation. The reason for a lack of a sys-
tematic process was that practitioners preferred to rely on
their team and their past experience to inform their eval-
uation. We believe this finding suggests practitioners have
an understanding of evaluation that is particular to their
circumstances. Where rather than summative or formative,
evaluation is explorative [61]. Explorative evaluation helps
the evaluator grasp new concepts and ideas, which are useful.
This is different from formative evaluation which focuses on
improving the design of a particular visualization, or sum-
mative evaluation, which seeks a “seal of approval” once
completed [61]. Our study evidences that practitioners desire
to learn and share their knowledgewhere the establishment of
a community of practice would be an appropriate mechanism
in this context. We suggest that future academic research in
the area of narrative visualization evaluation leverages this
finding. Rather than prescribing processes, or even tools,
future academic research should include practitioners in
their research methodologies. This approach would have the
additional benefit of strengthening ties between both com-
munities.

In this work we have presented a practice-led heuristic
framework, informed by practitioners and principally for the
use of practitioners. This is different from similar evaluation
criteria, where practitioners were not the primary influence
in their formation [24]. A key benefit of our approach is that it
theoretically should be apposite to the purpose of informing
practitioners, as it directly reflects the advice of practition-
ers themselves. The heuristic framework was influenced and
amended according to the input of practitioners through an

iterative development process. As evidenced by the fact that
two original heuristic elements proved to be superfluous
according to our survey and interviews. These elements,
therefore, did not appear in our final heuristic framework.
Similarly, we added a heuristic because it was a common
theme that appeared in both our survey and interviews. Our
finalized heuristic framework is therefore directly represen-
tative of practitioner feedback.

In our study we found approximately half of practition-
ers employ end-users in their evaluation. This is at odds
with the recommendation that end-users should be included
in the visualization development cycle [15]. The reason
that twenty-one practitioners gave for not employing end-
users was that there was no time. We believe a streamlined,
structured approach might make end-user testing less time-
consuming. One noteworthy observation, however, was a
move toward greater end-user evaluation. Multiple practi-
tioners had employed end-user testing, albeit in larger, more
complex projects. These practitioners had initially indicated
they did not employ end-user testing in our survey, however,
had since changed their methods when asked in an interview.
The trend toward greater employment of end-user testing
is encouraging. Our ambition is that through this research,
future evaluation methods, such as end-user evaluation, can
benefit from a better informed approach.

A practice-led approach generates new perspectives and
can lead to interesting avenues of research. Based on this
work, some examples of interesting avenues of research are
as follows. Firstly, the novel evaluation method of guerilla
testing could be an interesting avenue of research. Traditional
end-user testing is at odds with this direct and spontaneous
approach; therefore, it might prove to be a genuine solution to
the lack of realism often observed in laboratory end-user test-
ing. Another interesting area could be the use of social media
feedback as an evaluation tool, specifically Twitter. Under-
standing the role of social media and similar approaches can
help us better understand the purpose and role of evaluation
in a practical setting. Ultimately this will lead to the develop-
ment of methods that are more applicable in these settings.

The case study we presented highlighted how our heuris-
tic framework is apparent in effective narrative visualization.
More research is required into if our heuristic framework,
implemented according to our recommendations, does in
fact result in effective narrative visualization. Our future
research will validate our heuristic framework through a val-
idation experiment. Our aim will be to find out whether our
framework is useful and usable to practitioners of narrative
visualization. We acknowledge that many heuristics are not
validated and it is an important step in heuristic establishment
[62].
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9 Limitations

As with most surveys, to control for sampling bias can
be challenging. We targeted practitioners who personally
introduced themselves as being experienced in developing
narrative visualization. As was the case, their introductions
were brief and can lead to misinterpretation. When directly
contacting a practitioner, if they believe that they were not
suitable, then they would either not reply or reply in the neg-
ative. This process sifted out most unsuitable practitioners.

The practitioners were primarily from one online commu-
nity forum. The community forum “The Data Visualization
Society”[9] does not include the entire narrative visualization
practitioner community. “TheDataVisualization Society”[9]
does however have substantial user base and is as close as pos-
sible to being representative of the practitioner community.
It has a large portion of academic or students of visualiza-
tion.We appealed to participants that did not have an obvious
academic background. There is however overlap between the
two communities.

A substantial portion of practitioners we interviewed,
identified as working in the journalism domain. This has
skewed our results to favor the perspective of those working
in that particular domain. Further investigation is needed into
whether a different practitioner domain ratio would impact
the final heuristic framework.

It has been recognized that visualization practitioners are
rarely familiar with the term heuristics [63]. Our survey and
interview used the term “pre-defined criteria” or “guidelines”
as these terms are a more appropriate terminology for our
study participants. We aim to introduce the term heuristic to
the vernacular of practitioners as its precise meaning of a
cognitive short-cut best describes our evaluation framework
[64].

10 Conclusion

Our study of narrative visualization evaluation practice found
usually practitioners employ an ad hoc evaluation approach.
Their preferred method of evaluation was an informal group
discussion. Practitioners relied on the accumulative knowl-
edge and experience of their team to evaluate narrative
visualization. At times, novel approaches to evaluation were
adopted such as the use of social media or guerilla user-
testing. To aid practitioners to streamline their evaluation,
and encourage a “common ground for the comparison among
works [20],” we propose a preliminary, practice-led heuris-
tic framework so that inspection evaluation methods can be
streamlined. Through coupling real-world practiceswith aca-
demic research,we introduce the foundation for a community
of practice for narrative visualization.
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