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Thesis Abstract 

Narrative visualisation is a form of visualisation that integrates storytelling with data 

visualisation. To be effective narrative visualisation must not miscommunicate 

information to its intended audience. Hence narrative visualisation should be 

systematically and rigorously evaluated to ensure that it is effective. An effective 

narrative visualisation is dually comprehensive and engaging for the reader. To ensure 

effectiveness, narrative visualisation evaluation methods must therefore look beyond 

conventional quantitative visualisation evaluation measures such as task completion 

time and error rate. This research is in two parts; inspection methods of evaluation and 

end-user testing methods of evaluation. These are two promising areas for narrative 

visualisation evaluation research.  

The first part of this thesis investigates inspection methods of evaluation. Inspection 

methods of evaluation are a group of evaluation methods where a small number of 

experts inspect a user interface to discover gaps in its design. When evaluators employ 

a set of guidelines or heuristics as an aid, this is termed ‘heuristic evaluation.’ This 

research motivates the necessity for a set of heuristics to employ when inspecting 

narrative visualisation for evaluation. Then presents a heuristic framework for the 

evaluation of narrative visualisation. The second part of this thesis focuses on end-user 

testing in narrative visualisation. It comprises of two empirical experiments. The results 

of the end-user testing study contribute to a better grasp of how technologies such as 

narrative visualisations, using different strategies, can be better designed. 

Keywords: narrative visualisation, data story-telling, data visualisation, evaluation, 

heuristic evaluation, empirical studies, end-user evaluation 
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Chapter One—Introduction 

The narrative visualisation follows a long tradition of graphical representations that relay 

abstract information. The pioneer of graphical representation was William Playfair (1759 

- 1823) who sought to replace conventional tables with the systematic visual 

representations with his “linear arithmetic.” He developed the first graphical 

representations of information such as scatterplots, time-series and multivariate displays 

[187]. Two centuries after Playfair came political scientist and statistician, Edward Tufte. 

He is described by the New York Times as the ‘Da Vinci of Data.’ He outlined the 

fundamental structures that information can be graphically represented. His seminal text 

‘The Visual Display of Quantitative Information’[187].  is the starting point for an analysis 

of modern narrative visualisation. He rallied against unnecessary embellishments in 

graphics which he termed ‘chartjunk’. This resulted in leading media outlets using a level 

of restraint in their narrative visualisation designs [150].  

In contrast to the minimalist graphics that were a product of Tufte’s anti-embellishment 

sentiment, graphic designers, most notably, Nigel Holmes designed feature-rich 

graphics. His designs appeared in magazines such as TIME, New Scientist and Fortune. 

He states that a graphic “must engage the reader’s interest [88].” He then demonstrated 

how embellished data through graphical imagery can engage a reader. Even though a 

general distrust of ‘beautiful’ graphics continued to be an issue for readers [150], their 

superiority in some circumstances is irrefutable. An example of this is a study by 

Bateman et al. where it was shown the addition of visual embellishment, specifically the 

work of Nigel Holmes compared to a plain chart allows users to recall data significantly 

better over time [25]. 
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The interactive narrative visualisation is the subsequent step in the evolution of the 

narrative visualisation. Usually appearing online, they offer the user the opportunity to 

navigate a path through the dataset according to their interest and pace. “Therefore, 

each user acts like a director who composes his own story [116]” Their development has 

become richer with the introduction of enhanced client-side coding technologies such as 

JavaScript libraries or the vector animations of CSS3. These technologies have allowed 

for new opportunities for building interactive narrative visualisation. As practitioners 

embrace these technologies the propensity of interactive narrative visualisation will likely 

only increase. 

One of the most pronounced hurdles in the development of interactive narrative 

visualisation is that they are laborious and time-consuming to build. An author of 

narrative visualisation described the development of interactive narrative visualisation 

as “melding the skills of computer science, statistics, artistic design and storytelling 

[169].” It is therefore that narrative visualisation is reserved for important information. 

Examples include explaining the extinction crisis to America’s debt ceiling [95, 100]. It is 

necessary that narrative visualisation is evaluated so that the critical information it 

contains is not misconstrued or deemed unengaging. Rigorous evaluation is key to 

ensuring effective narrative visualisation. The next section outlined further the necessity 

of rigorous narrative visualisation evaluation.  

Motivation for the Research 

In the public sphere combining data visualisation and storytelling is gaining momentum 

[169]. As narrative visualisation gains popularity it is crucial that it communicates 

effectively. To ensure effectiveness, the narrative visualisation development process 

necessitates a rigorous and systematic evaluation approach. Through evaluation the 

assurance of narrative visualisation effectiveness can be established [47]. 
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Recently, there has been a growing emphasis on visualisation evaluation [65, 136]. 

When referring specifically to narrative visualisation, there is currently an ad-hoc 

approach to evaluation. For example, Nowak et al. proposed a qualitative, micro-

phenomenological method when evaluating narrative visualisation, where, through a 

series of elicitation interviews the effectiveness of a narrative visualisation is established 

[137]. Conversely, Boy et al. approach narrative visualisation evaluation through 

quantitative data collection methods [33]. By relying on behavioural proxies, such as 

session times compared to reading times or click-through source, Boy et al evaluated 

the effectiveness of narrative visualisation quantitatively. Both the aforementioned 

methods are not suitable for narrative visualisation evaluation. While a micro-

phenomenological evaluation method is detailed, it is not realistic to apply in an everyday 

professional setting [137]. Furthermore, although quantitative data collection methods 

can be considered valuable. The most appropriate approach for evaluation is advised as 

being best described as holistic [162]. 

A holistic approach to narrative visualisation evaluation is required since narrative 

visualisation is described as a complex and rich user experience and therefore cannot 

be adequately evaluated through web analytics alone. This does not discredit a 

quantitative approach, as it can outline initial indications and aid in the overall evaluation 

of narrative visualisation in a mass media context [33]. An effective narrative 

visualisation must be judged on both its ability to communicate to the individual but also 

as a communication device that is consumed by a mass audience. Therefore, it can be 

argued that web analytics metrics are needed for narrative visualisation evaluation, 

equally as much as qualitative evaluation methods. This research aims to develop a 

holistic evaluation approach for narrative visualisation. Currently, a comprehensive and 

coherent evaluation framework does not exist for narrative visualisation. The lack of such 

a foundational framework in this genre of visualisation has resulted in a lack of 

consensus in narrative visualisation development. Through creating an evaluation 
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framework that is designed specifically for narrative visualisation a robust and rigorous 

evaluation can be performed.  

Objectives 

This thesis is an effort to address the gap in literature surrounding narrative visualisation 

evaluation. The thesis is split into two parts. The two parts reflect each contribution. The 

overall aim is gain insight into how to holistically evaluate narrative visualisation and to 

better inform practitioners in their design practice.  

The first aim of my research is to develop a framework for evaluating the effectiveness 

of narrative visualisation using inspection methods. This evaluation framework will be 

namely a heuristic framework. This will be validated where the objective is to refine and 

identify any weaknesses in the set of heuristics.  

The second aim is end-user test narrative visualisation to examine effectiveness in 

different contexts. The second aim is a break from the first. Rather than focusing on the 

evaluation methods it focuses on narrative visualisation effectiveness in different 

contexts using different communication strategies.  

The following table outlines the research objectives as they relate to research questions. 

Each research objective will be detailed further in this section. 

 

No Research 

objectives 

Research 

questions 

I Explore the 

criteria that 

constitute an 

effective 

RQ1: What are the 

criteria for an 

effective narrative 

visualisation? 
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narrative 

visualisation  

II Develop and 

refine 

systematic 

heuristic 

evaluation 

framework  to 

evaluate 

narrative 

visualisation 

RQ2: How can 

narrative 

visualisation be 

evaluated for its 

effectiveness using 

systematic heuristic 

evaluation 

framework? 

III Develop and 

refine end-user 

methods to 

evaluate 

narrative 

visualisation 

RQ3: How can 

narrative 

visualisation be 

evaluated using 

end-users? 

Table 1: Alignment of research objective and research questions 

Research objective I: Explore the criteria that constitute an effective narrative 

visualisation  

This study will investigate what is an effective narrative visualisation. This includes 

identifying and categorising the criteria that determine an effective narrative visualisation 

correlating it to its purpose. It is required that the criteria of effective narrative 

visualisation have been outlined before evaluation can be considered. 

Research objective II: Develop and refine systematic heuristic evaluation framework to 

evaluate narrative visualisation 

The development of a set of heuristics will be driven from the result of a literature review 

and practitioner feedback. The heuristics will focus on being universal and minimalistic. 
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It is then validated in two settings with experienced practitioners of narrative 

visualisation. 

Research objective III: Develop and refine end-user methods to evaluate narrative 

visualisation 

The investigation of end-user methods of evaluation is driven by empirical research. The 

primary aim of this objective is to better understand narrative visualisation audiences 

and explore various methods to evaluate their experience of narrative visualisation. 

Through rigorous end-user evaluation ultimately authors of narrative visualisation can 

be better informed when making design choices for their audience. 

These three research objectives form the basis of the research I plan to perform. The 

significance of this work is that it provides foundational research in the area of narrative 

visualisation. As it is an emerging research area the opportunity exists to modulate the 

field and pioneer a fundamental theoretical framework that will encourage future 

research and development. 

The following section will describe the research approach and proposed development of 

the evaluation framework.  

Methods 

This thesis has a mixed-method approach. The methods used for each study are 

discussed more deeply in each chapter in their own section to provide context around 

their use. In brief, Chapter Two’s research design encompasses a systematic literature 

review and snowball sampling techniques to examine empirical experiments in narrative 

visualisation. This leads to the identification and inclusion of 17 relevant documents 

which are the basis of a set of elements to inform later research.  Furthermore, Chapter 

Two is a lengthy and diverse chapter, where outside of a literature review it presents the 

results of a survey of practitioners and a set of interviews. The survey was informed by 
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the literature review and gave oversight of the current state of evaluation. The interviews 

provided in-depth understanding to the reasoning and cognitive processes that were 

apparent in the survey. The survey questions were analysed statically where 

appropriate. To analyse interviews we used a latent form of thematic analysis [35]. Here 

we analysed the data through underpinning concepts and assumptions which have been 

appropriated for narrative visualisation practitioners. For example, the theme of 

‘responsive’ is a term that is understood by practitioners and means that a visualisation 

is developed to include unconventional browsing devices. 

Chapter Three contains two separate experiments to validate the set of heuristics in 

different settings. The first experiment uses a survey instrument designed so that a 

practitioner can heuristically evaluate narrative visualisation. This instrument allows for 

externally hosted narrative visualisation to be pulled into the tool for evaluation. The data 

produced from this experiment was analysed for inter-rater reliability. This method was 

chosen as it illustrated the reliability of the heuristic evaluation framework to create 

repeatable evaluation metrics. The second experiment used an interview method. 

Differing from the first experiment the second experiment was in an informal group 

setting and allowed for qualitative feedback.  

Chapter Four is a break from earlier chapters. This focuses on an empirical experiment 

to evaluate communication strategies in narrative visualisation from the user 

perspective. End-user testing requires stricter parameters to make concrete findings. We 

therefore used a model for measuring attitude to inform our research method. Namely 

the ABC model, this attitude measurement model is common in marketing analytics [59]. 

We quantitatively analysed end-user attitude before and after viewing a narrative 

visualisation stimulus. This method was appropriate for our aims and, to our knowledge 

the first time it was employed to evaluate narrative visualisation.  
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Chapter Five is similar to Chapter Four by focusing on end-user evaluation. In this 

chapter we are measuring engagement rather than attitude in end-users. To measure 

engagement we employ a visualisation engagement self-reporting questionnaire named 

VisEngage [92]. The aim of this experiment is to compare engagement across age 

cohorts. It is thus that VisEngage was appropriate for our aims as it customised to the 

visualisation domain. To analyse the data from this experiment we combined and 

compared engagement scores. The outcome of the experiment was determined by the 

difference, or lack of, difference between scores.   

Key Findings 

Chapter Two revealed multiple findings in regard to narrative visualisation evaluation 

practice. More detail and impact of findings are explained within the chapter. As an 

overview, we found basic statistics about evaluation, or there lack of within narrative 

visualisation practice. For example, we found that approximately half of practitioners 

include end-users in their evaluation. Another finding that motivated our later 

establishment of a heuristic framework was that 68% of practitioners did not use a set of 

guidelines or heuristics to evaluate narrative visualisation. We found some examples of 

novel evaluation methods that could warrant future research. One such example was 

the use of guerilla user testing. Once again, more detail can be found within the chapter.  

Chapter Three presents findings on whether the heuristic framework established in 

Chapter Two is fit for purpose. The key finding is that our heuristic framework shows 

promise as a useful evaluation tool. It was found that practitioners found the set of 

heuristics insightful but would most likely be used in conjunction with other guidelines or 

heuristics. Two key themes emerged about where the heuristics would need to be 

complemented with other heuristic sets. These themes were, data analysis and usability. 

While the heuristic set is useful, it is too narrow in its focus on storytelling and therefore 

should be used in conjunction with other heuristic sets. 
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Chapter Four examined different communication strategies integrated into narrative 

visualisation and their effects on audience attitude. Multiple findings are reported in this 

chapter. Firstly, that the approach of using the ABC model to measure attitude change 

in narrative visualisation readers is a discovery that could potentially be used in other 

contexts. Secondly it was found that the interactively integrating the reader into a 

narrative visualisation narrative results in significant attitude change difference. It is 

widely regarded that those with strongly held beliefs cannot change their attitude by 

viewing narrative visualisation. To change the attitude of readers was not the aim the 

chapter. Instead we found that it was possible to remind the reader, or as we term it 

‘nudge’ the reader. A ‘nudge’ is a term adopted from Thaler and Sunstein’s seminal book, 

where it is described as ‘a friendly push toward desired behaviour.’ The possibility to 

‘nudge’ an audience with narrative visualisation is a key finding of this thesis.   

Chapter Five contains multiple findings that were a direct result of an empirical 

experiment investigating the effects of age on narrative visualisation engagement. Our 

primary finding from this experiment was that there is a significant difference between 

age groups and engagement. While arguably not particularly interesting as the result 

was expected, it is still important because it re-enforces the necessity for considering 

audience in narrative visualisation design.  

Contributions of the Research 

This research contributed to the field of visualisation in multiple instances. The 

contribution is not limited to the immediate results of experiments, but we hoped it would 

encourage greater emphasis on evaluation in narrative visualisation. Through increased 

dialogue between practitioners and researchers, we believe, rigorously evaluated and  

Chapter Two represents two pivotal contributions. This chapter presents a heuristic 

framework for the evaluation of narrative visualisation. It is the first, to our knowledge, 
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that is available in extant literature. Our unique approach of forming the framework 

consisting of practice-led and thoroughly validated further highlights the importance of 

this contribution. While other guidelines for narrative visualisation do exist, none are 

informed by practitioners, who have valuable lived experience. Another important aspect 

of the heuristic framework is that it contains clear usage instructions that were informed 

by visualisation research and practice.  

Many domain specific heuristic sets are not validated. By validating the heuristic 

framework it marks it as more established than other examples. This is because through 

validation, weaknesses and gaps can be found within the heuristics. The validation study 

in Chapter Three found the limitations of the heuristic set and simultaneously refined 

them. This is a key contribution as it solidifies the heuristic framework as a usable tool 

for evaluation. 

In Chapter Four contributes a new way of regarding narrative visualisation. As a 

communication medium narrative visualisation is shown to be able to ‘nudge’ an 

audience. This is an important contribution as changing the attitude of an audience, albeit 

slightly, can be a serious mechanism in a democratic country. In this chapter we also 

establish a new approach to end-user testing narrative visualisation through using the 

ABC model. While this is a model that has been employed to evaluate other forms of 

visual media, this is the first time that it is used for the evaluation of narrative 

visualisation. 

Finally, Chapter Five contributes by better informing practitioners of narrative 

visualisation. It is verifies the claim that audience age impacts the level of engagement 

in narrative visualisation. This final chapter also contributes a new method to evaluate 

narrative visualisation for end-users. Namely using the VisEngage model, where this 
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model has been used for interactive data visualisation, but not before in the context of 

narrative visualisation [92].  

Structure of the Thesis 

The structure of the thesis is as follows. Chapter Two serves as an introduction to the 

topic of narrative visualisation evaluation and investigated current evaluation practices. 

It then proposes a framework for heuristic evaluation stemming from a survey and a 

series of interviews with practitioners.  

Chapter Three is dedicated to the validation of the heuristic framework proposed in 

Chapter Two. It does this by employing the proposed heuristic framework in two settings 

with professional practitioners of narrative visualisation. It is important to note that 

Chapter Three does not end the validation and establishment of the set of heuristics. 

Over time and usage they will grow and evolve. The work presented in Chapter Three is 

a step toward the establishment of a set of heuristics for narrative visualisation.  

Chapter Four and Chapter Five are both concerned with end-user testing. These are 

separate from earlier chapters, however are still continue on the topic of narrative 

visualisation evaluation. The requirements of end-user testing dictate a different 

approach. Concrete findings need exacting parameters in the context of larger end-user 

testing experiments. We outline the limitations and the threats within each chapter. To 

conclude this thesis we summarise our findings, present future research avenues and 

once again outline the limitations present through-out the research. 

Background 

Definition of Narrative Visualisation 

Narrative visualisation has two distinguishing features which differentiate this form of 

visualisation from other forms such as data visualisation or information visualisation. 
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Firstly, the purpose of the visualisation is a point of differentiation. Data visualisations 

are “are often conceived as tools that let people extract their own conclusions from the 

data [42].” An example of data visualisation is a Tableau dashboard. Information 

visualisation has a similar purpose and is described as an aid to make decisions, 

understand complex systems and find information that otherwise might remain hidden in 

data [123].  An example of a famous information visualisation is the London underground 

map. These forms of visualisation are tools that function primarily to visually represent 

datasets [131].  

Narrative visualisation conveys a pre-meditated message to the reader and is therefore 

fundamentally different in purpose to forms of visualisation. narrative visualisation 

communicates through a process of curation by the author, who presents data with the 

purpose of transferring their intended message [91]. narrative visualisation implies a 

certain level of authorship, which is argued by Weber to represent the presence of a 

narrator [194].   

Authorship is the second fundamental distinguishing feature of narrative visualisation. 

The role of a narrator does not need to be explicit and may be purely the fact that the 

data is embellished. In this context the term embellishment is any sort of decorative, 

illustrative addition to a representation which separates it from a computer generated, 

visualisation of pure data [31]. Studies suggest that embellished data improves reader 

comprehension and memorability [31]. It has however been long debated whether 

embellishment should be kept to a minimum. This concept was coined the ‘data/ink’ ratio 

by Tufte [187], who rallied against any extraneous embellishment that could distract from 

the data. The process of data embellishment is however vital to the development of 

narrative visualisation. It demonstrates that developing narrative visualisation is a series 

of aesthetic and rhetorical design decisions which influence reader interpretation and 

ultimately their comprehension. 
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Through analysis of narrative visualisation, it is possible to outline the components and 

functions defines this form of visualisation. The narrative components and structures that 

are characteristic to narrative visualisation have been described and categorised [169]. 

The sequence of story elements has been investigated, where effective narrative 

visualisation story sequences and scenarios are outlined [90]. One of the noted reader 

experience outcomes of narrative visualisation is that it can capture the attention and 

induce a state of flow in the reader. The factors that contribute to this state of flow have 

been defined [124]. Another function of narrative visualisation is the ability to frame 

concepts through a series of rhetorical choices that effect end-user interpretation. These 

rhetorical techniques have been investigated and effective communicative strategies for 

narrative visualisation development described [91]. Once the term narrative 

visualisation, its components and functions have been clearly defined it is possible to 

include subsets of visualisation terms inside this term. Narrative visualisation therefore 

encompasses other terms including; data story, data comic and information graphic.  

Systematic Literature Review 

I performed a systematic literature review with multiple aims. Firstly, to define what is an 

effective narrative visualisation. Secondly how is narrative visualisation evaluated and 

finally, what are known challenges in narrative visualisation evaluation.  The results of 

this review informed later research, where, for example the criteria to evaluate narrative 

visualisation informed the survey questions for narrative visualisation practitioners.  

A Systematic Literature Review (SLR) follows a rigorous procedure where a transparent, 

repeatable search strategy must be adhered to. It has three phases; planning, executing 

and reporting results.  

In the planning phase, initially research questions are devised. From the research 

questions search keywords are identified and a search string is concatenated. The 

executing phase is where the search string is executed on selected databases. Once 
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results are retrieved a set of inclusion and exclusion protocol are applied. Once the 

protocol has been applied, the remaining studies are appraised for quality using a quality 

checklist. Once the primary search is complete the secondary search strategy is applied. 

The secondary search strategy includes the ‘snowball effect’ where the references of 

selected papers are analysed. Then a search of prolific authors and further a search in 

relevant publications results in a final set of selected studies. This is a rigorous approach, 

where as many relevant studies are found as possible.  

The final phase, the reporting phase, is where selected studies are synthesized and 

analysed. In accordance with a data extraction form, each study was systematically 

reviewed and data collected according to the requirements of a data extraction form.  

For a full list of selected studies see Appendix A. In this document, when references are 

made to the selected studies of SLR, I use letter S followed by the number allocated to 

the relevant study, (e.g. S1). 

Definition and Measure of Effectiveness 

In this review, I have collected definitions of effectiveness of narrative visualisation in 

different contexts. Ultimately, it depends on the definition of effectiveness as determined 

by the objective of the study. Effectiveness has been defined by the standard ISO-9241-

11 in 1998, as the “accuracy and completeness with which users achieve specified goals 

[1].”  To define effectiveness in the studies included in this review I have outlined the 

specified user-goals in the study. These goals were determined by my interpretation of 

each study. These goals are; preference, memorability, usability, engagement, first 

impression, empathy, recognition, cognitive load, risk perception and insight.  

User goals can be classified as usability goals or user-experience goals [162]. The 

differentiation is that user-experience goals include an emotional response. These are 

argued by Saket et al.[162] to be crucial in the evaluation of effectiveness of a 
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visualisation. An effective narrative visualisation therefore corresponds directly to the 

user’s ability to complete a goal which could vary from their ability to recall data in a 

memorability task, to their ability to create insights from the visualisation. 

There is one measure of effectiveness that is pervasive is the accuracy of the 

representation of information as authored by the narrative visualisation practitioner, 

should correspond to the mental model simulated by the user. This means that 

successful explanatory visualisation must be reflected in the understanding that is 

gleaned by the user. This measure of effectiveness is described in Tversky’s ‘Cognitive 

Design Principles’, who terms this the ‘Principle of Congruence [16].’ 

 

This definition is central to my research and is fundamental to the proposed evaluation 

framework.  

Criteria of Effective Narrative Visualisation 

Once the definition of effectiveness had been established it was possible to devise a set 

of criteria that contribute to an effective narrative visualisation. These criteria were based 

 

Definition of an effective narrative visualisation: the accuracy and 

completeness with which users achieve specified goals determined 

by the purpose of the visualisation. This must then be combined with 

the accuracy of the representation of information as authored by the 

narrative visualisation practitioner reflected in the mental model 

simulated by the end-user.  
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on the findings of the literature review and encompass only evidence-based outcomes 

of empirical experiments that were mentioned in the literature.  

The criteria for an effective narrative visualisation are as follows: 

1. Data Legitimacy through Identifying Real Sources 

It is crucial to reveal the source of the information that is represented in narrative 

visualisation as it improves credibility and data legitimacy. This was found in S23 where 

information about the provenance of the source added credibility. Therefore, not merely 

adding the source, but further source analysis increases credibility. In S6 it was found 

that by revealing the source of the information presented in a visualisation, the perceived 

credibility is increased. Peck at al. (S6) found however, that less-educated participants 

did not consider the source of the visualisation as closely as those with more education. 

This suggests that narrative visualisation, regardless of source, should be built with 

accurate reflections of the data presented, as false data can lead to miscomprehension 

by the less visually literate. 

2. Information density  

Less literate audiences are overwhelmed by information dense visualisation (S6 and 

S19). Harrison et al. (S15) recommends that designers aim for a low to medium 

information complexity if they want to create an appealing narrative visualisation. Similar 

to the findings of S6, Harrison et al. (S15) observed that age significantly affected 

participants’ preferred levels of visual complexity.  In S19, the participant group was 

deliberately selected from an age range of 45 to 65 and the outcome of this study was 

that narrative visualisation can have a detrimental effect to communicating health risks. 

Damman et al. (S19) concluded that this “might suggest that effects were due to 

information overload.” 

3. Careful Use of Colour  
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The aesthetics of a visualisation, specifically its colourfulness requires careful 

authorship. It was shown in multiple studies (S7, S15, S27, S28 and S29) that colour 

was crucial in gaining the attention and interest of users. Borkin et al. (S28) found that 

colourful visualisations are more memorable. Harrison et al. (S15) observed that 

colourfulness of a narrative visualisation determines its appeal more than its visual 

complexity. It was observed, however that the use of colour in narrative visualisation is 

quite different to the use of colour in websites, where rather than a design feature it was 

a visual cue or an indicator. Harrison et al. (S15) writes that visualisations “rely on colour 

and colour composition as a design element much more than websites.” Furthermore, 

Lonsdale et al. (S29) recommends “Colour should be used sparingly, with good contrast 

for text and images, and as an information tool (not as decoration).” Overly colourful 

visualisations are at risk of becoming childlike and the legitimacy of their data is 

compromised. 

4. Chunking Principle 

One of the key benefits of narrative visualisation is the ability to divide information into 

smaller portions that are easier to comprehend. This division of information into portions 

is called chunking and is referred to as the ‘chunking principle.’ Lonsdale et al. (S29) 

explains that cognitive load is reduced if information is presented in a limited amount of 

chunks. Working memory has a finite storage capacity so the optimum number is three 

to four chunks. The studies that mention chunking are S21, S25, S29 and S30. When 

comparing data comics to a visualisation in S21, Wang et al. concluded that data comics, 

because they divide the information into panels, which are therefore memorable chunks, 

are more memorable than other formats.  

5. Left to Right Layout or ‘Zigzag’ 

Sequential ordering of information in a conventional left-to-right, vertical layout was 

observed to be preferred by users. In an eye-tracking study (S30) where various layouts 
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were compared, the layouts with the least amount of ‘workload’ performed best. 

Workload in this context was measured through pupil dilation which was an indicator of 

cognitive load. Majooni et al. (S30) observed that a ‘zigzag’ form of layout enhance 

comprehension because it decreased workload. McKenna et al. (S32) investigated 

narrative flow in narrative visualisation, where scrolling down the page was the preferred 

mode of interaction. Similar to the findings of S30, users preferred the method that 

required the least amount of effort.  It should be noted that this is for an audience that 

speaks modern European languages where left-to-right is the prevalent reading 

direction. 

6. Relatable Content 

Visualisations are more effective if the content they portray is relatable. Borkin et al. 

(S28) described on a fundamental level, the elements of effective narrative visualisation 

must have human recognisable imagery to be appealing. Human recognisable imagery 

was considered the use of either photographs or cartoons, which was referred to as a 

pictogram. This study had 261 participants viewing 2070 single panel graphics in a 

game-like scenario where they needed to recognise duplicate visualisations. Memorable 

visualisations were more likely to contain pictograms. “Since we are mostly attuned to 

natural scenes, it makes sense that some of the top memorable visualisations look closer 

to “nature” than the others. In these terms, we see that people may have more perceptual 

fluency with visualisations that at first glance appear to be more “natural” and that this 

fluency may be influencing memorability (S28).” 

7. Personal Content ‘Designing Conversations’ 

Relatable content can also be considered in a personal sense. Peck et al. (S6) 

interviewed rural community members about their comprehension of a series of 

visualisations that depicted drug use in the US. “The most recurring theme in our analysis 

were decisions framed or driven by personal experience (S6).” The personal framing of 
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data, which alters the attention toward or away from the specific data contained in a 

graphic, must be considered. Certain concrete elements of narrative visualisation, were 

suggested by Peck et al. (S6) to aid in the pursuit of personal goals such as adding a 

search bar or more realistic analogies of distance. Another recommendation in regard to 

creating relatable content is for the addition of a narrative element which would 

personally involve the user through a highly interactive ‘dialogue’ as described by Oh et 

al. (S18). A conversation that personally includes the user engages their imagination and 

thus retains their interest. As was observed by Bumester et al. (S8) interest is the primary 

driver when using a narrative visualisation. By creating content that personally interests 

the user or personally addresses the user through a dialogue results in narrative 

visualisation that are relatable and therefore more effective. 

8. Cohesive/salient Design 

Sudakov et al. (S11) write that a well-designed narrative visualisation “allows students 

to formulate understanding more rapidly.” The addition of images to text is thought to aid 

learning and is termed the ‘multimedia effect [122]’ Some studies contained in this review 

do not entirely support this theory, they do however, support a cohesive design where 

mixed media needs to be salient and relevant to the learning outcomes. 

9.   Representation Control 

Moritz et al. (S5) found that users managed to solve tasks faster and more accurately 

when they are able to manipulate the representation of information. One of the key 

factors for the increase of task efficiency and accuracy was attributed to a reduction 

information density. When unnecessary information is hidden from view users can 

analyse information faster. Manipulation graphics allow the user to reorganise 

information which results in information coherence and spatial contiguity. These factors 

also contributed to increased task efficiency. Moritz et al. write “representation control 
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allows the viewers themselves to interactively adapt a given graphical representation to 

task requirements, thus increasing its ease of use (S5).” 

10.  Findability 

Zwinger et al. (S9) found that the findability of narrative visualisation news organisations’ 

website was the greatest hurdle preventing news readers accessing the visualisation.  

11.  Flow Factors 

Effective narrative visualisation are able to hold the attention of readers through a series 

of ‘flow factors.’ These are studied in McKenna et al. (S32) and identified the factors that 

contribute to readers’ engagement. The importance of ‘flow factors’ is described by 

McKenna et al. (S32) “each work functions as a “cognitive container” in which media 

add-ons work to hold reader attention rather than scatter it to external Web sources.” 

12.  Careful authorship of Text or Addition of Text 

The importance of well authored text that clearly conveys the health message is a vital 

component of an effective narrative visualisation in the health domain. Multiple studies 

found that slight variations in messaging can change the user experience and overall 

comprehension. In study S23 three iterations of a visualisation were presented to users 

with slight differentiations in messaging. The objective of the study was to find out if by 

communicating the effectiveness of a sugar tax, would increase support for the tax. By 

simplifying the visualisation and adding an introductory ‘refutation’, support for the tax 

increased among participants. The margin was from 45% to 49% which when 

extrapolated out to population level is substantive.   

The assumption that a highly visual representation will be more accessible to a less 

literate audience has been questioned. Damman et al. (S19) found a detrimental effect 

from visualisation on user risk perception/comprehension. The challenges posed in the 
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communication of risk to lay audience is described by Spiegelhalter et al. [175] where 

he presents a series of guidelines to follow. When these guidelines are adhered to then 

a visualisation may be effective. The consequences of a visualisation, specifically in the 

health domain, that does not consider an audience with low visual literacy can have a 

detrimental, if not, damaging effect. 

Existing Evaluation Frameworks  

I have extracted five existing evaluation frameworks from the studies in the review. None 

of these frameworks are specifically devised for narrative visualisation and most are 

concerned with a particular aspect of narrative visualisation. They are therefore 

inadequate for the unique requirements of robust narrative visualisation evaluation.  

Evaluation 

Frameworks 

Author What for? Ref. 

Data Ink 

Ratio 

Tufte, ER Printed diagrams [187] 

Visualizing 

Risk 

Spiegelhalter, 

D., Pearson, 

M. and Short, 

I. 

Risk visualisation [175] 

Cairo's 

Wheel 

Cairo, A.  Aesthetic design [42] 

Evaluation 

Scenarios 

Lam H, Bertini 

E, Isenberg P, 

et al. 

Usability/Ease-

of-Use 

[109]  
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Table 2: Existing evaluation frameworks that have been employed to evaluate narrative 

visualisation 

One of the most prominent forms of graphical evaluation is the data/ink ratio. This 

originates from Edward Tufte who, in 1983, proposed evaluating a graphic on its ability 

to present data using as little ink as possible [187]. The data-ink ratio was calculated by 

dividing the ink used for displaying the data by the total ink used in the graphic. The 

studies which cite the data-ink ratio are S2, S4, S13 and S28. In regard to visualisations 

the ability to convey information using minimal visual elements can be a key component 

of their effectiveness. The excess visual elements were termed by Tufte as ‘chartjunk’ 

which is referenced in the title of S13, ‘Useful junk? The effects of visual embellishment 

on comprehension and memorability of charts’ [25]. This well-cited study published in 

2010 refutes the data-ink ratio which shows that visual embellishments are not 

detrimental to understanding. It is therefore that the data/ink ratio is inadequate as an 

evaluation framework for narrative visualisation.  

The design of a visualisation is fundamental to its effectiveness to communicate, 

especially to communicate to the public. Spiegelhalter et al. is cited in S1, S19, S23 and 

S29 [175]. This paper is in regard to visualizing uncertainty. It outlines design guidelines 

of visualisation evaluation through a series of broad conclusions that can be applied to 

large audiences. What is advocated is an approach that is clear and accessible to all 

audiences. The broad conclusions devised by Speigelhalter et al. could be considered 

as design guidelines that can also be implemented as an evaluation framework. These 

guidelines are however in relation to the visualisation of risk. As narrative visualisation 

Elaboration 

Likelihood 

Model 

Petty, R. E., & 

Cacioppo, J. 

T. 

Attitude 

shifts/Persuasion 

[146] 
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is not necessarily a portrayal of risk, this evaluation framework is inadequate for a robust 

evaluation of narrative visualisation. 

The design quality of a visualisation is also evaluated using Cairo’s ‘Visualisation Wheel 

Model [42].’ One study (S4) assessed visualisations according to a series of ‘quality 

dimensions’. These dimensions appear on the ‘Visualisation Wheel’. Added quality 

dimensions of usability and ease-of-use are added to accommodate for interactivity. The 

outcome of the paper’s findings is an exploratory model of the “overall quality” which was 

derived from an empirical experiment can be considered an evaluation framework. This 

model evaluates the design of the narrative visualisation but does not consider the 

content. This therefore means that this form of evaluation is inadequate for narrative 

visualisation. 

Evaluating an interactive visualisations can deviate from design quality and focus on 

other dimensions such as ease-of-use or usability. Lam et al. derived seven evaluation 

scenarios based on a literature review of 800 visualisation publications [109]. This work 

is referenced in S26 which as described earlier in this paper investigates visualisation 

literacy. As is described by Lam et al. evaluation can range from visual data analysis and 

reasoning, to visualisation algorithm evaluation. narrative visualisation evaluation does 

not require all scenarios described by Lam et al. to be considered [109]. However, 

scenarios including user performance and user experience are pertinent. Therefore, due 

to the fact that these evaluation scenarios are not reflected in narrative visualisation, this 

form of evaluation is unsuitable for narrative visualisation. 

The evaluation of visualisations can implement conventional visual communication 

theories such as Elaboration Likelihood Model (Petty and Cacioppo [146]). This model 

is cited in S3, S18, S22, S23 and S27. This model is pertinent to narrative visualisation 

as it describes attitude shifts. The evaluation of the message is based upon its ability to 

persuade the user. It suggests a dual-processing model where for example, visuals are 
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peripheral to text processing. In S27 titled ‘Putting Environmental Infographics Center 

Stage: The Role of Visuals at the Elaboration Likelihood Model’s Critical Point of 

Persuasion’ finds that the visual cues are found to be central elements and equal in 

importance to textual elements. This model is concerned with purely the ability for a 

visualisation to persuade, as narrative visualisation have more purposes that persuasion 

this evaluation framework is inadequate. 

Finally, narrative visualisation are largely a web-based phenomenon and therefore 

website analytical evaluation frameworks have in the past been adopted accordingly. In 

S14, user-centred metrics were collected using the Gotz and Wen patterns of user-

behaviour [76]. Four common categories of interactions were identified by Gotz and 

Wen; scan, flip, swap and drill-down. The objective of S14 was to evaluate the impact of 

initial narrative visualisation techniques on user-engagement with exploratory 

information visualisations. Therefore, to evaluate user-engagement a series of 

interactions were quantitatively analysed as they correlated with the interaction 

categories identified by Gotz and Wen. This evaluation framework does not include the 

emotional response of users as it is based only on their interactions rather than their 

inner-perceptions. As described earlier in this document, the rich and complex nature of 

narrative visualisation requires a holistic evaluation that includes the emotional response 

of users. It is therefore that this evaluation framework is inadequate for narrative 

visualisation evaluation.  

As is described above each evaluation framework that has been implemented when 

evaluating narrative visualisation is inadequate. This does not mean they are inadequate 

in the context of the particular study, however, they are inadequate to provide a holistic 

and comprehensive evaluation approach to narrative visualisation. 

Through adopting a broad approach, coupled with a rigorous search strategy, a complete 

sample should be ensured. Some papers may not be included due to their unavailability 
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in electronic resources. When composing the search string, based on the results of the 

pilot study, the terms ‘InfoVis’ and ‘Information visualisation’ were eliminated. These 

terms were eliminated as it defines a discipline that is differentiated from narrative 

visualisation. As described in section 1 there is a significant difference between 

information visualisation and narrative visualisation. According to Rendgen S., 

information visualisations are visual representations of pure data and are used in the 

fields of scientific research, digital libraries, data mining etc. [150]. In two studies the 

term ‘information visualisation’ was used in S14 where it was described as ‘narrative 

visualisation.’ Lyra et al. (S16) describes; “In this context, infographic is a more recent 

and popular type of information visualisation able to support learning.” This statement 

accommodated for the overlap of the term information visualisation and information 

graphic in deeming S16 a suitable study. 

Data visualisation was not excluded from the search string as it was a widely used term 

that often overlaps with narrative visualisation. Data visualisation was used as a term 

that can be considered synonymous to narrative visualisation in 8 of the studies in this 

review; S2, S6, S7, S12, S17, S18, S26, S32.  

Challenges in Evaluation  

Many of the challenges met when evaluating narrative visualisation are common to all 

empirical research [47]. Some examples are picking the most suitable methodology or a 

sufficiently rigorous data collection process. Another challenge is the difficulty in 

obtaining an appropriate sample of participants, which adequately represent the user 

base. Also, there is the common challenge of data analysis where the results must be 

accurately synthesized and related to previous research and theories. Furthermore, the 

theories that the research is grounded upon may not yet be adapted to the emerging 

field of narrative visualisation. 
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More specifically the evaluation of narrative visualisation shares many challenges 

common to HCI empirical research. Carrol and Rosson wrote of a ‘claims analysis’ that 

listed the factors affecting the usability of interfaces, e.g. consistency in navigation, 

colour of rollovers etc.[48].  These ‘claims’ are often fundamental to the design of 

software or web development, however as described by Ellis et al. they are often difficult 

to articulate when producing ‘novel visualisation techniques [61].’  Carrol and Rosson’s 

claims analysis offers an ‘explanation’ of the scenario that the user is experiencing, but 

when that scenario is unique to the visualisation the explanation is unsubstantiated and 

difficult to repeat. The lack of a commonality of ‘claims’ results in the necessity of users 

to describe in their own words their experience.  

Furthermore, narrative visualisation as a form of communication is implicitly novel and 

unique as the story or insight it portrays is particular to that visualisation. Therefore, it is 

challenging to rely on the generalized evaluation procedures that might not be 

appropriate to the individual visualisation. This limitation was noted in multiple studies 

where the universality of findings was questioned due to the localized materials [64, 124]. 

Nowak et al. describes how traditional evaluation methods and metrics are insufficient 

for capturing the “richness” of narrative visualisation [137]. Qualitative methods are 

recommended as they can evaluate the complex and holistic nature of experiences.  

Qualitative methods are crucial when evaluating narrative visualisation as they are able 

to incorporate the personal perspective of users. The complex set of factors that intermix 

to inform attitudes and perceptions about visualisations can skew results. In a study by 

Peck et al.[143] it was found that personal connotations with the presented data may 

supersede many other dimensions of design. Personal connotations can also be the 

product of the practitioner [91]. Through framing and rhetorical techniques the 

information presented in a narrative visualisation can be distorted. This is however, 

arguably the purpose of narrative, which is as first described a tool to compel the user. 
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It is therefore not useful to measure the accuracy of data representation if that is not the 

objective of the visualisation and does not reflect its effectiveness.  

When the effectiveness of a visualisation is defined by the mental simulation of the user, 

the challenge is how to measure it. North proposes measuring the insight gained by the 

user to evaluate visualisation [136]. He describes that “insight seems to capture the 

intuitive notion of visualisation’s purpose.” By investigating the user insight it is possible 

to gage what the visualisation has communicated in more exact terms rather than a 

Boolean response. The difficulties with this method is then to report the results in useful 

manner that can give a clear evaluation of the visualisation. North proposes counting the 

insights and coding them, which is time-consuming and requires more effort on behalf 

of the researchers. 

As opposed to qualitative methods, controlled experiments are often preferred by 

researchers as they best enable rigorous measurements and can conclusively compare 

visualisations. The challenge is then to accurately portray the real-world circumstances 

that users interact with narrative visualisation. Carpendale writes that “no empirical 

method is perfect. That is, there is always a trade-off between generalizability, precision, 

and realism [47].” It is thus that the user testing of narrative visualisation should 

incorporate some ‘in the wild’ element where the usage is not purely based on the 

laboratory experiments and skew results.  

The above mentioned challenges of narrative visualisation evaluation will each be 

considered in the final framework. There will be no all-encompassing solution however, 

the finalised framework will be able to make a series of recommendations and 

compromises which will consequently result in a more robust evaluation.  

Heuristic Evaluation in Visualisation 
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Heuristics is at times considered to be interchangeable with design guidelines [182]. For 

the purposes of this work they are more specifically the method of expert review where 

the expert has a predetermined set of heuristics. This method of evaluation can be 

effective when a user-study is not affordable or practical. A heuristic evaluation is part of 

an iterative design process where it can be a relatively fast evaluation methodology. 

Another term for heuristic evaluation is ‘inspection methods’ which is differentiated from 

‘testing methods’ which are user-studies. 

Information visualisation researchers have proposed heuristics that are specific to a 

certain data domain e.g. ambient displays [132] or multiple view visualisations [21] or for 

a specific cognitive task [8]. The hurdle for information visualisation practitioners is to 

determine which set of heuristics is the most appropriate for the particular visualisation. 

In an exploratory study that investigated three different set of heuristics, it was found that 

the most minimal and therefore generalised set of heuristics was the most useful [26].   

There has not been a set of heuristics that has been developed specifically for narrative 

visualisation evaluation. The value of a set of heuristics, regardless of the subject it is 

evaluating is indisputable. Santos et al writes “that heuristic evaluation is indeed suitable 

and produces useful results with a low investment even when performed by analysts not 

very experienced and hence it should be included in the practitioner’s evaluation toolkit” 

[26].  

Zuk et al. write that heuristic sets for information visualisation can either take the form of 

a ‘tree organization’ where a ‘depth-first’ search approach is performed according to the 

requirements of the visualisation [203].  

The finalised set of heuristics will be determined based on literature review and analysis 

real-world of narrative visualisation. Through studying a series of real-world narrative 

visualisation that have been deemed effective by the visualisation community, patterns 

will emerge which will contribute to the determining of the heuristics. Effective narrative 
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visualisation can be found through multiple sources including expert blogs, online forums 

and journal articles.  

End-user Evaluation in Visualisation 

User-studies are infamous for being costly and time-consuming [134]. As described by 

George-Palilonis et al. the development of narrative visualisation often does not lend 

itself to user-testing [74]. Some challenges given are the expected fast turnaround of 

projects, the limited number of people that are available to work on the project and finally 

the extra cost of paying for user-testing. This does not mean however that user-testing 

should not be part of the project lifecycle, instead, I propose that it must be systematic 

and time-efficient.  

Some of the user-study methods that are used to evaluate narrative visualisation are 

quantitative and directly transported from website evaluation. These include session 

times and page views. As described by George-Palilonis et al. these metrics may not be 

useful when assessing the effectiveness of narrative visualisation [74]. It is posited that 

‘additional research and tools are needed’. It is not however suggested that these tools 

should replace the quantitative methods, rather they should be added to the toolbox of 

the evaluator. Instead, quantitative user-study data collection methods can be helpful in 

founding baseline assumptions which can be an indication of ‘in the wild’ usage. They 

can be easily compared with relative website evaluation benchmarks and often serve as 

initial evidence of the effectiveness of narrative visualisation. An example of this is the 

now infamous New York Times narrative visualisation ‘Snowfall.’ Which attracted 3.5 

million page views and had a session time 10 times longer than the average [58]. 

User-study data collection methods that are qualitative such as questionnaires with 

likert-scale questions or open-ended questions are a popular form of data collection 

according to the literature review. These may be more appropriate instead of in-depth 

interviews which was the method of evaluation advocated by Nowak et al. [137]. These 
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methods may also be employed online without the user being present. It is also possible 

to quantitatively analyse the results of these methods, even open-ended questions can 

be codified. Subsequently these methods can be analysed and compared to 

benchmarks. The think aloud protocol or cognitive walk-throughs were also popular data 

collection methods, however require the presence of the user in a laboratory 

environment.  

Narrative Visualisation Practice  

There have been calls for further overlap and collaboration between major communities 

that work with data visualisation [141]. One community is the practitioners, who 

professionally author narrative visualisation. The other community is the academic 

community that research the role visualisation can play in storytelling with data. There is 

a widening gap between the two communities “as novel and innovative examples and 

genres of storytelling with data flourish in the media quite separately from the knowledge 

being built by the research community [133].”  

The knowledge of data visualisation practitioners was recently probed [141]. It was found 

that tacit knowledge that is acquired through professional experience is often referred to 

and difficult to articulate. The practitioner, does not engage with a pre-defined process 

rather they have a conversation with the material or what is described as ‘reflection-in-

action [167]’  Therefore an in situ decision making process means that a detailed task-

based method for design and evaluation might not be appropriate for practitioners and 

we have devised our framework accordingly.  

The first part of this thesis takes an ‘in the wild’ research method. This means carrying 

out research in an every-day and naturalistic environment [50].  This approach has 

certain disadvantages such as difficulty in reproducibility and easily translatable results 

[50].  We believe the advantages of this approach outweigh the disadvantages. The most 
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prominent advantage is the motivation for learning from evaluation in practice, 

appropriate in a practical setting as well as valuable to future academic research. 
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PART ONE  

Inspection methods 

of Evaluation 
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Chapter Two—Evaluating Narrative 

Visualisation: A Survey of 

Practitioners 

Synopsis 

This chapter is foundational for my research on inspection methods of evaluation for 

narrative visualisation. Working together with collaborators I recognised an under-

researched area where there is a lack of documented knowledge on the evaluation of 

narrative visualisation. When academic research was not prevalent, it was clear that 

practitioners were the knowledge experts. Their professional experience led to the 

primary contribution of this chapter which is a set of heuristics for narrative visualisation 

evaluation.  

Published in International Journal of Data Science and Analytics 2023 
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Abstract 

Narrative visualisation is characterized by the integration of data visualisation and 

storytelling techniques. These characteristics provide challenges in its evaluation. Little 

is known about how these evaluation challenges are addressed by narrative visualisation 

practitioners. We surveyed experienced narrative visualisation practitioners to 

investigate their methods of evaluation. 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 visualisation 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 visualisation systematically. Our practice-led heuristic framework 

couples first-hand practitioner experience with recent research literature. This work 

sheds light on how to address narrative visualisation evaluation to better inform both 

academic research and practice. 

Introduction 

Narrative visualisation is a form of visualisation that integrates storytelling with data 

visualisation. This storytelling aspect of narrative visualisation is a key differentiation 

from other forms of visualisation. To be effective the data-driven story conveyed by 

narrative visualisation, must be both engaging and compelling [108, 169]. When 

integrated seamlessly, narrative visualisation can be an effective communication device 

[75, 108]. It has been employed in a variety of contexts including recent important public 

health messaging, for example, explaining the benefits of social distancing in the 

transmission of COVID19 or the exponential growth in COVID19 outbreaks [130, 178].  
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However, the need for narrative visualisations to deliver engaging and compelling stories 

also results in challenges for its evaluation. Effective evaluation is key to ensuring that 

the complex information portrayed by the visualisation is not misconstrued or deemed 

unengaging. A lack of rigorous evaluation, particularly when the visualisation is used in 

critical situations, such as public health messaging, can have serious and detrimental 

consequences. 

Conventional approaches to visualisation evaluation which measure task time and error 

rate are not sufficient in their evaluation. This is because they do not provide crucial 

insight into the user’s comprehension or user experience [20, 137]. Qualitative methods, 

such as elicitation interviews and focus groups, have been used to gain deeper insights 

when evaluating narrative visualisations [67, 136]. However, qualitative approaches, 

such as the aforementioned examples, are too costly and laborious to use in a real-world 

setting [134, 137]. 

A possible solution (and compromise) is heuristic evaluation, which is described as being 

less costly, easy to implement and relatively fast compared to qualitative end-user study 

methods [134]. Introduced by Nielsen, heuristic evaluation can be used during all phases 

in the development of a product [134]. There have been several attempts at visualisation 

specific heuristics but none take into account the narrative characteristics particular to 

narrative visualisation [70, 181, 203]. In this paper, we propose a preliminary heuristic 

framework that can be used to specifically evaluate the narrative characteristics of this 

form of visualisation. Our set of heuristics aims to be general enough to be used for any 

narrative visualisation and is easy to understand and apply to promote wide use and 

reuse.  

To develop our framework, we investigated the practices of narrative visualisation 

practitioners. The goal is to understand how these professionals conduct an evaluation 

in situ or ‘in the wild’. The understanding gained can provide valuable insights into the 
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practical activities of developing and evaluating narrative visualisation in practice. To do 

this, we first conducted a survey with 63 narrative visualisation practitioners. The 

participants were recruited from the online forum named ‘The Data Visualisation 

Society.’ It is an active practitioner forum that includes visualisation practitioners from all 

genres of visualisation development, including narrative visualisation. Then, we 

conducted one-to-one interviews with a smaller group of 12 practitioners.  

Our primary contribution is a heuristic evaluation framework that has detailed usage 

advice derived from our interviews, coupled with research literature. To conclude, we 

make a series of recommendations on how our heuristic framework can be practically 

implemented. This research bridges both the academic and practitioner communities, 

where we aim to better align narrative visualisation evaluation research and practice. To 

our knowledge, this is the first practice-led heuristic framework specific to the evaluation 

of narrative visualisation.  

Related Work 

In this section initially, we outline the measures of effective narrative visualisation. We 

then describe the methods with which to evaluate effective narrative visualisation. The 

last section motivates our approach for studying the practices narrative visualisation 

practitioners ‘in the wild.’ 

Effective Narrative Visualisation  

Gershon and Page were the first to note that storytelling could provide a valuable 

contribution to the area of visualisation [75]. Later, in 2010 Segel and Heer defined this 

contribution as a new genre of visualisation. They coined the term ‘narrative 

visualisation’ in their paper with the same title [169]. Fundamentally, narrative 

visualisation is a story “that primarily consists of visualisation steps, which can include 

text and images but essentially are based on data  [107].” Other terms such as data-
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driven storytelling and visual data stories are interchangeable, as they pertain to the goal 

of conveying a story based on data visualisation [9, 154]. 

Narrative visualisation has measures that influence effectiveness. The most prominent 

being that it must portray a comprehensible story. This measure of effectiveness was 

exemplified in one of two visualisation design principles and is termed the ‘Principle of 

Apprehension’, as opposed to the ‘Principle of Congruence’ [188]. The ‘Principle of 

Apprehension’ means that the representation of information as authored by the 

practitioner corresponds to the mental representation simulated by the reader. This is 

the primary measure of all forms of visualisation effectiveness, including narrative 

visualisation [45]. 

Another measure of effectiveness is user-experience. This measure refers to user-

experience goals in visualisation evaluation outlined by Saket et al. including 

memorability, engagement, and enjoyment [20]. While memorability is straightforward in 

that it means the ability of the user to retrieve and recall information, engagement is a 

complex, multi-layered topic [92]. It can refer to session times and page views [33]. 

Conversely, user-engagement in the context of flow, can mean the resulting pleasurable 

emotions [180]. It has been shown that narrative visualisation can induce a state of flow 

when certain factors are present [124]. A flow state is where the end-user is absorbed 

by the narrative presented and therefore is deeply engaged. This deeper level of 

engagement is a measure of effective narrative visualisation.  

Evoking an affective response, either pleasurable or otherwise, is crucial to narrative 

visualisation effectiveness [137, 169]. This response can aid problem solving and 

reduces boredom and frustration [148] . Design choices such as colour palette and 

rhetorical framing can affectively influence the reader [24, 91]. Finally, narrative 

visualisation effectiveness can be diminished when there is distrust from the reader due 
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to the poor data credibility, which can be partially solved by disclosing the data source 

and research methodology [143, 151].  

The measures of effectiveness that define effective narrative visualisation provide the 

foundation for its evaluation. We now delve into the methods that seek to evaluate these 

measures of effectiveness. 

Methods of Narrative Visualisation Evaluation 

The importance of thorough and rigorous visualisation evaluation is undisputed by the 

academic visualisation community [136]. Conventionally, there are two methods to 

evaluate visualisations – inspection methods and end-user testing methods [201]. 

Inspection methods are examined as heuristic evaluation. End-user testing methods 

include representative end-users and are usually defined as either quantitative or 

qualitative [45]. 

End-user Testing Methods 

Qualitative methods of end-user evaluation lend themselves to measures particular to 

effective narrative visualisation. This is because they provide a “richer understanding” of 

the comprehension and user-experience of the work [47]. Notable examples include the 

“walk-through” or the “think aloud” protocol and interviews [11, 137]. One study used 

focus groups to evaluate narrative visualisation, because they “enable us to obtain 

qualitative and affective information from participants easily [67].” The drawbacks of 

qualitative end-user methods of evaluation are not just their costly, laborious nature, they 

are also difficult to replicate and difficult to quantifiably measure [47]. 

Quantitative user-data collection methods have been experimented with to evaluate 

storytelling in information visualisation [33]. These include session times and click-

through source [33]. These user-centred metrics are directly transferred from web 

analytic frameworks and use low-level user-activity traces as signals which are 
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translated as user intentions [76].  They do not, however, provide crucial insight into 

user-engagement and experience. Studies examining end-user interaction with 

visualisation have also used eye-tracking [121]. This method of end-user evaluation is 

however notoriously cumbersome and alternatives solutions are advocated [101].   

We have outlined here some end-user evaluation methods for visualisation and their 

associated challenges. The next section will move on to heuristic evaluation, which 

should, in theory, complement end-user testing [134]. 

Heuristic Evaluation 

Heuristic evaluation is a common inspection methods of visualisation evaluation [11]It is 

described as a vital part of the visualisation practitioners’ toolkit [26]. Tory and Möller in 

their summary of expert reviews recommend the use of heuristic evaluation for analyzing 

visualisation systems [65]. The recognition of the beneficial advantage of heuristic 

evaluation led several authors to propose sets of heuristics for visualisation. These are 

the 13 heuristics by Zuk et al. [203] and the 10 heuristics by Forsell and Johansson [70]. 

Specific to narrative visualisation, criteria for the evaluation of data-driven stories have 

been proposed [133]. These are a useful starting point, however, are quite high-level as 

they lack detail in their usage advice.  

A framework-based approach to visualisation specific heuristics has been advocated 

[181]. This approach was compared to both a ‘performance-based’ and ‘process-based’ 

approaches. These aforementioned approaches were not deemed suitable instead the 

framework approach was advocated as “the most generalizable and extensible of the 

three approaches [181].” Similarly, Zuk et al. suggested, “A hierarchical or taxonomic 

way of grouping may aid in selecting an appropriate set of heuristics [203].” A 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 [134]. Outside of the cost savings, other benefits include 
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gaining deeper insight than end-user studies and lowering the ‘intimidation barrier’ [65, 

134].  

Furthermore, heuristics serve as a systematic approach to group evaluation which has 

been shown to be more effective than unstructured group evaluation [87]. Some 

disadvantages of heuristic evaluation have been listed as the lack of evaluation 

qualifications of the practitioner or difficulty to innovate while bounded by a set of rules 

[47]  

Narrative Visualisation 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. VisCOMM [191] and VisInPractice [192]). These 

events are evidence that professional practice as an activity with its own methods and 

learning are recognized as valuable to the furthering of visualisation research. This is 

especially so for emerging forms of visualisation, such as narrative visualisation, where 

an established body of knowledge does not yet exist.  

We investigate the evaluation practices of narrative visualisation practitioners, because 

their profession necessitates them to face the challenges of evaluation, where trade-offs 

between time/budget impact their decisions. We motivate our approach as we believe 

that there is value in studying their lived experience and tacit knowledge. Ultimately, this 

approach will help us better understand the purpose and role of narrative visualisation 

evaluation in a practical setting. 

Research Method 

Our study consisted of four steps. Firstly, we conducted a literature review to find out our 

survey items and interview discussion points. Secondly, we performed an online survey 
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of practitioners. Thirdly we conducted a series of semi-structured interviews. Our final 

step, described in our future work section, will validate our framework through a 

validation experiment. Supplemental material can be accessed here, this includes a 

series of interactive charts and raw data https://effectivenv.github.io/info/   

Survey Design 

We chose the research method of an online survey as it suited our aim of gaining insights 

from a substantial user-base of practicing narrative visualisation practitioners. 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 questions guided our survey: 

RQ1 - What is narrative visualisation evaluated for? 

RQ2 - How is narrative visualisation evaluated? 

Regarding RQ1 we asked practitioners what they deemed to be the three most important 

elements of effective narrative visualisation. 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 that empirically evaluated narrative visualisation and 

various forms of visual or verbal storytelling. We performed a search of known databases 

including IEEExplore, ACM, and Google Scholar. Papers were also found using a 

snowballing method where we researched references and well-published authors in the 

visualisation discipline. We carefully selected high quality papers published in top 

venues, which also carry out empirical studies. The primary function of our list of 

elements was to serve initial survey items and discussion points in our interviews. (See 

Appendix B for Flow chart of survey questions) 

https://effectivenv.github.io/info/
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The next section, corresponding to RQ2, asked practitioners about their evaluation 

practices. These questions were split into inspection methods and user-study methods. 

The evaluation methods for both categories were derived from the research literature.  

At the end of the survey, practitioners 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 [103]. These authors 

have written a detailed series of papers on most aspects of survey design and 

development. Our survey was mobile phone accessible and included a standard consent 

form following research ethics guidelines provided by our organisation. 

Survey Participants 

We recruited practitioners from an online forum named ‘The Data Visualisation Society.’ 

At the time of writing this forum had approximately 13,000 members. We searched the 

‘Introductions’ channel to find practitioners of narrative visualisation. We approached 

practitioners that had proven work experience in contributing to the development of 

narrative visualisation. As a secondary process for vetting participants, we directly 

messaged each practitioner via the forum and if they did not believe they had contributed 

to the development of narrative visualisation, then they either answered in the negative 

or did not respond to our inquiry. 

Survey Data Analysis 

The survey data collected was in most instances from multiple-choice questions, which 

were analysed quantitatively. We used thematic analysis to extract data from the open-

ended feedback question and analyse responses. Thematic analysis was also applied 

to the questions where practitioners could input an ‘other’ option. The process of 

thematic analysis is latent as it analyses the data through underpinning concepts and 

assumptions which have been appropriated for narrative visualisation practitioners [35]. 
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For example, ‘responsive’ is one theme that is taken from web development terminology 

referring to the ability for the visualisation 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.  

Interview Design 

The survey results provided insight into the evaluation practices of narrative visualisation 

practitioners. This is a useful foundation for understanding what evaluation methods are 

used, but it does not indicate how and why they are used. Our ultimate aim was to turn 

our list of ‘elements’ into a detailed heuristic evaluation framework that was coupled with 

usage advice.   

Our interviews were semi-structured and mapped out questions to the research 

questions that guided our survey. We extracted the interviewee’s answers to our survey 

as a basis for our interview.  

In the opening we asked regarding RQ1; a) What is an effective narrative visualisation?  

b) What is an ineffective narrative visualisation? c) These are the characteristics you 

considered 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 effective narrative visualisation would change if the work 

was for a different audience? g) Do you think some characteristics would stay the same 

regardless of the audience? About RQ2 we asked; 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? 
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We found our interviewees through our survey, so therefore we could question the 

interviewee further on their survey responses. We had 35 respondents that were willing 

to take part in an interview. We screened them to find those with a minimum of 1 – 5 

years of experience, as well as having contributed to the development of at least 1 – 5 

narrative visualisation. 

Interview Participants 

We also aimed to have an international participation base, however, most participants 

were from primarily English-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. 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 each participant was 

emailed their transcript post interview. See Table 1 for the self-reported characteristics 

of participants.  

Interview Data Analysis 

We pilot tested our interview and clarified some of the questions as a result of the pilot. 

The timing of each interview was between 40 minutes to 1 hour and was performed 

between June 2021 and January 2022.  NVivo qualitative data analysis software was 

used to facilitate our coding and analysis. Three researchers independently coded one 

transcript and then compared codes. Two researchers were students and one was a 

professor.  

The thematic analysis was a three stage process. Each interview transcript was coded 

incorporating both data-driven inductive coding and a top-down a priori approach. The 
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result was 29 nodes or codes supported by 10 sub-nodes. After initial coding, the author 

re-iterated all transcripts to identify and collate themes. In the final process the author 

exported NVivo codebooks and interview transcripts with NVivo’s ‘coding stripes’ from 

selected interviews to discuss and clarify themes with the other researchers. 

Findings 

When reporting survey results n represents total number, m represents mean and SD 

represents standard deviation. We applied statistical analysis where appropriate.  

Background Questions 

The first question we asked was how many years the practitioner had worked. Most 

practitioners have worked for more than 1 year as a narrative visualisation practitioner. 

With n= 4 or 6% indicating they worked less than 1 year. n= 30 practitioners or 48% 

indicated they worked from 1-5 years and n= 29 or 46% indicated they have been 

working for more than 5 years.  

The second question we asked was how many narrative visualisation had the 

practitioners worked on. Most practitioners, n= 41 or 65% indicated they had developed 

more than 10 visualisations. n= 12 or 19% have developed 5 - 10 visualisations. n=10 

or 16% have developed 1 - 5 visualisations. This shows that most practitioners are well 

experienced usually having multiple years of experience and developing more than 5 

narrative visualisations (n=52 or 82%). 

 We asked which domain practitioners worked in. The three most dominant domains that 

became apparent from the literature were; journalism, health, and education. We, 

therefore, gave four options to practitioners; journalism, health, education, and ‘other.’ 

n=13 or 21%, indicated they work in journalism. This is the most common single domain 

for narrative visualisation practitioners to work in. This was not entirely unforeseen, as 



59  

many of the narrative visualisations that are publicly available are derived from news 

outlets. The second most common domain in which practitioners worked was education, 

with n=11 or 1% of practitioners. Finally, the health domain had n=3 or 5%.  

Most practitioners identified as working in ‘other’ domain, or multiple domains n= 36 or 

57%. Some examples of the ‘other’ domains include climate change, business research, 

retail, and palaeontology. We observed that often the boundaries of a domain are not 

clearly delineated, where practitioners mentioned they work in overlapping domains, 

such as health and education.  

 

 

PID Gender Domain Exp. (years) 

#Number of 

narrative 

visualisation 

developed 

Country 

P1 M Other (Government) > 5 > 10 Australia 

P2 M 

Other (Healthcare, 

Business, Education, 

Journalism, 

Entertainment, etc.) 

> 5 > 10 US 

P3 M Journalism 1 - 5 5 - 10 Switzerland 

P4 M Journalism 1 - 5 5 -10 Finland 
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Inspection methods  

Survey Results 

Most practitioners had a colleague or an external expert inspect their work before they 

released it n=57 or 90%. When asked if a set of pre-defined criteria is used to inspect 

the visualisation, n=37 65%, answered ‘no’ and n=20 or 35% answered ‘yes.’ We asked 

practitioners regarding their informal inspection methods (n=37, m=9, SD=7). Group 

P5 M Journalism > 5 > 10 Australia 

P6 M 
Other (City Planning / 

Non Profit) 
> 5 >10 US 

P7 M Journalism 1 - 5 > 10 UK 

P8 M 
Other (Energy and 

Climate Change) 
1 - 5 5 - 10 Australia 

P9 M Journalism 1 - 5 5 - 10 Greece 

P10 F Journalism 1 - 5 > 10 Singapore 

P11 M 
Other (Management 

Consulting) 
1- 5 5 - 10 Canada 

P12 F Other (Business) 1 - 5 > 10 US 

Table 3:  Demographic information about each study participant, labelled by participant ID (PID). 

All are self-reported characteristics except their country, which reflects their location at the time 

of interview 
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discussion received significantly more responses (n=19 or 51%). This was followed by 

informal conversation (n=11 or 30%). Informal email received the least amount of 

responses (n=5 or 13%). 

For those that identified as working in the journalism, domain is was significantly more 

that chose ‘Group Discussion’ as the preferred informal inspection method n=6 or 75% 

nominating this method (n= 8, SD=2.8)  

The pre-defined criteria presented to practitioners were our list of elements (See 

Appendix A). From the 5 practitioners that chose ‘Other’, 4 responses could be 

thematically grouped under the term ‘data accuracy’.  

Interview Analysis  

Of the practitioners, we interviewed all except one had a colleague or external expert 

inspect their work. The one practitioner who did not have a colleague or external expert 

review their work explained that their work was often ‘hobby projects’ (P4) and therefore 

published outside of a professional environment.  

7 practitioners we interviewed chose ‘group discussion’ as a preferred informal 

inspection evaluation method. We asked them why and found out that it was so that they 

Figure 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 

 

05101520

Group discussion (19)

Informal conversation (11)

Informal email (5)

Other (2)

05101520

Think aloud (18)

Interview (13)

Focus group (8)

Other (6)

Session times (5)

Survey/questionnaire (4)

Click-tracking (3)

Eye-tracking (2)

0102030

There is no time (21)

There is no budget (14)

There is no expertise (8)

It is unnecessary (5)

Other Health Education Journalism

a) b) c)
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could access the skills and past knowledge of the team. “We have a team of people who 

do data visualisation daily for some years now and everyone has some experience of 

what works, what doesn't work” P3 or “You've got to rely on your past experience, 

through having expertise in the team and just general sense gathering, so 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 

visualisation.  

We asked practitioners why ‘data accuracy’ was added as a criterion for evaluating 

effective narrative visualisation and as illustrated by P12 it is an “ethical commitment,” 

where “integrity matters” P8. We have updated the heuristic framework to reflect this 

sentiment resulted in the addition of a ‘data accuracy and honesty’ heuristic in our 

evaluation framework. 

User-study Methods 

Survey Results 

The responses to whether end-user testing was employed in narrative visualisation 

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 test with end-users, 

they were then asked why there is no testing, they could select multiple reasons. Most 

practitioners (n= 21 or 41%) said there was ‘no time.’ The second most selected reason 

for no end-user testing was ‘no budget’ with n= 14 or 28%. The third most selected 

reason for not end-user testing was given as ‘it is unnecessary’ with n= 8 or 16%. n= 5 

or 10% indicated that there was ‘no expertise.’  

We asked what methods are employed when end-user testing narrative visualisation 

(n=50, m= 7, SD=6).  The ‘think aloud protocol/walk-through’ method n= 18 or 30% was 

significantly higher than other methods. The second most popular method for end-user 
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testing with n= 13 or 22% are ‘interviews.’ Followed by ‘focus groups’ at n=8 or 13%. 

The only significantly low method for end-user testing was ‘eye-tracking’ which received 

n=2 or 4%. It is observed, 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.   

Interview Analysis 

We found that those working in journalism were much more likely not to employ end-

user testing with 77% indicating they do not employ end-user testing. From our 

interviews with those working journalism, we found that for larger projects practitioners 

have employed end-user testing. 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 budget” P9.  

We asked why the ‘think/aloud’ walk-through method of end-user testing was preferred. 

Practitioners, indeed desire to measure the emotional response of users, rather than 

relying on quantitative data collection methods. P1 explained that “it just captures the 

richness more than your digital collection method” 

Social media was used as an evaluation tool. Particularly Twitter where practitioners 

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. The dilemma 

lies in that the visualisation project has already been posted, and when asked further if 

they amend the project if it was criticized on social media “only if something is really 

wrong, that we will change it” P8.  

Finally, 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 



64  

have no context to the project. Here the practitioner described watching closely while 

users interacted with 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 intensive user understanding” 

P10.  

Heuristic Evaluation 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 experts to identify gaps in 

narrative visualisation development 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 

visualisation evaluation where appropriate.  

As a response to the feedback from practitioners, we have categorized each heuristic 

into three high level categories. These categories are; composition, user-experience, 

and credibility. ‘Composition’ was a suggested category name by multiple practitioners. 

This category encompasses the visual design aesthetic of narrative visualisation. It also 

includes information distribution and overall layout. ‘User-experience’ is a category that 

evolved from recent research in ‘user-experience focused’ evaluation [20]. Finally, 

‘Credibility and trust’ is a separate category because of its unique and vital role in 

narrative visualisation effectiveness. There is, however, overlap between the categories 

and usage of each heuristic. The motivation for the delineation of each item will become 

clearer in the ‘Practical implementation’ section of 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 a 
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discussion point with practitioners and influenced our final heuristic framework. The 

responses for this question are thus described n=189, m=15, and SD=9. 

 

Category Heuristic 

Composition  

the visual aesthetic, information 

distribution, and overall layout 

Logical layout  

Information density  

Mindful use of colour  

Textual integration 

User Experience  

how a user interacts with and 

experiences narrative visualisation 

Cohesiveness 

Keep reader interest 

Interactivity 

Personally relatable content 

Easily recognisable content 

Credibility and Trust  

data quality and ability for the narrative 

visualisation to be believed 

Data source identified   

Data accuracy 

Table 4: Proposed heuristic framework. Category with description and 

each Heuristics corresponding to that category 
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Composition 

Logical layout to not distract the reader 

In our survey n=33 or 17% chose this as an important heuristic for effective narrative 

visualisation. This is significantly higher than other heuristics. Of those that we 

interviewed 4 had nominated  

‘logical layout’ as important for effective narrative visualisation. Initially, we intended this 

to refer to reducing the cognitive workload of the reader, which was an often mentioned 

key measure of effectiveness in visualisation research [37, 121, 124]. The original 

interpretation was summed up by P5 “logical layout, to be honest, that's just really about 

the good interface and visualisation design really.”  

In our interviews, the interpretation of logical layout usually received a broader scope 

beyond aesthetic layout. It was interpreted to mean creating intuitive designs that will not 

distract our readers out of the story. “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? Then we are losing him 

and then it doesn't make any logical sense” P9.  

A congruous aim to this heuristic was to minimize ‘visually jarring’ reader experiences. 

P10 asks while evaluating narrative visualisation “Is it visually jarring? Does it fit nicely? 

These are things that are very important to a reading experience.” This finding was 

echoed in a paper by Brehmer et al. which studied timelines in visualisation [37]. Smooth 

timeline transitions that did not distract the reader by being ‘visually jarring’ were shown 

to increase effectiveness.  “If you give the audience something that it's unexpected 

something that doesn't make sense for the human brain you will lose the attention” P9. 

Information density to guide the reader into the complexity 
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It was pointed out, information-dense or complex data should not be avoided rather it 

must be introduced progressively. In narrative visualisation development practice, this 

means supplying an ‘entry-point’ to the data or another term mentioned, that has derived 

from user experience literature, “on-boarding the reader” P6. This process was 

described by P1 as “from very broad and slowly guiding the audience to more detailed 

information and drawdown.” In this particular case, the practitioner is echoing 

Shneiderman’s ‘Information seeking mantra.’ The mantra is, “overview first, zoom and 

filter, then details-on-demand [174].”  

Through introducing the user, and guiding the user, complex information becomes 

accessible. P5 uses the example of the New York Times “I notice that the Times does it 

a lot where they will zoom in on a very little circle around a very specific part of it and 

explain what exactly is going on in that area.” P3 describes using a single axis as an 

entry-point to the data “So we can kind of enter into the more complex graphics later by 

starting with just one axis. And then they extend it and explain what the new axis actually 

means. So I'm really gently brought into the whole thing.” Another example of gently 

increasing the complexity of information is through textually explaining the context before 

introducing an information-dense visualisation. Reader reaction is described as “OK, I 

understand what's going on because I have the context” P7.  

Mindful use of colour regarding cultural and emotional connotations  

Colour is described by practitioners as being the “most powerful design tool we have. It's 

also probably the hardest to do well” P2. The reasoning behind this is the cultural and 

emotional connotations that colours have within a broader societal context. “It’s very 

contextual and when I say contextual I don't mean in the in the sense like what kind of 

article you're writing but contextual in the sense of what culture you belong to” P4. 

“Colour is the most challenging thing in any visualisation, so you make a wrong. You 

choose the wrong colour and you skew the story or the meaning of the story. Or even 
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worse, you manipulate the readers’ emotion” P9. For example, one practitioner 

mentioned that the ‘default’ colour palette from a development tool named Flourish 

caused problems [69]. This was because the subject matter was taboo and the default 

colour palette could “re-enforce colour associations” P10. The consequence of not 

thinking about colour use could be regarded as disrespectful to certain ethnic groups.  

When used deliberately colour association can be a powerful tool.  It has been shown 

that colours have an affective response depending on the chosen palette [24]. This 

corresponds to psychology and colour theory which can we relate certain affective 

impressions to the properties colour palette. 

Textual integration for usability and intrigue 

Practitioners reflected on the necessity for text in narrative visualisation as a function of 

usability for graphics annotation without which the reader is “looking at geometric forms” 

P2. The textual content can provide quick access to data “to give them a brief overview 

of what they're seeing without delving into the real detail of it” P5. 

Studies suggest that text can be as influential to reader outcomes as the corresponding 

visualisations [91, 105]. The title is described as being a vital component that should 

encapsulate the following narrative visualisation. “Whenever we design visualisation, 

we're trying to make the heading descriptive and conversational. We try to have it 

concise as opposed to having a title that's full of technical jargon. Then make sure people 

read the title and the subheading and can walk away knowing what the visualisation is 

about without even looking at the visualisation” P1.  

In a study on narrative visualisation and rhetorical framing the authors asked if the 

practitioner intentionally incorporated “the power of rhetorical techniques” [91]. Our 

findings suggest, that rhetorical techniques are employed deliberately. P9 mentioned it 

should “allow the visualisation function as a written story.” P5 explains “create a sense 
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of intrigue.” Fundamentally, this highlights the role of narrative visualisation practitioner 

as a storyteller. As exemplified by P8, the text independently must tell a compelling story 

“like a movie script on TV or like you're watching a good TV series.”  

Reader-experience 

Cohesiveness because you can’t visualise all the data 

A common thread in our interviews was that an ineffective narrative visualisation lacked 

focus. One example was when a practitioner-related a story of developing their first 

narrative visualisation. 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 

visualisations to the readers without explaining why” P9.  

The pitfalls of lack of focus are detrimental to the practitioner and the reader. The overall 

cohesiveness of narrative visualisation refers to the context from one data point to the 

next. The goal of maintaining consistency was a key principle used by practitioners. The 

structuring of the data into a coherent story sequence has been shown to improve the 

effectiveness of narrative visualisation [90]. Fundamentally, summed up by P8 “Every 

data point, every piece of information putting in there should be related to that issue or 

problem you’re talking about and in the end if you're trying to draw a conclusion.” Another 

practitioner exemplified the problem, “I find sometimes it can be hard to maintain a clear 

thread throughout the different sections of a longer visualisation” P6. 

As was outlined by a study on the sequence in narrative visualisation, they often consist 

of a series of screens or episodes, rather than one stand-alone visualisation [90]. 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’ [30]. 

Initially ‘data chunking’ was a separate heuristic, however, due to practitioner feedback, 
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it was deemed unnecessary. It seems ‘chunking’ is not widely understood outside of 

academia. For example, “I actually don't know what data chunking means” P11.  

Keep readers interest but first, gain their interest 

In our survey this heuristic gained significantly more responses with n=29 or 15%. Those 

that identified in the journalism domain selected this more than any other, which was 

expected when reader engagement is an important measure of effectiveness for this 

domain [74]. Furthermore, it was important to first gain the attention of the reader before 

retaining it. As illustrated by P5 “you need to open with something that's you know, 

intriguing and makes people want to read” or as described by P11 the reader scans the 

article, and “That's where you could lose them, and that's where you want to catch them.”  

Another practitioner mentioned how reading visualisation requires intellectual 

investment. “Especially when it's more complex and then for people to put in the effort 

they need to know that they will get something out of it” P3. The concept that the reader 

must ‘know they will get something out of it was outlined in an example. The practitioner 

explained that the reader was initially presented with an empty graph and the reader was 

left to think “I don't know why I should continue reading” P3. The practitioner then 

explained that, particularly from a “news perspective” it is important to remind readers 

why they should continue or they “can always jump away” P3.  

A study on verbal storytelling found that when listeners listened to story it could induce 

a state of ‘enchantment’ which increased story memorability [179]. This is similar to 

narrative visualisation where readers can be induced into a state of ‘flow’ [124]. In the 

aforementioned study, this was achieved through page scrolling parallel to text 

appearance on a browser. In practice this form of narrative visualisation is termed 

‘scrolly-telling [127].’‘ Scrolly-telling’ is a combination of the words scrolling and telling 

and appears normally on news outlet websites as long-form articles with mixed media 

associated with it [127].  
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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 

interest when having to scroll too much. If the reader has “to scroll many times to read 

the story” or “you don't want them to stop halfway through visualisation, and it's like, I 

don't care anymore” P18. ‘Scrolly-telling’ was described as an “overly structured 

experience” where it “constrains the user experience and forces them through a long 

sort of linear process. People have finite attention spans. I think that there's going to be 

a lot of fall-off” P11. 

Interactivity only when the reader desires to drill down 

The consensus of interactivity usage by narrative visualisation practitioners was that it is 

not necessary for the effectiveness of narrative visualisation. Multiple practitioners 

described interactivity as ‘bells and whistles’ (P5 and P12). For example “I would say 

only if it serves the purpose of telling the story. 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 piece has to be ‘skimmable’ P3. This means that the 

reader can scan quickly over the content or ‘skim’ over the content without feeling they 

have missed information. “Because you can really simply have any static news article 

without any interactivity, but still be very informative and interesting” P4. 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.” 

For an expert audience interactivity was advocated. “You add more interactivity for 

people who are experts to drill down to understand how it's working” P4. It has been 

shown that interactive visualisations can facilitate data retention in readers [129].  



72  

Therefore, if a reader desires to learn more, the option should be available, however 

without detracting from the remainder of the narrative visualisation.  

A further benefit of interactivity is that it can promote learning through fostering a sense 

of enjoyment and curiosity. “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.   

Personally, relatable content to reach the reader  

Evidence suggests that personally, relatable content is the primary driver for gaining and 

retaining reader attention [67, 143]. “If the designer couldn’t make it relatable, the piece 

doesn't have a chance at all to reach the intended audience” P1 or as exemplified 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 out.” The dilemma for the narrative visualisation 

practitioner is to engage the reader by appealing to their frames of understanding and 

reference.  

An example put forward by one practitioner was when they needed to show air quality 

around the world, which is usually associated with parts-per-million (PPM). This is a data 

type not easily understood outside of the scientific community. “Then I found this 

research that said if you have that amount of PPM, that means you are smoking this 

many cigarettes per day. Like if I tell you that if your air quality is this, it means that you 

are smoking 10 cigarettes per day for one year” P4.  

The thought process of taking abstract data and applying it to the relatable frame of 

reference is a fundamental part of narrative visualisation development and seems to be 

largely intuitively incorporated. Illustrated by P5 “Usually it's fairly self-evident if 

something is working or not.” 

Easily recognisable content for universality 



73  

The use of imagery that is easy to recognize because it relates to everyday objects has 

been shown to increase visualisation effectiveness [32]. By presenting the information 

in visual metaphors the reader can mentally map concepts and analogies [190]. These 

can bridge cultural divides and can aid in universal comprehension. Easily recognisable 

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.  “It's very important to use 

real-world conventions. I think, especially with new kinds of charts and unfamiliar things, 

it can take people a while to understand what's going on. So to be able to route it in 

something that they already know, like a clock, which everyone is very familiar with, it 

helps them just digest it faster” P12.  

The digital clock-face exemplifies easily recognisable content as it is a common visual 

metaphor. Multiple practitioners nominated a narrative visualisation that uses data from 

the ‘American Time Use Survey’, as particularly effective [197]. It simulates a working 

day for men and women. Each dot represents a person where they move according to 

their location at that time of the day. The clock-face clicks over automatically and the 

user can choose to pause or increase the pace or slow down the movement of dots. 

“Everyone including children know how to read the time. We have a mental connection 

from this 12-hour time format. There's a mental model already in our heads” P1. Using 

the widely recognized clock-face motif, complex data on American time use was easily 

comprehended. See figure 3 for a screenshot. 

Credibility and Trust 

Data source identified it’s non-negotiable 

“It seems sensible that the ethics maintained in journalism should be upheld in visual 

data storytelling as well [112].”  “I wouldn't even necessarily say that that's good narrative 

visualisation, that's just good journalism” P5. “It's non-negotiable” P2. This was the 



74  

consensus of practitioners who agreed that every single piece of work required the 

original data source. When possible the methodology of how the data was manipulated 

and presented, should be included. Practitioners described that simply linking to the data 

is not adequate when developing narrative visualisation, because the story is product of 

processed data and its’ representation may not be inherently comprehendible from the 

source. The process is summed up with “You know, if you don't believe me here is the 

data, you go analyse it” P11. This sentiment is echoed in academic research wherein a 

study by Peck et al. it was found identifying the data source of a visualisation increased 

credibility with some audiences [143].  

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 visualisation may look precise but isn’t necessarily 

accurate [41]. Furthermore, due to their inaccurate data, which has been emphasized, it 

is particularly compelling. The challenge is then for the practitioner to represent the data 

without manipulating to the extent it is no longer accurate. As explained by P12 “try to 

show what the data 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 [105]. 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 a 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 
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two or three day. There's no way you could scale that proportion. So they use the log to 

sort of like, you know, tie everything together. Its necessary distortion, but it's also a 

distortion and some people looking at that, feel that it’s misleading” P10.  

Superfluous Heuristic Elements 

Some elements that were on our original list do not appear in our heuristic framework. 

These elements are; ‘data chunking’ and ‘findability of the visualisation on the internet.’ 

For the rationale behind removing ‘data chunking’ see previous section under 

‘cohesiveness.’  

‘Findability of the visualisation on the internet’ was the least popular heuristic in our 

survey of practitioners n=4 or 2%. We asked practitioners why they thought that this 

heuristic was not popular. P4, P8, P5, P11 and P2 all indicated that the cause was due 

to audience considerations. An effective narrative visualisation does not necessarily 

have to have a large audience which is required to be broadcast on the internet. For 

example “if you're talking about a visualisation that's being developed specifically for 

some really small niche group of researchers or something like that, then it doesn't 

matter” P5. Another reason was that search engine optimization is considered not part 

of the development process for narrative visualisation. As suggested by P9 “this is more 

a marketing part so maybe I would take that out.”  
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Figure 2: Screenshot from the Day in the Life of Women and Men, used with permission 

from author Nathan Yau  [197].  

Case Study: A Day in the Life of Women and Men 

‘A Day in the Life of Women and Men’ authored by Nathan Yau, is based on data from 

the ‘American Time Use Survey [197].’  It simulates a working day for men and women. 

Each dot represents a person where cyan represents women and orange represents 

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 

movement of dots. This particular narrative visualisation was mentioned in two interviews 

as effective narrative visualisation. As described by P1, the “choice of using movement 

to represent real world activities is perfect.” Considering the exemplary nature of this 
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narrative visualisation we deem it suitable as a case study. Categorically, we relate each 

heuristic to the narrative visualisation to demonstrate how our heuristic framework could 

be applied. See Figure 3 for a screenshot of the narrative visualisation. 

Firstly, when considering, ‘Logical layout’ we can observe that the information is 

presented without any ‘visually jarring’ 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. 

Interestingly, ‘Mindful use of colour’ is shown through the fact that the practitioner has 

used neutral colours for each gender. Stereotypical colours 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 visualisation. 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 activities listed in the ‘American Time Use Survey.’ 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 initially observed in the attention grabbing title. Then as the visualisation 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 narrative visualisation. ‘Interactivity’ is used as 

suggested by our interviewees. Instead of being necessary for the comprehension of the 

narrative visualisation, 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 
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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 recognisable content’ 

is observable, 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 children know how to read time.” 

Finally, both heuristics in the category of ‘Credibility and trust’ are addressed. The author 

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

and tools used. 

Implementation of Framework 

In our survey of practitioners, we found that 90% of practitioners had a colleague or 

external expert review their work. Informal group discussion was significantly the most 

employed inspection method of evaluation. 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 

[38]. The primary 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 

visualisation recognised the value in knowledge sharing and listed some of the benefits. 

For example, it could “accelerate a lot of decisions” P10 or they could “make the whole 

process repeatable, reproducible” P1. Santos et al. extends this point, where heuristics 

can facilitate the replication of skills and a “common ground for the comparison among 

works [26].” 

The question is then how would this framework be systematically implemented when an 

informal approach was preferred. We propose that our heuristics are not implemented 

as phased evaluation method as described by Nielsen [134]. Rather, our heuristic 
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framework should be implemented as described by Carpendale, as foundational 

checklist. The practitioner can keep the heuristics in mind during the development 

process at various phases of the project [47].  

Our upper-level categories aim to make the heuristic framework easier to keep in mind. 

We found that most practitioners 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, practitioners 

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 process.  

Limitations and Future Work 

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 visualisation. 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 negative. This process sifted 

out most unsuitable practitioners. 

The practitioners were selected primarily from one online community forum. The 

community forum ‘The Data visualisation Society’ does not include the entire narrative 

visualisation practitioner community and therefore may skew the results. ‘The Data 

Visualisation Society’ does however have a substantial user base and is as close as 

possible to being representative of the practitioner community.  
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A substantial portion (58%) 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 visualisation practitioners are rarely familiar with the term 

heuristics [141]. 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 [134] 

Our future research will validate our heuristic framework through a validation experiment. 

The primary aim will be to find out whether our framework is useful and usable to 

practitioners of narrative visualisation. We acknowledge that many heuristic sets are not 

validated and it is an important step in heuristic establishment [85]. We plan to couple 

our validation experiment with content analysis of narrative visualisation. This will outline 

if the heuristics we mentioned are apparent in effective narrative visualisation.   

Our research has discovered new research opportunities in the area of narrative 

visualisation evaluation. For example, the novel evaluation method of ‘guerilla testing’ 

could be an interesting avenue of research. Another interesting area could be the use of 

social media feedback as an evaluation tool, specifically Twitter. A revealing cross-

disciplinary study could investigate the process of data abstraction into relatable frames 

of reference. For example, one interviewee described how abstract air pollution data was 

equated into cigarettes smoked per day. To make complex data accessible and 

compelling is no easy feat. It is clear, further studies are needed to examine this cognitive 

process and others shown by experienced practitioners of narrative visualisation.  

Conclusion  
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Our study of narrative visualisation practitioner evaluation practices ‘in the wild’ found 

usually ad hoc evaluation approaches are employed. We propose a preliminary heuristic 

framework so that the evaluation process can be streamlined. Through coupling real-

world practices with academic research, we introduce the foundation for further research 

into the best practices and heuristic evaluation of narrative visualisation evaluation.  
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Chapter Three—Heuristics for 

Evaluating Narrative Visualisation: A 

Validation Study 

Synopsis 

 

The contents of chapter three are closely aligned with the previous chapter. It is an 

obvious next step to validate if the set of heuristics that were presented in chapter two. 

The decision to make this a separate research work was the depth of the heuristics set 

validation. Working with collaborators it was determined that the set of heuristics were 

required to be implemented in different contexts and using different scenarios. It is thus 

that the validation was split into two separate studies, with multiple experiments in each 

study. All the participants that took part in validation were experienced practitioners of 

narrative visualisation.  
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Abstract 

Narrative visualisation integrates data visualisation and narrative techniques to convey 

a compelling story. Narrative visualisation is notoriously difficult to evaluate. One solution 

is heuristic evaluation, using a domain-specific set of heuristics. This paper validates a 

set of heuristics proposed specifically for evaluating narrative visualisation. We 

conducted studies with experienced narrative visualisation practitioners in both 

summative and formative settings. We found that the set of heuristics showed promise 

in a summative setting, where similar responses evidenced that the set of heuristics 

could provide reliable evaluation metrics. Furthermore, in a formative setting, 

implementing the set of heuristics was reported to be useful in the design process; 

however, due to their limited focus, we recommend that it be implemented in conjunction 

with other evaluation guidelines. 

Introduction 

The capacity for narrative visualisation to convey complex, important information 

compellingly has resulted in it being an increasingly popular communication medium. It 

has been employed in various contexts, ranging from explaining the extinction crisis to 

America’s debt ceiling [7, 96]. However, the means by which practitioners can conduct 

rigorous evaluations of their narrative visualisation remain problematic. 

Conventional empirical evaluation methods and metrics are not sufficient in evaluating 

the experiential nature of narrative visualisation. Narrative visualisation practitioners use 

narrative techniques, appropriated from classical narrative disciplines such as literature, 

comics, and film [10, 17, 91]. Such techniques can create rich, affective reader 

experiences that help create a story in the reader’s mind [159]. Empirical studies are 
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needed in narrative visualisation evaluation as it is a distinctive form of visualisation that 

bridges the divide between traditional storytelling and the disparate technicalities of data 

visualisation.  

One possible method to evaluate narrative visualisation is heuristic evaluation. First 

described by Nielsen in 1994, it involves usability experts who review a system and judge 

how well it meets the objectives of a list of predefined guidelines – heuristics [134]. The 

visualisation community has recognized that heuristic evaluation could be a valuable tool 

for evaluation [117, 61]. Indeed, various sets of heuristics have been proposed for 

information visualisation [118, 119, 91]. Recently, a set of heuristics specifically for 

evaluating narrative visualisation was proposed [63]. Unlike other visualisation heuristic 

sets, this set incorporates the storytelling aspects of narrative visualisation. It was 

created from a survey of practitioners, who were integral in their establishment. This 

heuristic set has yet to be assessed as advantageous to practitioners when evaluating 

narrative visualisation.   

In this paper, we describe how we validated our domain-specific set of heuristics and 

outline the results of this validation. We conducted studies in both summative and 

formative settings to ascertain whether the heuristics could be useful in different contexts 

and at different stages in the development cycle. Summative evaluation is described as 

a ‘seal of approval’ when evaluating a visualisation [61]. In our summative study, we 

tasked multiple evaluators to individually evaluate a published, or a working prototype of 

a narrative visualisation [134] The formative study differs in the development phase. 

Occurring much earlier in the project cycle, the purpose of our formative study was to 

investigate whether the set of heuristics can assist with the early design of the narrative 

visualisation. In this study, we tasked practitioners to create a wireframe of a narrative 

visualisation. Wireframe creation is a common step in the formative stages of data 

visualisation development [141].  
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We found that when implemented in a summative setting, the set of heuristics resulted 

in a good level of inter-rater reliability in evaluator responses. Consistent evaluation 

responses meant that this evaluation method could potentially standardise narrative 

visualisation evaluation as it evidences a reliable evaluation method. 

In a formative setting, practitioners reported the heuristic set useful. This was because 

it provided structure to their design process. In both studies, we found that practitioners 

mentioned that they would integrate other guidelines or heuristics to complement the 

heuristic set. They reasoned that the domain-specific set of heuristics was too narrowly 

focused on the story-telling aspects of narrative visualisation. With this research, we 

contribute an important step toward empirically validating a set of heuristics for narrative 

visualisation evaluation. To conclude this paper, we identify opportunities for further 

refinement of the heuristics and future research related to narrative visualisation 

evaluation. 

Related Work 

In this section, we define narrative visualisation, summarize recent research, and explore 

the challenges in its evaluation. We then describe domain-specific heuristic evaluation 

and its relationship with visualisation. Finally, we motivate our work by describing the 

importance of validating domain-specific heuristics.  

Narrative Visualisation  

Narrative visualisation is defined as a story consisting primarily of visualisation steps, 

which can include text and images but essentially is based on data [107]. Segel and 

Heer were the first to coin the term and map the narrative visualisation design space 

[169] They categorized narrative visualisation into overarching genres, such as comic 

strips or slide shows. Narrative visualisation research has further detailed aspects of the 
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design space, including story sequences, rhetorical strategies and factors that 

encourage reader engagement [90, 91, 124]. While delineating the unique and complex 

characteristics of narrative visualisation, more understanding is required in to how it can 

be practically evaluated. 

In an attempt to capture the richness and complexity of narrative visualisation, novel 

evaluation methods have been investigated. Some examples of novel evaluation 

methods studied include elicitation interviews, focus groups, and reaction cards [67, 125, 

137]. The aforementioned studies all incorporate end-users. Currently, many narrative 

visualisation practitioners do not employ end-user testing in their development process 

[63]. This is largely due to drawbacks in end-user testing such as it being expensive, 

laborious, and time-consuming. One evaluation method that does not include end-users 

is heuristic evaluation. This benefit, among others, gives us reason to believe that 

heuristic evaluation could be a promising solution to the challenge of practically 

evaluating narrative visualisation. 

Heuristic Evaluation for Visualisation 

Initially introduced by Nielsen, heuristic evaluation is an inspection method of evaluation 

[134].  Inspection methods of evaluation are a group of evaluation methods where a 

small number of experts inspect a user interface to discover gaps in its design. Heuristic 

evaluation differs from other inspection methods because it incorporates a list of 

guidelines or heuristics in the evaluation procedure. Nielsen described heuristic 

evaluation as a ‘discount’ evaluation method as it is quick to perform and does not 

require end-users [134].  This method is said to be particularly helpful early in the design 

process, however, it can be used at all stages of development. Heuristic evaluation is 

most effective when the heuristics are domain-specific. Similar to other domains, 

domain-specific heuristics are recommended for visualisation evaluation [181, 203]. 
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Tory and Möller were the first to empirically establish that expert reviews, using a set of 

heuristics or guidelines, are a valuable tool in the domain of visualisation [186]. This is 

because heuristic evaluation can bridge the gap between visualisation design and 

technical implementation [128, 129]. Another benefit is that heuristic evaluation can 

provide structure to the visualisation evaluation process [186]. Furthermore, 

methodologies that adopt a heuristic approach are evidenced to be useful for 

visualisation evaluation. For example, the colloquially named ‘ICE-T’ methodology was 

found to be promising when valuing a visualisation [193]. Alternatively, combining 

heuristics with other methods such as question-based scoring, has been found to be a 

robust visualisation evaluation approach [84].  Another usage for heuristics is as an 

effective aid to educate students about the concepts and foundations of visualisation 

[163].   

Finding an appropriate set of heuristics is one of the main challenges for visualisation 

evaluation. Multiple sets of heuristics exist for visualisation evaluation, each with a 

different intent and focus. For example, Amar and Stasko identify heuristics designed to 

cover known gaps in visual analytics processes [8]. To assess a visualisation’s usability, 

Forsell and Johansson compiled a list of published heuristics and tested them on a 

collection of usability problems to identify 10 heuristics for information visualisation 

usability evaluation [70]. All aforementioned heuristics are not specific to narrative 

visualisation evaluation. While evaluation criteria and design guidelines have been 

proposed for narrative visualisation they are not designed primarily for heuristic 

evaluation [104, 133].   It is therefore we focus on our set of heuristics because they are 

specifically proposed for narrative visualisation heuristic evaluation [63]. 

Carpendale described multiple disadvantages of heuristic evaluation for visualisation. 

For example, the heuristics may be neither easily understandable nor straightforwardly 

applicable by practitioners who are not experienced evaluators [47]. Moreover, being 
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bounded by a set of rules could result in heuristics stifling the creativity of the designer 

[47].  Another notable issue is that domain-specific heuristics are narrowly focused 

meaning usability problems may be overlooked [47]. Such limitations in heuristic 

evaluation led Nielsen to recommend that heuristic evaluation should, optimally, 

complement end-user testing [134].   

One barrier to the adoption of heuristics is translating the heuristic evaluation method 

into a realistic operational process [98].  Practical difficulties arise, such as time 

constraints [98].  In the early phases of development, clear objectives and variables 

might not yet be well defined. Effective heuristics function as a way of focusing attention 

on important aspects of the visualisation and saving time by adding structure to 

evaluation [186].  In this work, we adopt Scriven’s definition of formative evaluation [168]. 

Fundamentally, formative evaluation means detecting deficiencies in an early to 

intermediate version of an application to improve its design. Carpendale described how 

heuristics can act as a checklist to keep in mind during the formative stages of 

visualisation development [47]. 

The goal of summative evaluation is to assess or compare a post-deployment or a near-

deployment prototype [168]. Summative evaluation is necessitated in contexts such as 

industry awards or student marking. The results of the summative evaluation must be 

reliable so that they can be objective and repeatable.   

Validating Domain-specific Heuristics 

Validating domain-specific heuristics is crucial because, without empirical validation, 

weaknesses in the heuristics might not be identified. Weak heuristics can result in 

improper or poorly evaluated applications. Hermati et. al systematically reviewed 

domain-specific heuristics [85]. They found a documented lack of empirical validation in 

establishing a set of domain-specific heuristics.  
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Formalised methods for the validation of heuristics are not yet widely implemented [85]. 

Hermati et. al found that the most common form of validation consisted of the application 

of the heuristics by experts, and analysing their outcomes. Other validation methods 

included comparing the outcomes of heuristic evaluation to end-user evaluation 

outcomes. In this study, we have adopted the former method of validation. A similar 

method to validating heuristics was used in multiple visualisation evaluation studies [84, 

193]. 

Therefore, our validation approach consisted of applying the heuristics by experts and 

analysing their outcomes. We focus on the usefulness and practicality of the heuristic 

set. Using realworld examples, settings and practitioners we are able to bridge the divide 

between academia and visualisation practice 

Figure 3: Procedure for summative study experiment. Phase 1 consists of consent and 

demographic questions. Phase 2 consists of heuristic introduction, random order of three 

visualisations. Phase 3 consists of qualitative feedback questions.  

Research Method 

This work aimed to validate a set of heuristics for the evaluation of narrative visualisation. 

We performed two studies in two varied evaluation settings to achieve this aim. The two 

evaluation settings were; summative and formative. To see raw data, please visit the 

supplementary material:  

https://osf.io/6aytu/?view_only=33469c21cfdd40b68b14dd910c7af6a0 

The Set of Heuristics 

https://osf.io/6aytu/?view_only=33469c21cfdd40b68b14dd910c7af6a0
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The set of heuristics that was the focus of this study was developed in three phases 

[63]The first phase focused on finding empirical research in narrative visualisation and 

storytelling. The concrete findings from the reviewed research were then synthesized 

into a set of foundational topics featured in a survey of practitioners. The results of the 

survey then influenced a series of interviews where the set of heuristics were discussed. 

This iterative process of developing a set of heuristics is as described in literature on 

visualisation evaluation [47].  

The heuristic set was minimal in its design and similar to the original usability heuristic 

set described by Nielsen [134]. A challenge in establishing a set of heuristics is that it 

must be specific in its instruction yet simultaneously general so that it can be applied 

universally. The set is split into three over-arching categories; ‘composition’, ‘reader 

experience’ and ‘credibility and trust.’ The ‘composition’ category relates to the visual 

aesthetic, information distribution, and overall layout. The ‘reader experience’ category 

relates to how a reader interacts with and experiences narrative visualisation. Finally, 

‘credibility and trust’ relates to data quality and ability for the narrative visualisation to be 

believed. In order to perform a validation on the set of heuristics we adapted it into a 

series of questions. Similar adaptations were successful in evaluating programming 

languages [160]. Please see Table 5 for the set of heuristics adapted into questions.  
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Composition Does the narrative visualisation flow logically? 

Does the narrative visualisation slowly guide the reader into 

complexity? 

Do the colours of the narrative visualisation have any 

unwanted cultural or emotional connotations? 

Does the text, specifically the title, aid the reader in 

understanding the narrative visualisation and intrigue the    

reader to read further? 

Reader Experience Does all data visualized relate to the focus of the narrative 

visualisation? 

Does the narrative visualisation retain interest without being 

too long? 

Does the narrative visualisation function without the need for 

interactivity? 

Does the narrative visualisation personally relate to the 

reader’s frame of reference? 

Does the narrative visualisation use recognisable universal 

metaphors? 

Credibility and Trust Does the narrative visualisation identify a data source? 

Does the narrative visualisation present the data in a 

confusing manner that could lead to misinterpretation    from 

the reader? 

Table 5: The set of heuristics for evaluating narrative visualisation adapted into 

questions. The first column contains the question ID, the second column contains the 

upper-level category, the third column contains the questions 
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Study One - Summative Evaluation 

The aim of this first study was to ascertain if a set of heuristics could be used to evaluate 

narrative visualisation with reliable outcomes when evaluating a post-deployment or a 

near deployment prototype. We also asked practitioners about the usefulness and 

feedback on the set of heuristics.  

Procedure 

This experiment consisted of three phases. The introduction phase, the evaluation 

phase, and lastly the qualitative feedback phase. See Figure 1 for a diagram of the 

experiment procedure. Our survey instrument was hosted on the Qualtrics survey 

platform. During the introduction phase, the participant first was presented with a 

consent form, where ethics information was provided. If the participant consented they 

would then be asked demographic questions including, gender, years worked, and 

designation. After completing the demographic questions, the participant was presented 

with a set of heuristics adapted into questions. Please see Table 1 for the questions that 

were presented in the introductory phase, and also used during the evaluation phase of 

the experiment. 

The second phase, the evaluation phase, consisted of presenting the participants with 

three separate narrative visualisation examples. We used a pseudorandom order of 

visualisations to minimize potential ordering effects. There were feedback questions 

were not mandatory to answer. 
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Figure 4: Three narrative visualisation examples used in the evaluation stage of the 

summative study. From the top; Visualisation A by Carlo Zapponi “Has the cost of a 

human life changed?” [199], Visualisation B by Nathan Yau “A Day in the life of Men and 

Women” [197], Visualisation C is an example of ineffective visualisation devised by the 

authors of this paper. 

 Materials 

Three narrative visualisations were selected as examples in our study. We name each; 

visualisation A, visualisation B, and visualisation C. We will explain our reasoning for 

selecting each visualisation below. All visualisations were used with permission from 

their authors.  

visualisation A won the Information is Beautiful Challenge award for best interactive 

visualisation. Titled “Has the cost of a human life changed?” by Carlo Zapponi, it 

compared the cost of human life over the centuries [199]. Visualisation A could be 

described as a ‘martini glass’ structured narrative visualisation [17]. This is where the 

narrative visualisation is structured linearly and then concludes with an explorative, 

interactive visualisation on the last screen. This structure is quite common for narrative 

visualisation [169]. Due to the award-winning status of this narrative visualisation, it 

served as an exemplary example for this study. 

Visualisation B differs from visualisation A in structure and topic. It was selected because 

it was deemed effective by narrative visualisation practitioners [63]. Based on the 

American Time Use survey and titled “A day in the life of women and men” by Nathan 

Yau [197]. It does not require scrolling and is animation based. It was deemed 

particularly effective by practitioners due to multiple factors, including the lack of 

scrolling, the unique animation and the interactive element, which gave the control over 

the animation to the reader. As observed by Segel and Heer, most interactive narrative 
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visualisation is a hybrid of both read-driven and author-driven content, which is illustrated 

succinctly in Visualisation B [169].   

Visualisation C was developed by the authors of this paper as it is not ethical to use a 

published example as an ineffective example. Published narrative visualisation is usually 

attributed to a particular author where evaluating it as ineffective would be to the 

detriment to the author. Therefore to evaluate an ineffective example, it was necessary 

to develop an ineffective example. The ineffective example was based on characteristics 

of ineffective narrative visualisation described by practitioners [63]. Some of these 

characteristics are included in Visualisation C. Characteristics of ineffective narrative 

visualisation contained in Visualisation C included a particularly complex chart, namely 

a circular dendrogram, at the opening of the narrative visualisation, an inappropriate title 

and a lack of cited data source. Visualisation C is an example of a ‘scrollytelling’ narrative 

visualisation [170]. Scollytelling means that through the reader scrolling the story is 

incrementally revealed in a series of screens. Due to the structured, linear reader 

experience, it is an author-driven narrative visualisation. See Figure 4 for selected 

screenshots of each visualisation. 

Participants 

We emailed 48 practitioners of narrative visualisation. These practitioners were recruited 

from an active practitioner forum called the Data Visualisation Society. Each practitioner 

had indicated that they are a contributor to narrative visualisation in their personal 

introduction to the forum. We received 28 responses. From the 28 that started the survey 

a further 11 did not complete the experiment. The final total equalled 17 participants, 

who had completed the entire experiment. Further details on the challenges of recruiting 

and requesting time from professionals in narrative visualisation can be found in the 

‘Limitations’ section of  this chapter.  
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Of those who completed the experiment, 4 were female and 13 were male. No 

participants indicated they were binary/third gender or preferred not to say. We asked 

participants how many years they had worked with narrative visualisation. The largest 

group was 8 participants, who indicated they had worked with narrative visualisation for 

10 years or more. We asked participants what their primary designation was. 5 

participants indicated they worked primarily as a practitioner, 2 as designers, 5 editors 

and 5 as ‘other.’ Some other designations included analyst, consultant and design 

director. For the remainder of this work, we refer to the 17 participants in the summative 

study with a P1- ID number. 

Study Two – Formative Evaluation  

Heuristic evaluation is reported to assist in all phases of development. The aim of our 

second study was to find out if the set of heuristics could aid in early development of 

narrative visualisation. Normally in early phases of narrative visualisation development 

low-fidelity wireframes are produced, these serve to support later development and their 

audience is usually restricted to the development team. In this study, we investigate if 

implementing the set of heuristics could improve design. At this early stage, improved 

design is difficult to quantify so we relied on feedback of practitioner participants.   

Procedure 

We ran our two separate experiments with similar procedures. The first experiment was 

conducted with six practitioners, who were split into two groups. Each group contained 

three practitioners. We approximated that the skill sets of group members were equally 

distributed. Therefore each group contained a designer, editor, and data specialist. It 

has been observed that a group discussion is most effective when group participants 

have clearly allocated skills to contribute to the discussion [38]. 
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One group was deemed the control group (condition 1). The control group did not use a 

set of heuristics to evaluate their prescribed narrative visualisation task. This group was 

given 10 minutes, where the scenario was explained, their expected outcome described 

and any questions availed. Then they were allotted 30 minutes to complete the task 

described in the task section of this document. The second group followed a similar 

procedure, with the inclusion of an intervention (condition 2). They were presented with 

the set of heuristics which was described in detail for 5 minutes before their allotted 30 

minutes of time began. Once the allotted time was complete we questioned the 

practitioners on their experiences. Finally, we followed-up shortly after the experiment 

asking the practitioner to rate their ‘satisfaction with their design.’ 

The second experiment followed a similar procedure to the first. It differed in having only 

two highly-experienced participants and a different task. Similar to experiment 1, 

experiment 2 gave one participant the set of heuristics (condition 2) and one participant 

was deemed the control (condition 1). 

Intervention 

To implement the set of heuristics as an intervention in our experiment conditions, we 

adapted the heuristics into a series of questions. Their instruction was to implement them 

as a checklist. See Table 5 for the heuristic questions adapted for the experiment. 

Experiment One 

Task  

We developed a hypothetical narrative visualisation development scenario. The scenario 

was aimed to resemble a task the practitioners faced in their day-to-day work. We 

determined an appropriate task from an examination of their previously published 

visualisation work. The data that the task was based upon is freely available. If the 
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practitioners desired to use imagery they were encouraged to source the images from 

iStock photo so that we could purchase their copyright.   

The task for experiment 1 (E1) was as follows. A not-for-profit organization named 

‘Dementia Care Singapore’ has requested a narrative visualisation that informs 

Singaporean middle aged audiences about dementia. Dementia is on the rise in 

Singapore, due to its aging population. Middle aged Singaporeans should act imminently 

to reduce the risk of being diagnosed with dementia. ‘Dementia Care Singapore’ would 

like to bring attention to the 5 health considerations to reduce the risk of dementia. 

Participants 

We recruited 6 practitioners from a professional data-storytelling studio. The 

practitioners retained varied levels of experience and expertise.  All participants 

identified as female. For the remainder of this work, we refer to all participants in the 

formative study with a P2- ID number. Three participants were in the control group that 

were not given the set of heuristics and three participants were in the group that were 

given the set of heuristics. 

Experiment Two 

 Task  

Similar to the first experiment, we devised a hypothetical scenario which resembled a 

task the practitioners might face in their day-to-day work. The scenario was as follows.  

An Australian government agency named Cyber.gov.au has requested a narrative 

visualisation that informs an older audience about online scams. Scammers are using 

more sophisticated techniques than ever before. Cyber.gov.au desires that older 

Australians comprehend the magnitude of the threat and also learn the ‘impersonation 
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red flags.’ These are a set of guidelines that can help older people determine the 

legitimacy of an email, text message or phone call. 

 Participants 

We recruited two highly experienced data visualisation experts. Each had 11 years of 

professional experience as data visualisation specialists in a range of contexts, including 

government, finance and health domains. One identified as female and the other 

identified as male. The male was given the set of heuristics before and the female 

practitioner was deemed the control, and not given the set of heuristics. 

Results 

Study One – Summative Evaluation  

Participant responses 

We compiled the responses for each heuristic categorised by visualisation. We 

aggregated the responses of participants to determine group average and if there were 

any outliers. Participant responses were generally consistent with the group average. 

After performing the inter-quartile range rule, one extreme outlier was determined. P1-

4, who submitted the lowest aggregated responses at 83. We did not remove the 

extreme outlier from the dataset as after analysis the participant gave valid responses 

in-line with other participants, albeit somewhat lower.  

The evaluation phase of the survey consisted of 11 heuristics questions per visualisation. 

Therefore there were 33 evaluation questions in total. The possible aggregated range of 

responses is 132, where if a participant gave a 1 to each question, the lowest possible 

score is 33, or if they gave a 5 for each question the highest possible score is 165. Our 
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reported range of aggregated responses equalled 49, the lowest score was 83 and the 

highest was 132.  

 

Figure 5: Means comparison chart for each heuristic question, grouped by visualisation 

example, with aggregated responses on y axis, bars representing standard deviation per 

heuristic question 

 Inter-rater reliability 

We tested inter-rater reliability using the intra-class correlation coefficient (ICC). A high 

degree of reliability was found between the participant responses. The average measure 

ICC was .88, t(32)= 8.70, p<.001. With a confidence interval of 95%=.82-93. The ICC 

.88 indicates a ‘good reliability’ as the ICC value is between 0.75 and 0.9 [106]. The 

‘model’ used was the ‘Two-Way Random-Effects Model,’ to generalize results. This is 

providing participants shared similar characteristics, such as professional expertise in 

contributing to the development of narrative visualisation. The ‘type’ we selected was the 

‘mean of k raters’ due to the multiple participants that took part in the survey. Finally we 

chose the ‘definition’ of ‘absolute agreement’ as that suited our aim finding reliable 

responses to the heuristic questions posed. 

We also calculated inter-rater reliability at the individual heuristic level to assess whether 

the participants’ responses were more reliable for some heuristics than for others. The 

analysis revealed that a good level of reliability was found for each heuristic outside of 

1

2

3

4

5

1 2 3 4 5 6 7 8 9 10 11
Questions

Ag
gr

eg
at

ed
 re

sp
on

se
s

Vis A
Vis B 
Vis C



101  

question 7. Question 7 was ‘Does the narrative visualisation function without the need 

for interactivity?’ and it received a ‘moderate reliability’ score[106]. It’s average measure 

of ICC was .67, t(32)= 3.16, p<.056. See Figure 5 for the standard deviation for each 

question. This chart illustrates that question 7 had the highest level of deviation and 

therefore displays the lowest level of inter-rater reliability.  

Qualitative Feedback 

The last phase of the survey asked feedback questions. 13 of 17 (76%) participants 

indicated they ‘somewhat agreed’ that the set of heuristics were useful for evaluation. A 

further two indicated ‘they neither agreed nor disagreed’ that the set of heuristics was 

useful, while two ‘somewhat disagreed’ that the set of heuristics was useful.  

We asked if the participants would likely use the set of heuristics with complementary 

guidelines. 12 of 17 (71%) indicated they ‘somewhat agreed’ a further four, ‘neither 

agreed nor disagreed’ and one participant ‘somewhat disagreed.’ We asked an open 

text question about what other guidelines participants would use in conjunction with the 

set of heuristics. This question received responses that could be categorized into two 

major themes. Firstly responses could be thematically grouped under ‘data’ as illustrated 

by P1-5 who suggested “Data focus.” Further to the point that data accuracy was not 

addressed in the heuristic set P1-2 wrote, “Accuracy, emphasis, and message.” Another 

participant mentioned two specific sets that they would use, P1-11 “I might use ICE-T or 

Perceived Visual Informativeness.” A second theme that was mentioned by participants 

was ‘usability’ as described by P1-17 “A checklist that focused on visualisation best-

practice, accessibility, and UX.”  

We asked if there was any heuristic that the participant would change. P1-8 wrote, “I feel 

like the question on interactivity could be more nuanced because some of the visuals 

aren't really interactive.” This is in-line with the finding that question 7 received the lowest 
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degree of reliability. This question asked ‘Does the narrative visualisation function 

without the need for interactivity?’ Another comment of interest was from P1-9 who wrote 

“The question after data and data source seems somewhat not related to the other 

questions. It's more of a technical/transparency thing. Of course, it is important, but 

maybe it should be part of a different/technical checklist.” P1-11 wrote, “It doesn't really 

address persuasiveness.” 

The last question on the survey asked participants if there were any final thoughts on 

the set of heuristics. P1-17 answered “I love the idea of a checklist to evaluate the 

efficacy of a narrative visualisation but I feel like this list is too basic and misses some 

important areas of focus.” Conversely, P1-15 responded with “Conceptually, a very good 

approach homing in on narrative data visualisation specifically. Smart list, useful for 

practitioners who are either actively developing a narrative visualisation or critiquing a 

finished one.” 

In the experiment we asked participants if they wanted to comment after each heuristic 

question. It was not mandatory to leave a comment and therefore often they did not. We 

analysed each comment that were left to gain greater insight into the cognitive processes 

of the evaluators. We examined question 7 as it received the lowest level of reliability. 

We found that there may have been some confusion in regard to question 7 which asked 

‘Does the narrative visualisation function without the need for interactivity?’ For example 

P1-15 wrote in response to visualisation A “I assume you're referring to the chart page 

at the end. Interactivity was indeed necessary to advance past the sentence slides at 

the beginning.”  

The deliberately ineffective characteristics of narrative visualisation contained in 

visualisation C were reflected in the comments left by participants. Question 2 asked 

‘Does the narrative visualisation slowly guide the reader into complexity?’ We  
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deliberately placed an overly complex chart at the beginning of visualisation C. It seems 

that the overly complex chart was noticed and assessed as such by participants. P1-11 

commented that visualisation C “Pretty much just jumps right into the complexity and 

then the narrative is after.” P1-7 commented “You are given the diagram without much 

introduction and it is confusing.” 

 

E1-1 (Control) E1-2 (Heuristics) 
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heuristics, about their usage process. P2-7 who was part of the second experiment (E2) 

described that the heuristics functioned as a reference “whenever I make a design 

decision I can refer back to it and, ask which box does it tick?” Those from the first 

experiment (E1) reported to “check through the list to make sure that we had all the 

things were present” (P2-6).  The E1 control group, reported repeatedly discussing the 

data and re-reading the supplied task. This indicated a less structured approach taken 

by the control group. Our data suggests that in both experiments, the group that used 

the heuristic set had a more structured approach to design and evaluation of their 

wireframe. 

While, the extensive expertise of all participants should be noted, there is the possibility 

that some heuristics were missed in the design phase. We asked participants if they 

would have forgotten any heuristic had it not been on the list. Remembering to identify 

the data source was mentioned in both experiments. (P2-6) who used the heuristic set 

explained how they “frantically searched for the data sources, making sure we had them 

somewhere.” It can be observed that in the wireframes designed without the heuristic 

set, the data source was omitted on their respective wireframes. All participants agreed 

that identifying a data source is required for a published narrative visualisation. 

The E1 control group’s wireframe concluded with a map where readers could search for 

help. In the E2 control wireframe, readers were asked to take part in a quiz. These are 

both examples of creative ways to interactively engage the reader. We asked why these 

elements were included in their wireframes. P2-8 explained why she included a quiz, 

“older people are the audience and everyone loves a quiz, especially them.” We asked 

the group from E1 why they included a map, “we wanted to say that, you can get yourself 

checked and there are resources to help you” (P2-2). While the wireframe that was 

heuristically evaluated in E1 did include a quiz-like section, audience consideration was 

not specifically mentioned by the group that used the set of heuristics. 
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 Satisfaction with design 

Post experiment we asked practitioners, via email, to rate their satisfaction with the 

design with a score of 10. Where 1 was the worst and 10 was the best. The purpose of 

this approach was to give participants a broad scope of responses, beyond a five-point 

Likert scale. We found that those who did use the heuristic set were more satisfied with 

their design (N=4, M=7, SD=0) compared to those who did not (N=4, M=5.25 SD=0.5).  

The qualitative data supported our quantitative result, where those who used the set of 

heuristics were generally more positive in their responses. P2-6, who did use the set of 

heuristics said, “I'm quite happy with what we produced in half an hour.” The restricted 

time limit was mentioned by all participants when asked about their reasoning for their 

given rating. P2-8, who did not use the set of heuristics, reported “I needed more time.” 

This was echoed by P2- 3, who described their wireframe as “incomplete.” 

Discussion and Future Work 

Reflections on the Assessment.  

Our analysis of the results suggested that the set of heuristics showed promise for the 

summative evaluation of narrative visualisation. In the summative study we found that 

evaluators provided reliable results when evaluating narrative visualisation examples. 

We found that there was a good level inter-rater reliability when we compared the 

evaluation responses from evaluators. The intra-class correlation coefficient was .88, 

where a value between 0.75 and 0.9 is deemed ‘good reliability’ [106]. While, there were 

some discrepancies on an individual heuristic level, the data suggests generally 

consistent results. When considering that summative evaluation is used in contexts such 

as industry awards, or student marking, consistent and reliable evaluation metrics mean 
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the heuristic set might prove a useful tool for narrative visualisation summative 

evaluation.  

In our formative study we found that the practitioners did find the heuristic set useful. We 

received a generally positive response to the integration of the heuristics in the design 

process. We found that the heuristic set provided structure to the design process. The 

heuristics functioned as a reference where crucial aspects, such as integrating a data 

source, would be otherwise forgotten if the heuristics were not referred to. Furthermore, 

those that used the heuristic set in their wireframe design, reported greater satisfaction 

with their outcome. This suggests that the heuristic set improved design, from the 

perspective of the practitioner. One observed drawback of integrating heuristics in the 

formative stage of development, was that creative audience engagement did not seem 

to be equally considered by the group that used the heuristic set compared to the control 

group. More research is required to examine if creative audience engagement is less 

considered when integrating heuristics into the narrative visualisation design process. 

Complementary Guidelines. 

Practitioners indicated that they would likely use a complementary set of guidelines or 

heuristics in conjunction with the set studied here. It was clear that the practitioners 

desired a more ‘applicable’ set of guidelines or heuristics, which focused on aspects 

such as usability and data visualisation. It is not feasible that one set of heuristics covers 

all possible aspects of narrative visualisation evaluation, therefore we have 

recommended heuristics that might work well in conjunction with the set we have studied.  

Usability is widely researched in relation to information visualisation. One possible 

complementary set of usability heuristics, tailored to information visualisation, which 

could potentially translate to narrative visualisation, was proposed by Forsell and 

Johansson [70]. Forsell and Johannson’s set of heuristics are a synthesis of multiple 
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heuristics that include, among others, the 10 usability heuristics proposed by 

Nielsen[134]. Fittingly, Forsell and Johannson’s set of heuristics were analysed and 

recommended to not be used exclusively, as they were lacking in aspects such as 

aesthetics [189]. 

Another aspect that was not covered in the studied heuristic set, but suggested by 

practitioners was data visualisation. Data visualisation best practices and guidelines are 

many and varied. P1-11 mentioned two possible options; “ICE-T or Perceived Visual 

Informativeness.” Firstly, Perceived Visual Informativeness, is an evaluation measure 

that focuses on the quality of visual evidence. It requires further research to its suitability 

as complementary to the heuristic set we proposed. At this point in time, it has been 

studied primarily in the health domain [102]. Secondly, ICE-T is a methodology, which is 

based on a heuristic set adapted into a series of questions similar to the approach we 

have taken in this work. The data visualisation emphasis of the ICE-T methodology 

means that it could potentially integrate quite favorably with the set of heuristics we have 

focused on in this work. The primary drawback is that there could potentially be some 

redundancies, specifically in the ‘Credibility and Trust’ upper-level category. This 

category is comparatively data-focused and could be compared to the ‘Confidence’ 

category in the ICE-T methodology list of questions. 

Refinement of the Heuristic Set. 

We found that there was confusion and misunderstanding concerning question 7 ‘Does 

the narrative visualisation function without the need for interactivity?’ This question 

received the lowest level of inter-rater reliability. When we investigated the qualitative 

data, we found further evidence that this question caused confusion. Interaction is a 

notoriously ambiguous term in visualisation research. Retrospectively, we should have 

clearly adopted an established definition of interaction for visualisation, “where 

interaction is the interplay between a person and a data interface involving a data-related 
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intent [145].” We believe that citing this definition would have largely cleared the 

confusion that this question generated. For example, practitioners questioned whether 

simply scrolling is classed as an interaction, and, as the definition suggests, it is indeed 

an interaction. 

Questions 10 and 11 which come under the upper-level category ‘Credibility and Trust’ 

garnered multiple comments from practitioners. Their appropriateness was questioned, 

as they are more data-focused rather than storytelling-focused. Future iterations of the 

narrative visualisation-specific set of heuristics could relate them to a complementary 

data-focused set of heuristics. 

Future Research Opportunities.  

A fruitful avenue for future research is further investigation into different complementary 

sets of heuristics for the evaluation of narrative visualisation. The ultimate goal is to 

determine a suite of heuristics that encompass multiple aspects of narrative 

visualisation, including data visualisation, and usability. A meta-analysis would verify the 

most suitable usage for each stage of evaluation from formative to summative stages. 

We predict, that such a study, would greatly benefit the design and evaluation of future 

narrative visualisation. 

All participants who took part in this work had professionally contributed to the 

development of narrative visualisation for multiple years. Therefore, the results of this 

work are indicative of expert advice. It stands to reason that the set of heuristics would 

influence students of narrative visualisation differently. Rather than focusing the attention 

of an experienced practitioner on the important aspects of the visualisation’s design, the 

set of heuristics would act as a means to educate students.  A similar usage has been 

advocated by Santos et. al [163]. Possible future work could examine if the set of 
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heuristics can foster design skills and provide a useful learning experience for students 

of narrative visualisation. 

Exploratory Evaluation 

The purpose of summative evaluation has been questioned, as it is produced at too late 

a stage to influence the design of the visualisation. It is alleged that not much is gained 

from simply stating one visualisation is better than another, rather an exploratory 

approach is recommended [61]. Exploratory evaluation asks ‘What have we learned?’ 

Answering such a question should not be limited to a stage in development. The 

participatory process to the development of our set of heuristics means, that with each 

summative heuristic evaluation, the practitioner acting as evaluator, could potentially 

reflect as to how it could influence their work. We encourage practitioners to share and 

evaluate the work of their peers. Through an open and supportive dialogue narrative 

visualisation design and evaluation will be better informed. 

In this work, we contribute to the narrative visualisation research area by performing a 

robust and rigorous validation of domain-specific heuristics. Establishing heuristics for 

specific domains should not stop once the heuristics are proposed. This is an important 

step toward establishing a set of heuristics for the evaluation of narrative visualisation, it 

is, however, not the final step. Through an iterative approach, the set of heuristics will 

modulate over time to suit this ever-evolving research area. 

Limitations 

A common issue with visualisation evaluation studies is the dichotomy of localisation and 

generalisation. While it is not feasible to study all possible scenarios, we have attempted 

to use varied scenarios in different stages of development, with topically different 

materials. For example we chose both formative and summative settings, with different 
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materials in each. The threat then is that the findings in this work are from too varied 

scenarios to draw concrete conclusions. This is a well-known challenge in evaluation 

research. We have recognized the fact, and compensated where possible.  

The number of participants and the variance in gender are further limitations to this study. 

The low participant numbers reflect the challenge of finding available professional 

practitioners of narrative visualisation. It should be noted other work in the visualisation 

research area have similar numbers of participants. Where Wall et al. recruited 15 

participants and Väätäjä et al. recruited five [189, 193]. Our inclusion criteria were quite 

narrow, where we required a proven record in contributing to the development of 

narrative visualisation. This meant recruiting suitable participants was particularly 

challenging. Moreover, the gender disparity in both studies were not ideal. Our first study 

was primarily male participants, where the second study consisted primarily of females. 

Future work will recruit more varied participants and in greater numbers.  

Allocating, even small blocks of time, from busy professional practitioners is problematic. 

According to feedback from practitioners, a lack of time was the primary reason so few 

completed the survey. We have at all points in this research, considered the time 

pressures felt by practitioners. We extend our gratitude to the practitioners that have 

given their time and valuable expertise to this research. 

Conclusion 

This work presents a step toward empirically validating a domain-specific set of 

heuristics for the evaluation of narrative visualisation. We asked practitioners to 

heuristically evaluate narrative visualisations, and they produced reliable evaluation 

metrics. Furthermore, the heuristics were reported to assist in the formative stages of 

narrative visualisation development. We found that the set of heuristics most likely would 
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need to be used in conjunction with data visualisation or usability-focused heuristics or 

guidelines, to encompass all aspects of narrative visualisation. 

Acknowledgements 

We thank all practitioners that participated in our study. We thank Nathan Yau and Carlo 

Zapponi for allowing us to use their work. 

 

 

. 



113  

PART TWO  

End-user methods 

of Evaluation 
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Chapter Four—Nudging with 

Narrative Visualisation 

Synopsis 

The fourth chapter of my thesis is a research work that was a collaboration with 

epidemiologists. A break from earlier chapters the second part of my thesis explores the 

end-user perspective on narrative visualisation evaluation. Working with epidemiologists 

resulted in a context for an experiment that was focused on mask wearing during the 

COVID-19 pandemic. Their input verified the accuracy of the data presented and the 

motivation for the work. The limitation was however that it was too narrowly focused on 

the context of the pandemic and therefore criticised for not reporting universal findings. 

Published in Proc. ACM Hum.-Comput. Interact. CSCW, 2024 

https://doi.org/10.1145/3686950 

 

  

https://doi.org/10.1145/3686950


115  

Abstract 

The compelling aspect of effective narrative visualisation consequentially results in the 

potential to shift the attitude of an audience. However, there is much to understand about 

how narrative visualisation can be best designed and utilized to influence audiences. 

This paper focuses on an empirical experiment where we examined the effects of two 

communication strategies - anthropomorphism and personal identification - on a young 

adult audience. In particular, we wanted to understand which strategy, when integrated 

into narrative visualisations can nudge young adults’ attitude towards greater 

consideration in the context of the COVID-19 pandemic. The results of this study 

contribute to better grasp of how technologies such as narrative visualisations, using 

different strategies, can be better designed to deliver more targeted messaging. 

Introduction 

Narrative visualisation is an increasingly popular communication medium. It combines 

data visualisation and storytelling techniques to engage readers with complex issues. 

For example, it has been used to explain the effects of climate change or inflation [7, 

99]. Despite the widespread adoption of narrative visualisation to communicate critical 

information, there is limited empirical evidence about how its design can impact audience 

attitude. Empirical evidence suggests that narrative visualisation can persuade an 

audience and solidify their prior beliefs [10, 86, 114, 161]. What is lacking is empirical 

research into targeted communication strategies that can be integrated into the design 

of narrative visualisation. Through investigating communication strategies we can 

determine how best we can target the design of narrative visualisation to optimally impact 

the attitude of a specific audience.  

Viewing visualisation is evidenced to have a small effect on audience attitude, which 

theoretically could have tangible results if extrapolated to population level [151]. In this 
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work we refer to a deliberate shift in audience attitude as a ‘nudge.’ Stemming from 

behavioural psychology, nudging is a friendly push to encourage desired behavior[183]. 

To our knowledge, nudging is yet to be explored in association with narrative 

visualisation. In this study, we examine the effects of two different communication 

strategies integrated into narrative visualisation, to nudge the attitude of a specific 

demographic.  

We selected young adults as our target demographic because they are identified as a 

group with a propensity for low compliance with public health measures aimed at curbing 

the spread of COVID-19 [23, 51, 135, 158]. Several studies have demonstrated that 

young adults’ adherence to virus mitigation measures may be more motivated by 

community rather than personal preservation [39, 173]. By appealing to a young adult’s 

altruistic intentions, we examine the effects of targeted narrative visualisation on altering 

their attitude. 

The first of the two communication strategies that we investigated was 

anthropomorphism. This strategy replaces visualized data with images of people and 

leverages the audience’s motivation to support their social circle and wider community. 

Differentiating our study from previous research that explored this topic, we have 

incorporated detailed imagery which reflect the target demographic and therefore 

appeals to their frame of reference [34]. The second communication strategy we studied 

is derived from game theory, specifically role enactment [144]. In this strategy we posit 

that interactive role enactment, will increase empathy in the target audience through a 

communication strategy we named personal identification. Essentially this means a 

viewer imagines themselves as a character in the narrative presented, where, using 

interactivity, they are personally involved with the narrative. Previous research has 

shown that role enactment does increase willingness to help in users, however this has 

yet to be evidenced in the context of narrative visualisation [144, 176]. 
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In this work, we present an empirical experiment with 1084 young adult participants 

where we investigated nudging with narrative visualisation. Our results suggest that the 

personal identification communication strategy can influence the attitude of a young adult 

audience significantly. This is the first visualisation study, to our knowledge, that has 

empirically investigated how targeted narrative visualisation can be utilized as a tool for 

nudging. Our primary contribution is a deeper understanding of how communication 

strategies integrated into narrative visualisation can be used to influence attitude. 

Additionally, this study sheds light on communicating to a young adult demographic, and 

how designers of narrative visualisation can benefit from a tailored messaging approach.   

Related work 

We focus on related work in two areas (1) communication strategies in narrative 

visualisation and (2) nudging and health communication.   

Communication Strategies in Narrative Visualisation  

Research into narrative visualisation has grappled with comprehending and 

distinguishing this form of visualisation. Previous studies have mapped the design space 

[37, 55, 91, 169], described the design process [107, 117, 164] and examined 

implementations [64, 124]. While largely focusing on authoring, relatively few studies 

investigate the audiences’ perspective. Some notable exceptions include empirical 

experiments on role of prior knowledge [86] and the effect of narrative visualisation 

structures [114]. Our work aims to highlight the important consideration of the audience. 

More specifically, how narrative visualisation designers might design more effectively by 

speaking to a particular audience. 

To achieve our aim, we integrated two communication strategies into narrative 

visualisation. Interchangeable with the term ‘communication strategy’ is the term 

‘narrative pattern.’ A narrative pattern is described as a “low-level narrative device that 
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serves a specific intent”[18]. Some examples of alternative communication strategies 

include asking the audience to ‘make a guess’ about visualized data or open data 

exploration, where the audience can explore a complex interface [18, 169]. While both 

the aforementioned strategies can engage the reader, they do not emotionally connect 

with the reader. In this study we focus on communication strategies which are theorized 

to induce an empathic reader response [18].  

It has been suggested that data visualisation designers anchor their graphics in empathy 

by creating a visual connection between abstract data and living human beings[83]. One 

empirical study that used icons replacing abstract data was not successful at increasing 

a significant empathetic response [34]. Earlier studies, however, found, that compared 

to a chart, showing pictures of orphan children to potential charity-donors had a positive 

effect on donation amounts [73].  Visualisation using icons or pictographs has shown to 

encourage engagement, while not specifically empathy  [177]. Furthermore, it has been 

evidenced in other areas of research such as robotics, lifelike expressive characters are 

more effective than icons in encouraging empathy [155]. At its most basic level, empathy 

means eliciting an affective response to someone else’s experience [34]. 

We differentiate our study from previous work on anthropomorphism as we include 

photographic imagery that reflects the intended audience. One study which focused on 

anthropomorphism and graphics, termed ‘anthropographics,’ highlighted the lack of 

empirical evidence including end-users [128]. As first suggested by Morais et al. we  

hypothesize that photographs of relatable people, can elicit an empathetic response 

greater than that of abstract data [128]. Indeed anthropographics have been studied in 

relation to COVID-19 visualisation, where a lack of empirical research is emphasized 

[118]. This study is an effort to address the lack of empirical evidence in a newly 

established research area consisting of anthropomorphism and graphics. Throughout 

the remainder of this study, we call this communication strategy ‘anthropomorphism.’ 
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Narratives involve sharing the perspective between the reader and the featured 

characters portrayed in the narrative. Role-enactment occurs when the reader “imagines 

themselves as the characters and temporarily replaces their real-life identities and roles 

with the characters [144].” This cognitive process may enhance the persuasiveness of a 

narrative because individuals are likely to feel a sense of responsibility for the character. 

In the context of serious games, it has been evidenced that role enactment increases 

the gamer’s willingness to help[144]. In the aforementioned study a game was devised 

concerning a humanitarian scenario, which measured willingness to help by amount 

which would be hypothetically donated. A further study, using the same scenario found 

that adding interactivity significantly increased the amount that would be donated [176].  

Interactivity facilitates a reciprocal communication pathway with the narrative, where the 

reader is required to actively engage and identify with characters. Fundamental to the 

elaboration likelihood model, it is theorised that interactivity increases the 

persuasiveness of the message [146]. This study investigates the effects of adding 

interactivity to narrative visualisation, however interactivity is not the focus of our study, 

rather a tool to integrate the ‘personal identification’ communication strategy. 

Nudging and Health Communication  

Thaler and Sunstein introduced the concept of nudging in their book ‘Nudge: improving 

decisions about health, wealth and happiness’ in 2008 [183]. It is a concept that is based 

upon adaptive design of a decision environment, also known as ‘choice architecture.’ A 

nudge can consist of three heuristics that can be applied: anchoring, representativeness 

and availability. We will focus on the availability heuristic. We present an example of risk 

so that the audience is reminded of the risk [183]. Previous studies on the effects of 

nudges with a risk aversion approach in the health domain, have had positive results 

[46, 156].  
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In the context of COVID-19, the UK government actioned a specialized group of 

behavioural psychologists named the ‘Nudge Unit [78].’ The Nudge Unit, during the first 

outbreak of COVID-19 introduced concepts such as singing ‘Happy Birthday’ when 

washing your hands. The ethics about pushing members of the public to make choices 

desired by the government has been the subject of debate, where the differentiation 

between an individual’s autonomy and ‘oughtonomy’ are blurred [53, 54]. Nudging is 

observed to be implemented for profitable gains by private companies, subverting the 

aim of aiding the public make healthy decisions [202]. Furthermore, if the messaging 

seems to impinge too much on the freedoms of the reader, it may trigger a defensive 

response. Known as psychological reactance, this occurs when individuals perceive that 

their freedom is threatened, and try to re-establish their freedom [36]. Health messages 

specifically can have an unintended consequence of psychological reactance, where for 

example, smokers counter-argued anti-smoking messages and reinforced their habit 

[62].  In this study we do not aim to completely change audience attitude, indeed such 

an aim might result in the opposite effect. Instead, our goal is finding evidence of a small 

to moderate attitude shift that indicates a friendly push which is representative of a 

nudge. 

Context, Audience and Intervention 

To achieve our goal of investigating the design of narrative visualisation to nudge an 

audience, we designed four narrative visualisation conditions on the topic of the spread 

of COVID-19 and the importance of wearing a mask. 

Context: mask wearing to curb COVID-19 transmission 

In this study we present the risk of spreading COVID-19, when not wearing a mask. 

Mask wearing could be considered a provocative topic. In the United States, for example, 

mask mandates have become a symbol for authoritarianism [13].  It is however, a 

convenient topic as relative to other virus intervention measures, mask wearing is 
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unobtrusive to an individual’s daily life [68]. They are credited with globally preventing 

infections and ultimately, the deaths of multitudes of people [68, 89, 115]. Wearing a 

mask is evidenced to be beneficial in fighting respiratory infections, such as COVID-19, 

that are transmitted through droplets and aerosols [6, 140]. This study is focused on the 

United Kingdom and therefore reflects how masks are broached only in this country. It 

stands to reason mask wearing is considered differently in different countries. 

Audience: Young Adults 

Our target audience were chosen for their unique characteristics, which were highlighted 

during the COVID-19 pandemic. Studies have shown that outside of some anti-social 

individuals, young adults generally want to protect the older members of their community 

and the perception that young adults were deliberately violating public health measures 

were inaccurate [39, 135, 173]. Particularly, in the context of epidemics, young adults 

are shown to feel a sense of social responsibility to the vulnerable members in their 

community [39, 173].  

One specific consideration is that the health behaviors of young adults are deeply 

influenced by their peers [79]. Where their perceived social norms of others are important 

antecedents of health-related behaviours [28]. In a study on the effects of anti-drug 

messaging, it was  
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found adolescents were more persuaded by messaging that emphasized the social 

effects, than physical effects of drug use [166].  

In a later study it was found adolescents were persuaded by antismoking advertising 

emphasizing social disapproval rather than health risks [142]. We therefore frame our 

message through highlighting social relationships, which are so important to a young  

adult audience, with the consequences of infecting an elderly person. We theorize these 

aspects will speak to this demographic.  

Intervention: Narrative Visualisation 

This section describes the narrative visualisation variations we designed and 

subsequently used in our experiment. The dataset the narrative visualisations were 

based upon, consisted of recent research into the effects of the Omicron strain of 

COVID-19 and the likelihood of contracting long COVID [171, 196]. The accuracy of the 

visualized data was epidemiologically verified by members of the research team who are 

qualified in the area. It should be noted that this study was undertaken in September 

2022, where the dataset presented will likely be outdated, as is the ever-changing 

context of COVID-19. The narrative visualisation design is an interactive article which is 

based primarily on scrolling, and has been observed to be popular form of COVID-19 

visual communication [200]. 

From the four conditions, the first was a control condition, which did not contain a 

targeted communication strategy. This narrative visualisation opened with a title screen 

and an illustrated face mask. The title was adjusted for maximum impact, in-line with 

research that suggests that the title of a visualisation deeply influences reader recall 

[105]. The title spoke directly and imperatively to the audience, where it stated “wearing 

a mask can help stop you infecting others.” Furthermore, the colour palette selected was 

deliberately chosen for its specific affective response. Studies suggest that red and black 
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insight a ‘disturbing’ response from the reader [24]. The user was then required to scroll 

down and the visualized data were sequentially revealed. The user was presented with 

a hypothetical scenario about an individual that was infectious with the Omicron variant 

of COVID-19. This particular variant, at the time of writing, had an estimated basic 

reproduction number of between, six to eight [171]. Where a basic reproduction number 

denotes the expected number of cases directly generated from a single case. 

Accordingly, we chose a basic reproduction number of seven in the midpoint of this range 

to use in our communications.  To express the uncertainty of the situation, we repeatedly 

highlighted the hypothetical nature of the narrative. The core message was that if an 

individual does not wear a mask, they potentially could spread the virus to a large 

number of people. This was illustrated in three steps, where the number of infections 

increased exponentially, from seven, to 49 to 343. The final screen then showed that 

4.5% of those infected could have “statistically have long, lasting effects from the virus.” 

This is 15 people of the 343 overall amount of infected people. To add credibility and 

trust to the visualisation, we referenced the source of the 4.5% statistic in the narrative 

visualisation [196]. The 4.5% long COVID statistic is a direct finding of a large UK based 

study. It is, however, representative of one study only and statistics regarding long 

COVID may vary. To maintain consistency between conditions, the narrative 

visualisations that were presented in conditions two, three and four had the same title 

and structure as the first condition.  

The second condition contained the anthropomorphism communication strategy. To 

apply this strategy, images of young adults replaced dots and were given generic 

culturally appropriate names e.g. Peter. The images featured were bought from iStock 

photo and copyright provided [147]. To diminish the affective response from certain 

colours that were not in our chosen colour palette, all images were converted to 

greyscale. Considerations were taken to present images of young adults that were 

familiar to the target demographic. In the final screen of this condition, the dots were 
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replaced by a photograph of a woman who was described as the mother of one of the 

portrayed characters. 

The third condition contained the personal identification communication strategy. After 

the initial title screen, the user was asked to input three names of their friends. We clearly 

stated that the names of their friends would not be stored, and privacy concerns availed. 

The inputted names of their three friends would appear throughout the text of the 

narrative including the final screen. In the final screen the text integrated the name of 

one of their friends’ names stating it could be this friend’s mother who may be at risk of 

long COVID.  

The fourth condition contained both anthropomorphism and identification strategies. 

Similar to condition three, the user was requested to input three friends’ names. In 

addition, they needed to select images of their friends to correspond with their names. 

This final screen used one of the selected friend images and stated that it was their 

mother who was infected with long COVID. See Figure 7 for a diagram of narrative 

visualisation conditions. 

Research Method 

To test which communication strategy was most effective at nudging an audience we 

conducted a study using a crowd-sourcing platform. Please refer to the supplemental 

material 1to see raw data and narrative visualisation source code. 

Experiment Design 

To measure the effectiveness of a nudge in our study we employed direct attitude 

measurement. While other forms of measuring affect on audiences, such as 

 
1  https://osf.io/fykwv/?view_only=465f6221b5c04fbdb964b3425b04098d 

 

https://osf.io/fykwv/?view_only=465f6221b5c04fbdb964b3425b04098d
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persuasiveness, could be used, we selected direct attitude measurement because it has 

a singular pursuit of measuring audience attitude [126]. In this paper we define attitude 

as “a psychological tendency that is expressed by evaluating a particular entity with 

some degree of favour or disfavor” [59]. Direct attitude measurement asks participants 

explicitly about their attitude toward a topic and has been widely used in psychology and 

the behavioural sciences [120]. This approach does, however, have a number of 

limitations. For example, participants might not be aware of their attitude toward a topic 

[77]. Another concern is the possibility of impression management, where a participant 

misrepresents their attitude to appear favorable to the researcher [120]. To address the 

former limitation we have used a universally known topic. To address the latter we have 

implemented an anonymous survey. 

Multiple models of attitude have been proposed, some examples include; the Vector 

Model, the Cognitive-Affective-Conative Model and the ABC model [44, 60, 165]. 

Generally, all these models have similar components. The most influential of these 

models is the ABC model[60]. This model has three components; the affective 

component; the behavioural component and cognitive component. The affective 

component is the emotional response of the participant. The behavioral component 

consists of actions or observable responses in regard to a topic. Finally, the cognitive 

component refers to thoughts and beliefs a participant has about a topic.  

In our survey we ask Likert scale questions that correspond with each ABC component, 

to calculate an overall attitude score. We score responses from strongly agree (+3) to 

strongly disagree (-3). To measure the effect of the narrative visualisation, we compare 

the participant’s attitude score pre-stimulus and post-  
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Figure 8: Flow chart of experiment procedure 

stimulus. The success of the nudge is determined by the difference between the pre- 

stimulus attitude score and post- stimulus attitude score. If it is statistically significant 

compared to the other experiment conditions, it is deemed effective.  

Survey Design 

Our survey instrument was iteratively developed. The interdisciplinary research team 

had multiple discussions which resulted in three major iterations. Our primary goal was 

to develop a comprehensive survey instrument that would accurately evaluate audience 

prior knowledge and attitude. An example of where a question changed due to our 

research team discussions, was the affective component question which originally 

mentioned ‘mask mandates.’ Despite the necessity to ask an emotionally loaded, 

affective question, the specific term ‘mask mandate’ was deemed to have too many 

political connotations. Instead, the updated question referred to ‘civic duty’ which is a 

less politicized term.  

We further refined our survey by seeking feedback from external sources. At conception 

stage our study was presented at an academic symposium where we asked students in 

the target demographic for feedback on the survey questions, experiment conditions and 

research methodology. In accordance with their feedback we enhanced the experiment 

conditions by identifying data source and re-wording questions. The next step was a 

small series of user-tests following the think aloud protocol, where users spoke aloud 

their experience while using the survey instrument. We ran our pilot on the crowd-

sourcing platform Prolific, a United Kingdom (UK) based crowdsourcing platform 

Post-stimulusPre-stimulus

Prolific Consent
Prior

knowledge Pre-stimulusPre-screen FeedbackPost-stimulus

1

Stimulus

2

3
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focusing on academic studies [149]. We allocated 10 participants per condition and 

determined that the survey instrument was technologically sound. Ethics approval was 

received from our organization.  

Experiment Procedure 

Our experiment procedure consisted of three phases (see Figure 2): pre-stimulus, 

stimulus, and post-stimulus. 

Pre-stimulus 

The participants were directed from the crowd-sourcing platform (Prolific), to the survey 

platform[149]. They were then asked to consent to the experiment, and were validated 

using a pre-screener demographic question. This question verified that the age of the 

participant was between 18-25 years. Then they were presented with three prior 

knowledge Likert scale questions. These questions ascertained the prior knowledge and 

beliefs of the participant. Through adding these Likert scale questions together, we could 

calculate an overall prior knowledge score. This prior knowledge score is a co-variate 

required for our statistical analysis. We then asked three pre-stimulus attitude questions. 

These questions correspond to the three components of attitude; affect, behavior and 

cognition (ABC). These questions were all Likert scale varying from strongly agree to 

strongly disagree. We calculate their pre-stimulus attitude score by adding affective 

question + behavioral question + cognitive question. Our ABC questions were as follows; 

Affective - Do you believe it is your civic duty to wear a mask? Cognitive - Do you believe 

that long COVID is a serious risk to people in your community? Behavioral - How likely 

are you to wear a mask in a public place such as a shopping center? Finally, before 

viewing the stimulus participants were asked an attention check question;  

Stimulus 
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Participants were randomly assigned one of four narrative visualisation conditions. The 

narrative visualisation was embedded into Qualtrics survey platform using an iframe. 

The narrative visualisations were hosted on an external server and used jQuery 

JavaScript framework to achieve the communication strategy functionality [61]. 

Post-stimulus 

To verify if the participant had comprehended the narrative visualisation, we asked a 

comprehension check question directly after the stimulus which was- From the above 

data story, what is the percentage of infected people that will have long, lasting effects 

from the virus? The participant was then asked the same attitude questions as pre-

stimulus. The sum of these Likert scale questions determined our post-stimulus attitude 

score. The final question was a qualitative feedback question.  

Participants 

For each condition, we recruited 271 participants through a reputable UK based crowd-

sourcing platform named Prolific[149]. Using Prolific’s pre-screening tool, we constrained 

the participation to young adults between the ages of 18 – 25 years old, who were 

located in the UK. Using Prolific’s study distribution tool we randomly allocated a 

balanced gender sample to each condition. This meant that the platform allocated an 

equal number of male and females to each condition.  

Our participant sample size was a result of a power calculation with a goal of a 90% 

confidence level and a 5% margin of error. The population was calculated based on the 

young adult population size in the UK in 2022 (4.15 million [62]). Our ideal sample size 

was calculated at approximately 271 participants per condition. With four conditions, our 

total ideal sample size was calculated at 1084 participants.  

Quantitative Analysis 
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We first analyse attitude change differentiation to determine communication strategy 

effect per condition. Then we analyse overall attitude shift. 

Hypotheses 

We expected to observe differences between the four conditions, with respect to 

attitudes towards mask wearing. Specifically, our hypotheses were as follows: 

H0 There is no association between narrative visualisation that integrates a 

communication strategy and attitude change.   

H1 Narrative visualisation with anthropomorphised data, will have a higher positive 

attitude change in participants toward mask wearing in young adults compared to a 

narrative visualisation without anthropomorphised data.  

H2 Narrative visualisation that integrates personal identification, will have a higher 

positive attitude change in participants toward mask  

A) 
B) 

Figure 9:  A) Means comparison of attitude change difference per condition showing 

standard error bars  B) Frequency of attitude change difference per condition 
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wearing in young adults compared to a narrative visualisation without personal 

identification.  

H3 Narrative visualisation that integrates personal identification and anthropomorphised 

will have a higher positive attitude change in participants toward mask wearing in young 

adults compared to a  

narrative visualisation without combined communication strategies applied. 

 Analysis of Communication Strategies  

Out of the 1084 participants (271 per condition), 18 failed the comprehension check. Our 

total number of valid participants was 1066. To investigate which experiment condition 

had the greatest effect, our dependent variable needed to be the attitude difference 

score. This was calculated by subtracting the post-stimulus attitude score from the pre-

stimulus attitude score. Using the inter-quartile range rule, we identified outliers in the 

attitude difference score data. This procedure normalized the data so that the attitude 

score scale was between minimum -3 to maximum 5. After this procedure a Gaussian-

like distribution was achieved in our attitude score data, which was assessed for near 

homoscedasticity. The number of participants after removing outliers was 1021. 

To investigate if there was a statistical significant difference between groups we 

performed a one-way between groups analysis of   

variance (ANOVA). The result of which showed a statistical significance with a 

confidence level of 95%, F(3,1017) =2.91, p=0.03. Post hoc analysis using Tukey’s 

adjusted post hoc test for multiple comparisons found that the mean value of attitude 

change score was significantly higher for identification (condition 3) compared to control 

(condition 1)  (p = 0.03, 95% C.I. = [-0.77, -0.02]). Other comparisons did not show 

statistically significant differences in mean attitude change scores.  
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There was also no statistically significant difference in mean attitude change scores 

control condition and anthropomorphism (condition 2) condition (p=0.87) and control 

condition and combined (condition 4) condition (p=0.19). There was also no statistically 

significant difference in mean attitude change scores between anthropomorphism 

condition and identification condition (p=0.20) or between identification condition and 

combined condition (p=0.90). This result suggests that personal identification alone is 

the most effective at changing attitude of young adults toward mask wearing.  

To factor prior-knowledge as a co-variate, we ran one-way ANCOVA (analysis of 

covariance). The result suggests that there is a similar effect even when controlling for 

prior-knowledge, F(3,1016) = 3.03, p < 0.02.  The effect of the prior-knowledge on results 

is using Cohen’s d effect size guidelines is small η2 =.00. We can therefore conclude 

that prior-knowledge and beliefs do not significantly influence attitude change. 

Figure 3:A shows the mean of attitude change per condition. The mean of 

anthropomorphism condition (m=.96) is only slightly higher than the mean of control 

condition (m=.85) and the difference is not statistically significant. This suggests that 

narrative visualisation with anthropomorphism applied is not observably more effective 

in changing attitude compared with a narrative visualisation that has no communication 

strategy applied. Therefore we cannot support H1 according to our experiment results. 

We can observe in Figure 3:A that mean difference is higher than all other conditions for 

identification condition  (m=1.24). This data suggests that the personal identification 

communication strategy is most effective at positively shifting the attitude of participants. 

H2, is therefore affirmed due to the significantly higher positive attitude change score 

compared to the control condition.  

The mean of combined condition (m=1.14) is lower than identification condition 

(m=1.24). The attitude change score is not significant between control condition and 

combined condition (p=0.19). We cannot support H3 where the combined 
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communication strategies of anthropomorphism and personal identification do not 

significantly increase positive attitude scores relative to individually applied strategies. 

What the data suggest from this result is that combining communication strategies might 

slightly hinder attitude change for some participants, rather than aiding it.  

Analysis of Attitude Shift 

To examine if there is a significant change in attitude between pre-stimulus and post-

stimulus, we performed a Paired Samples t-test on all conditions combined. We 

calculated pre-stimulus/post-stimulus amount by adding the ABC response questions 

together where each question can receive the lowest score of 6 (strongly disagree) and 

highest 12 (strongly agree). With a 95% confidence level, the results suggested a 

significant difference in the scores for pre-stimulus (M=28.84, SD=4.18) and post-

stimulus (M=29.89, SD=4.34) conditions; (p = 0.001). The effect size is moderate, 

according to Cohen’s d guidelines (η2= 0.62) and suggests that narrative visualisation 

does have a positive effect on attitude. This result is in-line with earlier research which 

showed narrative visualisation is moderately persuasive [3]. 

Figure 10 illustrates the frequency at which different attitude change scores appeared 

per condition. We can observe that most participants did not alter their attitude and 

therefore resulted in 0 for their attitude change score. Identification condition altered 61 

participants’ attitude by +1. This is more than any other condition. The second highest 

change of attitude score was combined condition where 54 participants altered their 

Figure 10:  Stacked bar chart showing frequency of each feedback 

sentiment coded as yes, no, slightly or unclear, per condition 
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attitude by +2. This data suggests that identification moderately altered the attitude of 

many participants (61 participants +1 attitude change score) and therefore was the most 

effective communication strategy for nudging an audience. Meanwhile, combined 

strategies altered the attitude of the audience to a greater extent however, for a smaller 

number of participants (54 participants +2 attitude change score).  

Qualitative Analysis of Audience Feedback 

We asked participants “has your opinion on mask wearing changed after viewing the 

data story? Why or why not?” It was not mandatory to respond to the question and from 

the 1066 participants that answered the survey without failing the comprehension check, 

993 wrote a feedback response. Our goal was to shed light on the cognitive or affective 

processes that participants drew upon when interacting with each narrative visualisation 

condition. To qualitatively analyse our data we adopted both a top down priori approach 

and an inductive theming approach [35]. We determined upper-level over-arching 

categories for each response, then inductively coded lower-level themes. Two coders 

independently coded responses and any inconsistencies were discussed. Firstly we 

coded each response either; yes, no, slightly or unrelated.  From the 993 responses 630 

said no their opinion had not changed. 207 responses said their opinion had changed. 

91 reported their opinion had changed slightly and a further 65 gave feedback that did 

not clearly answer the question.  

Positive Opinion Change 

From the 207 participants that indicated their opinion had positively changed, most were 

from the identification and combined conditions. This is in-line with the attitude score 

analysis in section 5. See figure 4 for a chart illustrating each feedback response 

sentiment per condition. We investigated the reasoning for their positive opinion change. 

Through iterative analysis two primary reasons emerged; persuaded by evidence and 
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an empathetic response. These reasons were not always clearly delineated as often the 

evidence inspired an empathetic response. We therefore, grouped feedback responses 

on whether they largely mentioned the data or focused their own personal response to 

the data.  

Participants highlighted how the data visualized in the narrative visualisation persuaded 

their opinion. Whether abstract data is presented as a dot or an image of a person, did 

not seem to influence the participants greatly. Some feedback responses did however 

highlight how data visualisation can change attitude through visually presenting data. 

“The information provided is much more powerful as it is presented visually with dots as 

a data story, rather than just paragraphs of information.” Furthermore, another 

participant wrote “I knew it was important to wear a mask, seeing the statistics in a 

digestible format made me understand the implications more.”  

91 of the 207 participants directly indicated their opinion had changed due to an increase 

in empathy (44%). This was encouraging as increased empathy was ultimately the 

principal aim of the narrative visualisation. The sentiment was exemplified in this 

response, “it has changed because I don't want to infect anyone's parents so I will keep  

others in mind and wear masks more often indoors more after reading this.”  

An empathetic response due to the identification communication strategy was frequently 

referred to. Participants described how they established an emotional connection with 

the narrative using names of friends that were close to them. For example; “I felt that 

using my friends names worked better, especially as the "mum" was actually a parent 

who has just been diagnosed with a health issue.” Another example; “The data was 

revealing and the connection to my friend’s life made it relatable.”  

Negative or Negligible Opinion Change 
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We investigated the reasons why participants indicated they did not change their opinion. 

The most frequently mentioned reason for lack of opinion change was that the participant 

was already aware of the data presented. This reason accounted for 288 of 630 (44%) 

of participants that indicated they did not change their opinion. For example, “No, I was 

already taking my precautions and the story validated my decision to wear masks in 

public.” Thaler and Sunstein described how a nudge based on the availability bias 

operates through reminding people of true probabilities [7]. Here people assess the 

likelihood of risk by asking how readily examples come to mind. By presenting an 

example of COVID-19 spread, even if the participant already is aware of the risk, an 

opportunity to remind them, reinforces their belief and improves their accurate probability 

judgement. Exemplified in this comment “… it does serve as a gentle reminder that when 

in very crowded areas, especially amongst the elderly or vulnerable, that a mask may 

be beneficial to the wider community.”  

The second most frequently mentioned reason for lack of opinion change was that the 

data presented in the narrative visualisation was not compelling. This accounted for 148 

of the 630 (23%) of participants that indicated they did not change their attitude. For 

example, “Not really, the story (excluding the statistics) seems generic and made up.” 

Other reasons for a lack of attitude change were the prevalence of vaccinations and 

disbelief in the severity of COVID-19 or effectiveness of masks. One participant 

explained their disbelief of the severity of COVID-19, “I believe that we have to continue 

our lives as normal and compare COVID to a "bad" case of the flu.” These instances 

evidence that even a slight opinion change, for some participants, is unlikely. 

In the analysis of feedback responses we found instances of reactance, for example; “I 

don't like the guilt tripping, I feel like I would be less likely to wear a mask.” We expected 

to observe this phenomena, and evidence from our data suggests it is rare [36]. We 

found 11 instances that suggested reactance from 993 responses (1%). 
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Discussion 

In this section, we provide recommendations on communication strategy integration 

based on our study. We then move to discussing the ethical ramifications of nudging 

with narrative visualisation and the phenomena of reactance.  

Recommendations for Communication Strategy Integration 

Personal identification is the key to reaching a young adult audience. In the personal 

identification communication strategy we asked young adults to identify data points using 

names of their friends. The names of their friends then appeared through-out the 

narrative, placing the participant within the narrative. Our hypothesis was that young 

adults would be influenced by their altruistic motivations to protect their community, 

where through a deliberate process of role-enactment an affective, empathetic response 

would be evoked. The qualitative data suggested that in many instances, this was the 

case. For example, “I felt that using my friends names worked better, especially as the 

‘mum’ was actually a parent who has just been diagnosed with a health issue.”  

Other less contentious topics would result in different attitudinal change outcomes. 

Nevertheless, based on our results, our study joins the growing set of studies that found 

role-enactment results in an affective, albeit small audience response [144, 176]. 

However, the size of differences should be put in their context. Attitudes towards COVID-

19 are often politicized and are at times, strongly held. Consequently, it is unlikely to 

observe large effects on these strongly held attitudes and small but notable effects, in 

this context, might be more important than they look. If an author decides to use personal 

identification integrated into narrative visualisation as a manipulative tool, it necessitates 

increased responsibility. Authors must be cognizant of the effects their design choices 

may have. Our results highlight how narrative visualisation authors could use the 
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personal identification communication strategy to encourage prosocial decision-making, 

specifically in a young adult audience.  

Switching abstract data with relatable imagery is not as effective for nudging. Young 

adults did not change their attitude significantly when we applied the anthropomorphism 

communication strategy relative to other conditions. We hypothesized that relatable 

imagery would result in a different outcome compared to an earlier study that showed 

anthropomorphism to have little effect.. The qualitative data analysis indicated that 

anthropomorphic graphics were rarely mentioned. This suggests that switching abstract 

data with imagery, even when the imagery is of reflective of the audience, does not seem 

to greatly influence the persuasiveness of a narrative visualisation. We suspect more 

complex communication strategies are better suited to a young adult audience. 

Anthropomorphism is an example of a communication strategy that is not adequately 

responsive for a young adult audience.  

Combining communication strategies leads to complexity and less effective messaging: 

One potential theory why the combined condition was less successful at nudging an 

audience, could be that too many communication strategies result in an opaque 

message. This is in-line with previous research where the cost of increased interactivity 

distracts the user from message comprehension[110]. When delivering a nudge, 

particularly when it is concerned with provocative topics such as mask wearing, we 

recommend an approach that is explicit in its intentions. If intent is opaque, a narrative 

visualisation is received with greater scepticism.  This was exemplified by one 

participant’s feedback who received the combined condition; “this just felt like more 

propaganda.”  

Reactance and Ethics of Nudging 
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Health communication can result in two different attitudinal outcomes: (a) agreement 

with the message’s recommendations evidenced by a positive response, or (b) rejection 

of the message demonstrated by defensive reactance and denial. In our study we found 

evidence of reactance where participants felt that they had been manipulated by the 

narrative visualisation. This is not the desired response from the narrative visualisation, 

especially when participants stated they were less likely to wear a mask after viewing 

the narrative visualisation. When delivering a nudge, particularly when it is concerned 

with provocative topics such as mask wearing, we recommend an approach that is 

explicit in its intentions to avoid a defensive response. If intent is opaque, a narrative 

visualisation is received with greater scepticism. One potential theory why the combined 

condition was less successful at changing the attitude of the audience, could be that too 

many communication strategies result in an opaque message. Here, the fundamental 

message is obscured due to an overly complex communication approach which results 

in a less convincing narrative visualisation.  

For 99% of those that participated in our study, no reactance was reported. Rather, 

participants that indicated their opinion had changed, mentioned that the evidence 

swayed their opinion and increased their empathetic response. Despite these seemingly 

desirable outcomes, it does have adverse implications. Theoretically, falsified data might 

have a similar result if communicated using similar communication strategies. In a study 

on anti-science and anti-mask COVID-19 visualisations, it was observed that often 

conventional data visualisation techniques were implemented [113]. These so-called 

‘counter-visualisations’ used data visualisation to manipulate their audience to believe a 

message that was antagonistic to government health orders. ‘Counter-visualisations’ 

were, in some cases, quite successful at gaining traction with audiences [113]. The 

motivation of a nudge should be based on empirical research and expert opinion. 

Otherwise, outcomes may not be effective, or even may be harmful, as they are not built 

on a firm, scientific evidence base. Nudging an audiences’ attitude could potentially be 
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a powerful mechanism, especially in a democratic society and we hope that our findings 

are implemented ethically in the future. 

Limitations 

Our study was limited to four experiment conditions. Each condition could be deemed 

not entirely orthogonal with the other conditions. This is a notorious challenge for 

research in visualisation evaluation, where modality and messaging must vary between 

conditions, however only to the extent that can be quantifiably measured. Our aim in the 

experiment conditions was to make each condition with as limited variation as possible. 

To diminish differences between experiment conditions, we deliberately did not use 

colour photographs in the anthropomorphic conditions. The reasoning for this was to 

reduce affective colour responses. Similarly, all textual integration was as closely 

replicated as possible between conditions, to reduce the influence of rhetorical framing 

[91]. Finally, the crowd-sourcing platform assigns participants randomly to each 

condition. For this reason some conditions were assigned participants that generally 

were more positive toward wearing masks before viewing the stimulus. This may have 

impacted our results. It should be noted, however, no one condition had a significantly 

higher positive pre-stimulus perception of mask wearing compared to the others.  

A common problem for evaluation studies is the dichotomy of generalisability and 

localisation. Our chosen topic is taboo, however this is similar to other studies on 

narrative visualisation that have employed controversial topic such as immigration or 

obesity [114, 139]. It is challenging to find a topic that qualifies investigation that does 

not have contextual pre-conceived notions. At the time of the experiment in September 

2022, the topic of mask wearing and COVID-19 was one that resonated with those on 

the research team, particularly those who are epidemiologically qualified. While topics 

are many, this particular one was where we had the expertise and motivation to focus 

on as our selected case study. 
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Optimally, we would have created many more experiment conditions where a multitude 

of variations could be experimented. Communication strategies are many, where we 

selected these two, as they were deemed most promising to achieve our study aims. It 

stands to reason that other communication strategies are equally as promising research 

avenues but were overlooked in our literature review. Furthermore, other demographics, 

outside of our target of young adults may benefit from the communication strategies we 

presented. The necessity to limit the scope of the study dictated that we focus on one 

demographic. Similarly, we limited our study to participants from the UK. In the early 

stages of this study we investigated other nationalities, however it was beyond the scope 

of this study to equally investigate multiple nationalities. To encourage future research, 

we have freely shared the raw code from our experiment conditions so that it can be 

adapted for other audiences. 

Conclusion and Future Work 

Integrating personal identification in narrative visualisation induces an affective response 

in a young adult audience. This communication strategy can shift the attitude of a young 

adult audience significantly more than if a targeted communication strategy was not 

applied. When we combined communication strategies it resulted in a shift in attitude, 

albeit with moderate success. In comparison, the identification communication strategy 

resulted in more widespread, attitude shift that was less dramatic. A slight attitude shift 

could be otherwise described as a nudge, where in this study, we gently reminded 

participants of the importance of wearing masks. These findings could be implemented 

with other messaging and have the potential to be quite a powerful mechanism. Even a 

small attitude shift could potentially translate to meaningful outcomes if extrapolated to 

a population level. Future research can expand on our results to examine alternative 

implementations, audiences and the ramifications of nudging with narrative visualisation.  
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Chapter Five— An Age-Based Study 

into Narrative Visualisation 

Engagement 

Synopsis 

 

Following the previous chapter that explored end-user evaluation of narrative 

visualisation, is the fifth chapter that further investigates end-user evaluation. The 

previous chapter targeted narrative visualisation to a single demographic, however this 

chapter asks if the assumptions contained in the earlier chapter are correct. The aspect 

of audience preference and behaviours is, an under-explored area in narrative 

visualisation research. Categorising an audience by age is a fundamental means of 

differentiating audience types. The motivation for this study was to shed light on the 

assumptions that are held by narrative visualisation practitioners and researchers, 

including myself.  

Published in IEEE Computer Graphics and Applications (pre-print) 2025 
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Abstract 

Research has shown that an audiences' age impacts their engagement in digital media. 

Interactive narrative visualization is an increasingly popular form of digital media that 

combines data visualization and storytelling to convey important information. However, 

audience age is often overlooked by interactive narrative visualization authors. Using an 

established visualization engagement questionnaire, we ran an empirical experiment 

where we compared end-user engagement to audience age. We found a small 

difference in engagement scores where older age cohorts were less engaged than the 

youngest age cohort. Our qualitative analysis revealed that the terminology and overall 

understanding of interactive narrative patterns integrated into narrative visualization was 

more apparent in the feedback from younger age cohorts relative to the older age 

cohorts. We conclude this paper with a series of recommendations for authors of 

interactive narrative visualization on how to design inclusively for audiences according 

to their age 

 

Introduction 

Demographic characteristics such as an audiences’ age can impact how they interact 

and engage with digital media [97, 198].  Interactive narrative visualisation, or data 

storytelling is a form of digital media that has been shown to compel and explain 

information through an engaging end-user experience [137, 157, 172]. It has thus been 

used to communicate critical topics such as the effects of climate change or election 

outcomes [66, 184]. Despite conveying important information, interactive narrative 

visualisation is often designed without audience age in mind. One potential reason is 

that creating interactive narrative visualisation is a labour-intensive process that requires 
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expertise and creativity [169]. It is, therefore, researchers have concentrated on aiding 

authors to alleviate the challenges involved with their creation. Consequently, narrative 

visualisation researchers have yet to fully explore the requirements of audiences of 

interactive narrative visualisation. The lack of research into narrative visualisation 

audiences has led authors to make assumptions about audience behaviours and 

preferences.  

In this study we attempt to address a fundamental knowledge gap on the question on 

how audience age impacts engagement in interactive narrative visualisation. We 

examine age-related issues that impact engagement in interactive narrative 

visualisation. Moreover we qualitatively analyse why significant differences exist. We aim 

to give a concrete, evidence-based answer to whether authors of narrative visualisation 

should prioritize audience age when designing interactive narrative visualisation and 

how this should be done. To achieve our aim, we performed an empirical experiment. 

We developed three narrative visualisation examples that employed different interactive 

narrative patterns tailored specifically for engagement [27]. We randomly assigned 2400 

participants to one of the three narrative visualisation examples and measured their 

engagement using VisEngage [92]. VisEngage is a self-reporting questionnaire 

specifically developed to measure engagement in visualisation. The age groups were 

split into generations. A younger audience with an age of 18-27, a middle-younger 

audience between the ages of 28-44, an older audience of 44-60, and finally, the oldest 

age cohort consisting of over 60. These age groups were determined by generation 

boundaries [57].  

 The results of our study revealed that there is a significant difference between older 

audiences and younger audiences’ engagement in narrative visualisation. The greatest 

difference was between the two age extremes, where the 18-27 age cohort showed 

increased engagement compared to the 60+ age cohort. From our qualitative analysis, 
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it was found that younger audiences were more observant of the interactive techniques 

employed that encouraged engagement. The terminology used by younger audiences 

was distinctly different from their older counterparts, where they described the cognitive 

processes involved in their interactive engagement. Older audiences were not so 

discerning and reported their negative engagement was due to the interactive device 

causing confusion or distraction. To our knowledge, this is the first study that investigates 

age groups and interactive narrative visualisation engagement. We conclude the work 

by presenting a series of recommendations for designing interactive narrative 

visualisation inclusively based on our findings.  

Related Work 

Narrative Visualisation 

Segel and Heer, who coined the term ‘narrative visualisation [169].’ They proposed a 

design space outlining genres and structures [169]. Further foundational research on 

narrative visualisation established an analytic framework by defining rhetorical 

techniques and possible transitions for story-sequencing [90, 91]. Recent advances in 

narrative visualisation authoring processes include an evaluation framework, machine-

guided workflows, and generative AI co-creation systems [12, 63, 72].  

While there is much research on the authoring process of narrative visualisation, its 

impact on audiences is relatively under-explored. When viewing visualisation, it has 

been found that an audience’s personal beliefs impact their viewing experience [143]. 

Furthermore, the story structure can influence end-user engagement in a narrative 

visualisation [114]. More recently, a series of ‘narrative patterns’ were observed in 

narrative visualisation, where the author's intent was correlated with a narrative device 

integrated into a data-driven story [18]. Each one has been studied and shown, with 

varying degrees of success, to encourage audience engagement. For example, a study 
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into the effects of elicitation techniques found that asking the audience to ‘Make a Guess’ 

about presented data in a narrative visualisation can produce feelings of ‘surprise and 

interest [157].’ These emotions are fundamental to end-user engagement. Another study 

found multiple benefits of employing a narrative pattern that speaks directly to the 

audience [172]. Named ‘Breaking the Fourth Wall,’ interacting with this narrative pattern 

increased audience self-story connection, engagement, and information recall by 

including the reader inside the presented narrative [172]. Lastly, data exploration was 

described as a narrative pattern to encourage end-user engagement; however, it has 

had inconclusive results. The addition of a storytelling element to an interactive 

exploratory data visualisation did not increase the time spent viewing the page [33]. 

Conversely, exploring data in a gamified context, did increase end-user engagement 

[55].  

No singular definition of interactive narrative visualisation has been established. In this 

study, we use a broad, inclusive definition for interaction in visualisation, as described 

by Dimara and Perin [56]. Their definition is thus, “Interaction for visualisation is the 

interplay between a person and a data interface involving a data-related intent [56].” To 

avoid being too vague, we refer to interactive narrative visualisation, where an interactive 

modality such as scrolling, clicking, or inputting end-user-generated data is a key 

element of the narrative visualisation. This differs interactive narrative visualisation from 

narrative visualisation, such as data videos or data comics, where interactive modality is 

not required [9, 18]. Examples of interactive narrative visualisation are primarily 

published by media outlets on the internet, where technologies such as JavaScript are 

fundamental to their delivery. In the next section, we investigate engagement and how it 

is measured for visualisation.  

Engagement 
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The human-computer interface (HCI) community has long considered engagement a 

fundamental concept in user-centered design [14]. Visualisation research, in 

comparison, has relatively recently begun to seriously regard engagement [92, 119, 

162]. The definition of engagement is often ambiguous and dependent on discipline [14]. 

We adopt an HCI definition of engagement, which centers on the quality of the user 

experience and on the positive aspects of the interaction, particularly the phenomena 

associated with being captivated by technology [14]. O’Brien et al. listed dimensions of 

engagement as including aesthetic appeal, novelty, perceived challenge, feedback, 

motivation, and affect [138]. Alternatively, engagement can be viewed as a continuum 

from low to high [119]. Furthermore, engagement in narrative visualisation has been 

viewed in the context of flow and fluid interaction [124]. 

Numerous methods have been proposed to measure engagement in the field of 

visualisation. McKenna et al. adopted a self-reporting questionnaire for measuring 

engagement for a visual story experiment [124]. Boy et al. evaluated engagement by 

analyzing time spent on interaction and user input [33]. Time spent assessing 

visualisation using reaction cards has also been examined to measure engagement in 

visualisation [125]. Nowak et al. used elicitation interviews to examine factors including 

emotional affect and engagement in narrative visualisation [137]. A purpose-built method 

for measuring engagement in visualisation was proposed by Hung and Parsons named 

VisEngage. VisEngage is a self-reporting questionnaire based on the user-engagement 

scale adapted for visualisation [92]. Similar adaptations were successful in other 

domains, such as social networking applications and games [22, 195]. A questionnaire 

comprising 22 questions, VisEngage addresses 11 engagement characteristics, where 

each characteristic corresponds to two questions.  VisEngage is a relatively robust 

method to measure end-user engagement in visualisation [92]. 

Age-based Research, Myths and Assumptions 
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Previous work on different age cohorts in visualisation usually focused on either the very 

old or the very young. For example, visualisation research with children has investigated 

pedagogical approaches for visual literacy and visualisation design [29, 93]. Research 

into elderly audiences has examined aspects of accessibility and comprehension [3, 43]. 

A lack of understanding of different age groups needs is a known and oft-cited dilemma 

in visualisation research [198]. Where it has been noted that in visualisation empirical 

research, often the age of study participants is not reported, which could skew results 

[40]. Relatively little research within the visualisation domain is cross-generational, 

where age groups are compared without focusing on either age extreme. 

In the HCI field, age-based research has found significant differences between age 

groups. For example, the time taken to perform input modalities of users compared to 

the age group found older adults to be significantly different to their younger counterparts 

[49]. The older group was comparatively less competent when compared to the younger 

age group in terms of digital gameplay competency [153]. Furthermore, significant 

differences were found in avatar preferences compared to age group [152]. While these 

are evidence-based findings that differentiate age groups and their digital activities, 

many myths perpetuated in grey literature are not founded on scientific evidence.  

In a report by the Interactive Advertising Bureau in the United Kingdom (UK) it was found 

that younger age cohorts find interactive advertisements more appealing than their older 

counterparts [94]. This claim was further documented in grey literature, which for 

example, reported that interactive content is “key to engaging young audiences [111].” 

However, in a report by the NN Group, unnecessary interactivity and flashy graphics are 

found to be ‘annoying’ by young adults [81]. The NN Group report explained that young 

adults are digital natives, who are “people raised in a digital, media-saturated world” and 

distinctly different to their older counterparts. Young audiences deemed ‘digital natives’ 
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were more confident and less patient with user interfaces, according to the NN Group 

Report [81]. 

Older adults are described as wary of technology. For example, older adults are 

supposedly less likely to prefer gamified user experiences and prefer text-based content 

[5, 185]. Moreover, older adults are reported to be less confident with user interfaces 

and are “hesitant to explore [111].” Research into usability for older audiences is still 

lacking, where their preferences and behaviors are not adequately considered [111, 

198]. While et al. introduced the term GerontoVis, which encapsulates data visualisation 

design that primarily focuses on older adults, which they describe as a largely overlooked 

area of visualisation research [198]. We motivate this work by assessing the 

aforementioned assumptions about behaviors and preferences relating to engagement 

and audience age, contextualized for interactive narrative visualisation.  

Research Method 

We conducted a crowd-sourced study using three narrative visualisation examples as a 

stimulus to achieve our research aim of investigating whether age impacts end-user 

engagement in interactive narrative visualisation. To see the interactive narrative 

visualisation example code and raw data, please see the supplementary material2 

Experiment Design 

One of the primary challenges when designing an evaluation experiment is the 

dichotomy of localization and globalization. It is important to have results that can be 

globalized and, therefore, universally applicable. Conversely, it is necessary to have 

strict experiment parameters to report concrete results. To address this challenge, we 

 
2https://osf.io/6a5rp/?view_only=fc3f33f0407f4e19a14e8be6ca2e1526 

 

https://osf.io/6a5rp/?view_only=fc3f33f0407f4e19a14e8be6ca2e1526
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developed three different narrative visualisation examples that were similar in length but 

varied in topic. Each example is different in its data, messaging, and interactive narrative 

pattern. The intent of the integrated interactive narrative patterns was, however, similar 

– engagement [27].  

The research team iteratively developed three narrative visualisation examples. Each 

example was inspired by publicly accessible interactive narrative visualisations from 

reputable publishers. Publishers that influenced our designs include The New York 

Times, ABC Australia, and The Pudding [80, 82, 184]. By no means the only publishers 

of interactive narrative visualisation, each of the aforementioned publishers is 

commended in online journalism awards for their interactive narrative visualisation [15].  

Design One: ‘Make a Guess’  

The first narrative visualisation example, Design One, used a ‘Make a Guess’ interactive 

narrative pattern [27]. This pattern encourages engagement by stimulating the curiosity 

of an audience [157]. The audience is asked to guess an answer to a question, and the 

answer to the question is then revealed, affirming or disaffirming the accuracy of their 

answer. The objective of the ‘Make a Guess’ narrative pattern is that the audience 

questions their perception of reality by revealing a mismatch between perception and 

the actual data. An example of the ‘Make a Guess’ narrative pattern is a New York Times 

story on education titled ‘You Draw It: How Family Income Predicts Children’s College 

Chances [80].’   

In our study, the narrative visualisation design example, which we refer to as Design 

One, ‘Make a Guess’, was based upon a dataset from the WWF's Living Planet Report 

2022 [71]. It opened by asking the participant if they could answer this question; ‘What 

do you think is the percentage of decline of wildlife populations since 1970?’ Underneath 

the question was a sliding bar set by default to 20% and a button stating, ‘find out.’ Once 



151  

the participant clicked on the button, if the sliding bar was set to any number under 69%, 

the participant would receive the same message - wildlife decline was more than their 

estimate. If they estimated above 69%, they were answered with a ‘you are close.’ The 

default sliding bar amount, set at 20%, was a deliberate ploy for the user to estimate a 

lower value. See Figure 11:A for a diagram of Design One. 

Design Two: ‘Breaking the Fourth Wall’   

The second narrative visualisation example, Design Two, used the ‘Breaking the Fourth 

Wall’ interactive narrative pattern. ‘Breaking the Fourth Wall’ is a term often cited in 

cinema and literature disciplines. In interactive narrative visualisation, a direct question 

is asked of the audience, normally to input personal data. This creates a ‘self-story 

connection,’ which has been found to encourage engagement, as it includes the user 

within the story [19]. The narrative visualisation design example that inspired this study 

was a finalist in the online journalism awards. Published by the ABC Australia Story Lab, 

the narrative visualisation is titled ‘See how global warming has changed the world since 

your childhood [184].’ In our study, Design Two broke the fourth wall by asking the user 

to input their name. Specifically, the user was asked to ‘please enter your first name (this 

data will not be stored)’ so that privacy concerns were availed with the assurance that 

data relating to the user’s name would not be stored. Design Two opened by stating, 

‘How likely are you to be murdered by a serial killer?’ The user was asked to enter their 

first name click submit. Once submitted, a screen appeared with ‘[name] have you ever 

watched a horror movie and found yourself scared? Should you be scared of serial 

killers?’ This is followed by a basic bar chart explaining ‘1% of homicides in the UK are 

about 5.’ The narrative sequentially revealed itself as the user  
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Figure 11: A diagram of interactive narrative visualisation design examples A) Design 

One: ‘Make a Guess’ B) Design Two: ‘Breaking the Fourth Wall’ and C) Design Three: 

‘Exploration’ 

scrolled down the screen.’ All data sources are referenced at the end of the narrative 

visualisation. The participants that received Design Two were asked a comprehension 

check question: ‘how many people earned a PhD?’ See Figure 11:B for a diagram of 

Design Two. 
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Design Three: ‘Exploration’   

We refer to the third interactive narrative visualisation design example as ‘Design Three.’ 

Differentiating from the previous two examples, Design Three integrated a narrative 

pattern that encouraged data exploration. The audience is asked to freely explore data 

so that they can create their narrative. Such an experience is described as a ‘reader-

driven’ narrative visualisation. Design Three was inspired by a narrative visualisation that 

appeared in a digital publication called ‘The Pudding.’ The specific interactive narrative 

visualisation was titled ‘A Visual Guide to the Aztec Pantheon’, which explained Aztec 

iconography [82]. Similar in interface design to the Pudding example, Design Three 

encouraged users to click on the interface to explore information. The example asked 

users, ‘Which personality type are you? The Enneagram system is a theory that assigns 

everyone a personality type.’  The user was then asked to click on the personality types 

to find out which one they most like. See Figure 11:C for a diagram of Design Three. 

Survey Design 

The survey instrument was adapted from the VisEngage engagement questionnaire [92]. 

The survey instrument contained 22 questions, where the 11 engagement 

characteristics were allocated two questions each. For clarity, the wording of each 

question mentions a ‘data story’ rather than a narrative visualisation. The participant 

could answer on a 7-point Likert scale from strongly disagree to agree strongly. 

Examples of the questions are as follows; ‘While using this data story, I found its look 

and feel to be pleasing’ or ‘The content or message of this data story was interesting to 

me.’ As described by Hung and Parsons, an overall engagement score can be achieved 

by adding together the results of each question [92]. Strongly disagree is allocated a one 

and strongly agree is allocated a 7. Therefore, the maximum engagement score is 154, 

corresponding to high engagement, and the minimum is 22, corresponding to low 

engagement.  
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Figure 12: A flow diagram of experiment procedure. Experiment procedure: Prolific 

platform; ethics consent form; attention check, interactive narrative visualisation designs; 

comprehension check; engagement questionnaire and feedback question 

Experiment Procedure 

We conducted the experiment on the Prolific crowdsourcing platform. The experiment 

was in three phases. The first phase was where the participant exited Prolific and moved 

to the Qualtrics survey platform. They were asked to read and consent to the consent 

form, where ethics details were attached. In the next step, participants were asked for 

their Prolific ID, which was automatically inserted, and an attention check question. If the 

participant failed to consent, add their Prolific ID, or failed the attention check, their token 

was revoked, and they were returned to Prolific. 

The second phase was where the participant was asked to ‘please interact with the data 

story and then answer the questions below.’ One of the three randomly allocated 

interactive narrative visualisation designs was presented using an iFrame, where the 

interactive narrative visualisation was hosted on an external server. After the iFrame, we 

posed a comprehension question to ensure participants had interacted with the narrative 

visualisation. After the comprehension check question, the participant answered the 22 

engagement questions. All questions were on a Likert scale, and all were mandatory. 
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The final phase of the experiment was a qualitative feedback question that asked, ‘Did 

you feel you were engaged in the data story? Why or why not?’ This question was not 

mandatory. The participant could then either submit a response or move to the next step, 

which returned them to the Prolific platform. 

Participants 

We split each age cohort according to what are often described as ‘generations [4, 57].’ 

Generational research is a foundational topic in social sciences; however, we would 

highlight that the names used to describe generations can be loaded with stereotypical 

connotations. The objective of this research is not to perpetuate stereotypes associated 

with generational labels, and therefore we are not using the commonly used labels. We 

will refer to each age cohort by their age and refrain from using labels to diminish 

stereotypical connotations. 

The youngest cohort consisted of ages ranging between 18-27. This age bracket saw 

participants born on or before 1997. Due to limitations with the crowd-sourcing platform, 

the youngest participant allowable age was 18. The second cohort had ages ranging 

between 28-43, where their birth year was on or between 1981 – 1996. This age cohort 

came to adulthood during the first years of the new millennium.  Born between 1965- 

1980, this age cohort is between 44-59 years old. Finally, the oldest cohort consisted of 

participants with ages 60+ with a birth year of or above 1965.  

 Our participant sample size was a result of a power calculation with a goal of a 95% 

confidence level and a 4% margin of error. The population was calculated based on the 

adult population size in the UK in 2022 [2]. Our ideal sample size was calculated at 

approximately 601 participants per age cohort, therefore, with three design examples 

with equally distributed participants with 200 in each group, our total ideal sample size 

was approximately 2400 participants.  
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Figure 13: Depiction of age cohorts and the years of birth [57]. Note: chart is current in 

the year 2024. 

Results 

Hypotheses 

We expected to observe differences between the four age cohorts while factoring in the 

effect of the narrative visualisation design examples. We firstly affirmed if a significant 

difference exists, specifically, our alternate hypothesis was as follows: 

H1: There is a significant difference in engagement score and age cohort 

Quantitative Analysis 

Out of the 2400 participants, 77 failed the comprehension check. To investigate which 

age cohort had the greatest engagement, our dependent variable needed to be the 

overall engagement score. This was calculated by adding together all question 

responses in the VisEngage questionnaire as recommended by Hung and Parsons [92]. 

We normalized the engagement score data removing extreme outliers. Outliers were 
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identified with engagement scores below 50 and above 155, where we judged that their 

extreme response patterns indicated likely response bias. The number of outliers 

amounted to 43 participants, less than 2% of participants. A Shapiro-Wilk test was 

performed, and the result was not significant. Approximately equal variances were tested 

using the engagement score as the dependent variable in Levene’s test, the result of 

which was not significant. The final number of participants totalled 2280 participants.   

 

Figure 14: Small multiple of histograms displaying frequency of engagement score by age 

cohort  

We ran a one-way ANOVA to compare the effect of age and engagement score. The 

one-way ANOVA revealed that there was a statistically significant difference in 

engagement between at least two groups (F(3, 2426) = [2.81], p = [0.03]). Tukey’s HSD 

test for multiple comparisons found that the mean value of the engagement score was 

significantly different between the 60+ age cohort and 18-24 age cohort with a 

confidence interval of 95% (p = 0.05, 95% C.I. = [-5.1, 0.02]). All other age cohorts 

between groups means comparisons showed no significant differences. Figure 14 shows 

the frequency engagement scores per age cohort for all combined design examples. 
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Displaying that the frequency of higher engagement scores are in the youngest age 

cohorts. 

According to our test results we could accept our research hypothesis (H1). We then 

measured effect size of age on engagement score. The effect size of age cohort on 

engagement score, as measured by Cohen’s f, was 0.06, indicating a small effect size 

(95% C.I. = [0.01, 0]) [52]. We analysed the interaction effect of age cohort and narrative 

visualisation design example on participant engagement scores. The two-way ANOVA 

revealed that there was not a statistically significant interaction between the effects of 

age cohort and narrative visualisation design example (F(6, 2355) = [1.52], p = [0.17). 

Therefore, when factoring in the narrative visualisation design examples, they did not 

interact with participant engagement score.  

Finally, overall engagement in the interactive narrative visualisation was positive for all 

age cohorts. As stated in section ‘Survey Design,’ the minimum possible engagement 

score was 22. The mean engagement score was 110 for all age cohorts combined. 

Furthermore, the median engagement score was 112. This data reveals that the majority 

of participants were positively engaged in interactive narrative visualisation. 

Qualitative Analysis 

We investigated the thought processes of participants by analyzing their responses to a 

qualitative feedback question. The survey instrument asked, ‘Did you feel you were 

engaged in the data story? Why or why not?’ The aim was shed light on the cognitive 

reasoning and reflections of participant on their engagement with the interactive 

narrative visualisation. This question was not mandatory, and we received 2278 

responses. To qualitatively analyse the data, we adopted an inductive theming approach 

using latent theming [35]. We inductively coded lower-level themes determined by upper-

level themes. Initially we determined upper-level themes by word frequency matched to 
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potential engagement related issues. Examples such as ‘attention,’ ‘color’ and 

‘interactive’ were deemed as upper-level themes according to their relative high 

frequency in the qualitative data. Two coders independently coded responses, and any 

inconsistencies were discussed.  

Interactivity  

‘Interactive’ was mentioned seven times by the 60+ cohort. This was in contrast to the 

18-27 age cohort, who mentioned ‘interactive’ or ‘interactivity’ 49 times. We analysed the 

exact phrases that participants used in the 18-27 cohort relating to interactivity. Our 

analysis revealed that the younger audience attributed their engagement to interactivity, 

for example, “yes because it was interactive” or I was engaged as it was an interactive 

task” (both comments from 18-27 age cohort, Design One). 

The interactive device in Design Two, aimed to include the audience in the story and 

thus encourage engagement. 18-24 age cohort recognized that this was the aim of the 

interactive device, for example, “Yes as it was interactive and by using my name felt 

personal” (18-27 age cohort, Design Two). We found further evidence of perceptiveness 

in Design Three from the 18-27 age cohort “I did feel I was engaged in the data story as 

I had to click to find the information as well as scroll for more information” (18-27 age 

cohort, Design Three). The goal of the interactive device in Design One:, ‘Make a Guess’ 

was to illustrate a mismatch between audience expectation and reality. For example, 

‘The decline is higher’ which made me feel engaged” (18-27 age cohort, Design One). 

While we observed that 18-24 age cohort was relatively more aware of the interactive 

devices this does not mean other age groups were oblivious, only their perceptive 

feedback was less frequent. For example, “I felt engaged as there was an interactive 

question where I could enter what I thought to be the answer. This made the impact of 

learning the true answer heavier as I was engaging with the story” (44-59 age cohort, 

Design One) or “I found the personality types interesting flip over to read and to associate 
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the descriptions with the images you gave for the personality” (60+ age cohort, Design 

Three).   

When recognized by the 60+ age cohort, there were instances where the interactive 

device had the opposite effect of encouraging engagement and reported as a distraction 

or confusion, “My name personalized the story initially, but the repetition of it became 

quite annoying and distracting” (60+ age cohort, Design Two) or “I was distracted by, 

initially, not realizing I had to scroll down the box to gain more information” (60+ age 

cohort, Design Two) or “I was engaged, mainly because at first I was not sure what was 

going on. I was mainly confused” (60+ age cohort, Design Two). In the younger age 

cohorts, there were no observable reports of the interactive devices causing distraction 

or confusion. The younger age cohorts did report that they preferred an easy-to-use 

interface, where the interactive device did not detract from the user experience. As 

described here, “it would have been better if you did not have to scroll down” (28-43 age 

cohort, Design One), or it “felt like a bit of a gimmick, why not just have the information 

under the pictures instead of needing to click nine times” (18-27, Design Three).  The 

data suggests that regardless of the audiences’ age, usability influences engagement. 

For the older age cohorts, however, the effects of poor usability cause greater effect than 

a minor aggravation, but feelings of confusion and distraction. 

Cognition 

In older audiences, it has been shown that complex visualisations can be cognitively 

demanding, requiring users to remember and interpret multiple information pieces 

simultaneously [97]. We found evidence that older audiences expressed a preference 

for less complex visualisation, for example, “I don't find it particularly easy to interpret 

graphs or charts and I loathe Venn diagrams, so, I possibly had to concentrate more 

than other participants in order to ensure that I was interpreting the information correctly” 
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(60+ age cohort, Design Two) or “I found the charts a little confusing to begin with - 

possibly my age!” (44-59 age cohort, Design One).  

Furthermore, older audiences mentioned that they were required to revisit the narrative 

visualisation to fully comprehend it; “My biggest problem with it was the need to scroll 

down. At first I didn't realize there was more data below” (60+ age cohort, Design One). 

The youngest age cohort did not report missing key information due to issues related to 

visual complexity. This reveals older audiences might miss crucial information if the 

representation is too complex or the interactive device is not clearly marked.   

Older audiences mentioned legibility issues, particularly in regard to font sizes. One 

suggestion was larger, clearer text “I felt engaged because of the topic. I didn't see the 

answer at first so I would make this bigger and, in a pop-up,” (60+ age cohort, Design 

One) or “The graphics were too big or font size was too small” (44-59 age cohort, Design 

Two). Font size resulting in poor legibility is a documented issue for older audiences in 

interface design, but often overlooked in the context of visualisation design [198].  

Aesthetic Appeal 

We examined the responses of the participants who reported they were not engaged. 

The primary reason, reported by the 18-27 age cohort, was criticism of the aesthetic 

appeal of the narrative visualisations. For example, Design One, had a black 

background, which was described as ‘dated’, where for example it was stated, “It felt 

quite outdated especially with the colors” (18-27, Design One).  Design Three, was 

described as ‘cluttered’, for example, “No as the text for the personality types 1-9 was 

cluttered” (18-27, Design Three). These comments reveal the importance of sound 

aesthetic design, particularly for an interactive narrative visualisation aimed at a younger 

audience.  
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One difference observed between the older and younger age cohorts was their 

preference toward text integrated into the narrative visualisation. Younger audiences 

preferred less text that was divided into smaller sections, for example “I felt that the 

gradual reveal of information meant that it was easier to compartmentalize statistics and 

different pieces of information rather than looking at a solid block of text, it felt more 

intuitive” (18-27, Design One). Older audiences preferred more text that provided context 

to the interactive narrative visualisation. For example, “It was thought provoking and I 

felt it needed more pages to explain what has been lost and why” (60+ age cohort, 

Design One). 

Finally, we coded 1437 strongly positive responses. This is in line with our quantitative 

data analysis, where overall positive engagement was reported for all age cohorts, 

however slightly less for the older age cohorts. The 60+ age cohort reported 326 

instances of positive engagement, 338 by the 44-59 age cohort, 382 by the 28-43 age 

cohort, and 391 times by the 18-27 age cohort. This reflected a generally positive opinion 

of engagement in the narrative visualisation examples across all age cohorts.  

Discussion and Future Work  

Designing Narrative Visualisation for Older Audiences 

Older audiences are more attuned to usability difficulties. 

Older age cohorts reported feeling distracted and confused by the interactive narrative 

patterns integrated into the narrative visualisation. These negative reactions could 

explain the lower engagement scores of the older age cohort compared to the youngest 

age cohort. It is important to note that all age cohorts desired ease of use. The primary 

difference between age cohorts was the extent of the negative reaction to usability-

related concerns. For example, older age cohorts reported not recognizing functionality 
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in the interactive narrative visualisation, such as scrolling. Younger age cohorts 

recognized that they were required to scroll but preferred that it was not required. The 

findings of this study highlight the importance for narrative visualisation authors to 

prioritize usability for all audiences, however, especially if the visualisation is aimed at 

an older aged audience. Moreover, for older age cohorts, important information 

contained in an interactive narrative visualisation might be missed if the interactive 

device or data representation is too complex.  

Older audiences prefer more text and larger font 

In the study we found that older audiences asked for more text for context to the narrative 

presented. We suggest that authors of narrative visualisation provide the option for the 

end-user to access text about the presented topic. While it might not be necessary for 

primary messaging contained within the narrative visualisation, more text provides 

context to older audiences, where assumed knowledge might not be present.  

Qualitative data analysis revealed that older audiences requested larger text for legibility. 

Legibility and more generally accessibility is a known issue for older audiences[97]. 

Specifically in interactive narrative visualisation, where interactive devices are integrated 

with the intent to engage an audience, fundamental accessibility concerns might be 

overlooked.  

Designing Narrative Visualisation for Younger Audiences 

Younger audiences understand interactive narrative patterns. 

Qualitative data analysis indicated a stark difference in the terminology used by the 

youngest age cohort relative to the older age cohorts. Interactivity was mentioned much 

more frequently with the youngest age cohort, and usually in a positive light. 

Furthermore, the youngest age cohort seemed to have a perceptive understanding of 
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how the interactive narrative pattern achieved its intent of encouraging engagement. For 

example, the younger age cohort’s responses to Design Three, ‘Exploration’ specifically 

outlined how exploring the data through clicking was more engaging than simply reading 

it. Our study sheds light on the depth of understanding of interactive devices held by the 

youngest age cohort, illustrated by their descriptive feedback.  

The results of this study do not disprove the NN Group report, which stated it was a myth 

that young adults “crave multimedia and innovative design [81].” Rather, the results of 

this study give credence to the fact that young adults are accustomed and therefore 

more understanding of interactive devices. Increased engagement is, therefore largely 

due to the young adults’ ability to perceive the intent of the author. Whereby recognizing 

that as an audience, younger age cohorts are expected to be engaged therefore they 

are engaged. For future authors of interactive narrative visualisation targeted towards 

younger age cohorts, it is recommended to use interactive narrative patterns with explicit 

intent. Duplicitous or superfluous use of interactive narrative patterns would likely be 

recognized and thus could result in lowered engagement.  

Younger audiences appreciate aesthetics and less text 

Aesthetics could potentially not be prioritized in interactive narrative visualisation. 

Specifically, when machine-driven workflows or AI co-creation tools are used for 

visualisation generation, aesthetic appeal might be considered of lesser importance to 

functionality and accuracy. Our study highlighted that if the intended audience is a 

younger adult audience, aesthetic appeal directly impacts their engagement. It is 

recommended that authors of narrative visualisation segment their information 

thoughtfully. We observed that younger audiences preferred an interface that was less 

cluttered and thus easy to digest. Furthermore, while it is helpful to use automated tools 
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for narrative visualisation generation, the role of the author is still vital to aesthetically 

evaluate the overall design and flow of the narrative visualisation. 

Interactive Narrative Visualisation has a Broad Appeal.  

One positive outcome of our study is the apparent appeal of interactive narrative 

visualisations. The mean engagement score for all age groups was 110, where the 

lowest possible score was 22, and the highest was 152. The positive mean average 

indicates overall positive engagement in interactive narrative visualisation. In addition, 

the qualitative analysis evidenced a largely positive reaction, where 63% of feedback 

responses reported a strongly positive engagement. This finding evidences that as a 

communication medium, interactive narrative visualisation can engage a broad 

audience. Authors of interactive narrative visualisation should not shy away from 

designing narrative visualisation for older audiences. The study presented here shows 

that, when designed inclusively, interactive narrative visualisation is an engaging 

medium for all age demographics.  

Future Work  

Fruitful future avenues of research could consider individual engagement characteristics. 

We have simply added the engagement 22 questions, where each of the 11 engagement 

characteristics received two corresponding questions, in the VisEngage questionnaire to 

achieve a final engagement score. We added them together as it was recommended by 

Hung and Parsons [92]. However, it could be interesting to investigate if individual 

characteristics appeal to age groups differently.  

As the study of narrative visualisation audiences is still an emerging area of research, 

we suggest other demographics that could be worthy as a focus of investigation. Other 

demographics divided by gender, education, and location could prove to be interesting 
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avenues of investigation. The empirical evidence reported in this study will result in more 

effective interactive narrative visualisation as it can better inform future interactive 

narrative visualisation design and research. Empirical visualisation research can 

overlook the age of their participant base, this study shows that age can impact 

experiment results and should be reported [40]. We hope the findings of this study 

encourages authors and researchers to seriously consider audience age when designing 

or researching interactive narrative visualisation in the future. 

Limitations 

There are several limitations to this study. The foremost limitation is that there are but 

three narrative visualisation design examples. Optimally, we would have used a 

multitude of examples. However, the scope of this study dictated a limit of three. It should 

be noted, however, that each design example uses one of the three interactive narrative 

patterns that are described for engagement [27]. The objective of this study was a broad 

approach, where we used differing topics, narrative patterns, and designs. It is 

unfeasible to study all possible combinations of topics, narrative patterns, and designs. 

We believe that the three examples we developed were adequate to achieve our study’s 

aims.  

Another notable limitation is that this study is only representative of an audience based 

in the UK. The availability of the oldest age cohort from countries outside the UK and the 

US was specifically challenging and disappointing to the international research team. 

The uneven distribution of older participant country locations resulted in a decision to 

focus the experiment on participants from the UK. Rather than a skewed result, we prefer 

our results to concretely representing the behaviors of peoples from one locale. 

Furthermore, the premise of our study is to question whether different demographics 

engage differently with narrative visualisation; therefore, it stands to reason that the 
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locale of participants might impact study results.  Comparing audience engagement 

across multiple countries is outside the scope of this work. For future researchers, we 

have provided our designs and code from the interactive narrative visualisation 

examples in the supplementary material and we encourage researchers to replicate this 

study in other languages or locales.  

Conclusion 

To communicate effectively, content authors are required to recognize the needs, 

preferences, and behaviours of their intended audience. The outcomes of this study 

suggest that audience age significantly impacts their engagement in interactive narrative 

visualisation. Older audiences that are in the 60+ age cohort find that interactive 

narrative patterns integrated into narrative visualisation cause usability difficulties. 

Younger age cohorts do not experience the same response when presented with 

interactive narrative patterns. Younger age cohorts recognize and appreciate interactive 

narrative patterns and are thus more engaged than their older counterparts. Our results 

lead to valuable implications for designing future interactive narrative visualisation.   
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Chapter Six—Conclusion and 

Implications 

Conclusion 

This thesis contributes by providing a comprehensive investigation into evaluating 

effective narrative visualisation. The first part of the thesis examined inspection methods 

of evaluation, namely heuristic evaluation. The perspective that we encompassed at all 

stages within the first part of this thesis was that of the practitioner. Through adopting a 

practice-led approach we have developed a heuristic framework that has real-world 

implications. Via a process of first literature review, practitioner survey and then a series 

of semi-structured interviews, it was possible to develop a heuristic framework that 

reflected the experience and objectives of practitioners. The heuristic framework was 

then validated in two separate settings using different scenarios, The breadth of our 

approach resulted in a rigorously developed set of heuristics. To our knowledge these 

are the first set of practice-led heuristics for the evaluation of narrative visualisation.  

The second part of this thesis has potential to have far reaching implications. The 

contribution of a new way of employing narrative visualisation means that it could be 

potentially implemented for the specific purpose of ‘nudging’ an audience. Slightly 

changing the attitude of an audience may not initially seem as particularly impactful, 

however if extrapolated to a population level then it can potentially be quite a powerful 

mechanism. It is therefore necessary that nudges are ethically deployed, where it is 

based solidly on scientific evidence. In our study we used the context of wearing mask 

to hinder the spread of COVID-19. The evidence that mask wearing saved many lives is 

substantial and continues to be an important defence in the fight against COVID-19. The 
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second experiment in the latter part of this thesis addressed myths and assumptions 

perpetuated about the preferences and behaviours of age cohorts. The result of this 

experiment was significant. We found that older age cohorts engage less with interactive 

narrative visualisation. We believe that the findings of this study can better inform 

designers of narrative visualisation and therefore a valuable contribution to narrative 

visualisation research area.  

Limitations and Future Research 

There were some marked limitations that were pervasive through the research. The most 

prominent is the dichotomy of localisation and generalisation. A common issue with 

visualisation evaluation studies. This threat is particularly problematic for studies in 

narrative visualisation, where each, individual narrative visualisation is separate in its 

aims and presentation. Therefore, it could be argued that the result from the experiment 

are only related to the narrative visualisation that was used within that experiment. This 

in turn diminishes the universality of findings. We have recognised that this is a challenge 

and where possible have attempted to diversify the materials in our research. For 

example, the summative validation study used three different examples to evaluate, 

where each example was varied in structure and aim. It should be noted that it is 

impossible to study all scenarios and while it is accurate that the universality of findings 

could be questioned, we have attempted to overcome this limitation. 

Another limitation that applied mostly to the opening chapters of this thesis, was in regard 

to control for sampling bias. We targeted practitioners who personally introduced 

themselves as being experienced in contributing to the development of narrative 

visualisation. 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 negative. This process sifted 

out most unsuitable practitioners. 
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The second part of the thesis did not have the threat of control sampling bias as 

participants were randomly selected via a crowd-sourcing platform. The crowd-sourcing 

platform did however prove to have some substantial limitations. This was apparent in 

both user-studies, where we were forced to focus on participants located in the UK. This 

was due to the fact that the crowd-sourcing platform is located in the UK and therefore 

the largest pool of participants were located in that locale. While it could be argued that 

the impact of having only participants from the UK is not greatly detrimental as culturally 

and linguistically the UK is in some ways similar to Australia, we believe that this is 

actually not the case. We have therefore made all code and other research materials 

freely available, where perhaps in the future the user-studies could be carried out in 

Australia, or other countries.  

Finally it should be noted that a substantial portion (58%) of practitioners we interviewed, 

identified as working in the journalism domain. This has skewed our results to favour the 

perspective of those working in that particular domain. Further investigation is needed 

into whether a different practitioners domain ratio would impact the final heuristic 

framework. 

Topics for Future Research 

Heuristic Framework with Non-Experts 

A promising avenue for further research involves exploring the possibility of implementing 

the heuristic framework in a classroom setting. This has been employed with information 

visualisation heuristics and shown to have beneficial results [163]. The heuristics 

operated as a teaching tool that could foster design skills in students. At this point in time 

all practitioners that we have investigated related to the heuristic set were experienced 

professionals. It stands to reason that non-experts could have a different experience 
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when implementing the heuristics. Rather than an informal checklist to remind the user 

of best practice, the heuristics could function as a guide and teaching aid.   

Heuristic Framework Tailored to Narrative Visualisation Subsets 

As new forms of narrative visualisation emerge so should the heuristic framework evolve 

to accommodate them. Similar to the usability heuristics proposed by Nielsen, the 

heuristics proposed here are minimalist [134]. They can be adapted and expanded to be 

tailored to subsets of narrative visualisation. Some potential subsets such as interactive 

narrative visualisation and scrollytelling have requirements that are distinct. These would 

require an adapted heuristic framework. Future work could even predict  

Communication Strategies 

Otherwise referred to as ‘narrative patterns [133]’ communication strategies are devices 

integrated into narrative visualisation with specific intent. In the third chapter of this thesis 

two communication strategies that encourage empathy were selected. These were 

namely, ‘personal identification’ and ‘anthropomorphism’, There are however 13 other 

communication strategies described in the seminal book ‘Data-Driven Storytelling [133].’  

Some examples of potentially exciting communication strategies to study include, 

studying the effects of ‘flow management’ where for example data is revealed 

deliberately at a progressively slower or faster pace to encourage an affective response 

[133]. Another example is data exploration as communication strategy deliberately intent 

on encouraging engagement in the audience. Recently other communication strategies 

mentioned have been investigated with varying success, namely the ‘make a guess’ 

narrative pattern and the ‘breaking the fourth wall’ narrative pattern [157, 172].  

Addressing Other Myths and Assumptions 

Another important area for future investigation is to address other myths and 

assumptions about narrative visualisation audiences. In this thesis I have investigated 
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age based myths and assumptions as they relate to engagement in narrative 

visualisation. In grey literature surrounding narrative visualisation, such as blogs or 

YouTube videos, other concepts that could be classed as myths are perpetuated. Some 

audience preference and behaviours myths include designing for specific gender or 

designing for an education level or culture. Without scientific investigation, it is not 

possible to accurately determine the needs of the audience. When narrative visualisation 

is conveying vital information, authors that are not properly informed could design less 

effective narrative visualisation. Therefore evidence-based advice and 

recommendations is required so that authors of narrative visualisation can design for 

their audience.  

Investing Other ‘Nudge’ Types and Ethical Guidelines 

In this thesis I looked at one type of ‘nudge’ namely the ‘availability heuristic.’ The 

‘Availability’ heuristic relates to how common or visible or familiar something is perceived 

to be. The greater the commonness, then the greater the perceived frequency or 

incidence, and also the greater sense of trust in the communication. Other heuristics for 

nudges include ‘Anchoring and Adjustment’ defined as using a known/comparable fact 

and adjusting it to estimate or decide about something which is unknown [183]. It would 

be potentially interesting to see if the ‘Anchoring and Adjustment’ nudge type is effective 

as it is popular among authors. Finally, another ‘nudge’ type is ‘Representativeness’ 

which is described as how similar something is thought to be in relation to a perceived 

stereotype or assumption [183]. This concept could be employed in various 

implementations. Further research would be needed to find out the exact contextual 

benefits ‘Representativeness’ could have. 

Shifting the attitude of an audience is a powerful mechanism and could be valuable in 

contexts outside of purporting health advice. Contexts where nudging with narrative 

visualisation could be seen as valuable could include product marketing and political 
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lobbying. These are contexts where shifting an audience attitude may not be done with 

their best interests at heart. It is therefore imperative that greater thought and guidelines 

for ethically integrating nudges in narrative visualisation are created. This is perhaps the 

most impactful of the avenues of future work that have been presented in this section of 

my thesis. I believe that clear ethical guidelines for nudging with narrative visualisation 

would be an impactful and valuable future work project.  

Investigating Novel Evaluation Methods  

In the first part of this thesis practitioners uncovered some novel approaches to 

evaluation. These could be exciting avenues of research. The most fascinating novel 

evaluation approach was described as ‘guerilla user-testing.’ In this instance no 

laboratory is required, instead the evaluator approaches members of the public in a 

public space and asks them if they would consent to taking part in a test. This form of 

evaluation has the benefit of spontaneity and fluidness. This evaluation method has yet 

to be investigated in relation to visualisation generally, and narrative visualisation more 

specifically. Finally, another novel form of evaluation was the use of social media to 

evaluate ‘on-the-fly’ where the author would update the narrative visualisation according 

to feedback in a series of short feedback loops.  

Summary 

This thesis makes several noteworthy contributions to the existing body of research in 

the field of narrative visualisation. These contributions encompass a comprehensive 

exploration of various methods of evaluation. 

First, this study extends the scholarship on heuristic evaluation of narrative visualisation, 

focusing on the practitioners that author narrative visualisation. By integrating their 

feedback and expertise, the proposed heuristic framework for evaluation is a practical 

tool that can be used in a real-life setting. Unlike many domain-specific heuristic sets this 
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set has been validated. Important to identify weaknesses and gaps in the heuristics, 

validation is crucial step to establishing heuristics. 

Second, the thesis introduces a new means to employ narrative visualisation, namely to 

‘nudge’ an audience. To the authors knowledge, nudging is yet to used in relation to 

narrative visualisation. It has the potential to be a powerful mechanism, where slightly 

changing the attitude of an audience could have real-world consequences. This study 

was able evaluate narrative visualisation effectiveness in a tailored audience setting 

resulting in evidence-based recommendations for narrative visualisation authors. 

Furthermore this thesis contributed greater understanding of communication strategies 

integrated into narrative visualisation and their effectiveness. This is still an emerging 

area of literature and this study provides the foundation for later work in the area.  

Third, the thesis addresses myths and assumptions about narrative visualisation 

audiences. While it is important to tailor narrative visualisation to an audience, it is still 

important to fully understand the audience. By investigating one of the most fundamental 

aspects of audience categorisation, namely age, this work will lead to better informed 

designers of narrative visualisation. 

In summary, this research contributes to a holistic approach to narrative visualisation 

evaluation. It enriches our knowledge and appreciation of narrative visualisation. 

Through encouraging a conversation about evaluation narrative visualisation will be 

more effective. The integral role that practitioners played in this thesis means that it has 

both a practical and theoretical contributions. As an important medium of 

communication, which is increasingly growing in popularity, it is vital that narrative 

visualisation is both comprehensible and engaging.
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Appendix B - Survey Study 

Figure 15: Flow chart of survey questions
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Appendix C - Nudging Study  

SPSS outputs 
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a. Uses Harmonic Mean Sample Size = 255.186. 

b. The group sizes are unequal. The harmonic mean of the group sizes is used. Type I error levels are not guaranteed. 
 
 
 

Appendix D – Act Your Age Study  

Statistical test results in R One-way ANOVA 
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