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ABSTRACT 

 

The purpose of the study was to understand the experiences of data scientists regarding common 

skills and strategies for interpreting and creating data visualizations. In this study, the participants 

were researchers in data science. The Delphi method was used to gather common processes of data 

visualization through three rounds of surveys called Delphi panels where responses from the 

previous panel were used to frame the questions on the next panel. Skills and strategies were 

identified after Delphi Panel 1 and then brought back to the participants in Delphi Panel 2 to rate 

the level of importance they attributed to those skills/strategies. Consensus was determined using a 

cut-off for the interquartile range for each skill/strategy, and overall group ratings were presented 

to researchers in Delphi Panel 3 for them to adjust their ratings as desired. This study provided 

empirical evidence for a consensus set of skills/strategies that data scientists engage in when 

interpreting and creating visualizations.  
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1. INTRODUCTION AND BACKGROUND LITERATURE 

 

1.1.  DATA SCIENCE AND DATA VISUALIZATION 

 

Data science is an evolving field that encompasses the use of data to extract value and meaning 

from complex and rich datasets that have been amassed from science, industry, or government (De 

Veaux et al., 2017; Takemura, 2018). The new research area, data science, was first introduced by 

Cleveland (2001) in an action plan for the field of statistics, which described how the technical areas of 

statistics needed to be redesigned for practicing analysts to learn from data by using various tools that 

have a direct benefit while understanding statistical theories that have an indirect benefit. In recent 

years, technological advances have had a universal impact on the ability of various industries and 

research fields to collect, store, visualize, and analyze large amounts of data (Eilam, 2015; Forbes et 

al., 2014). As a result, visualization software tools have developed over the past ten years to present 

complex data and information in a more succinct way so as to foster interpretation and discovery of 

new relationships or patterns (Forbes et al., 2014; Keim et al., 2010; Mirel et al., 2016). The use of 

visualization methods and techniques to make sense of large datasets has become an essential way to 

represent and interpret information (Figueiras, 2013). Data visualization has further developed as a 

process for representing information to facilitate understanding, identify trends and patterns, and make 

inferences about data (Kapler & Wright, 2004). This has created the need to understand the components 

of data visualization literacy and encourage universal data visualization literacy in society (Börner et 

al., 2019).  

The basic idea of data visualization, namely, making sense of graphical representations of data, has 

been well studied across statistics, mathematics, and science education in multiple ways using various 

names and constructs (Cooper & Shore, 2010; Pfannkuch, 2006; Maltse et al., 2015; Mirel et al., 2016; 

Roth & Bowen, 2001). One prominent and pertinent approach from the perspective of statistical literacy 
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emphasizes graph comprehension (Curcio, 1987; Friel et al., 2001). Research of this type is typically 

based upon the rationale that standard statistical graphs such as line, bar, and histogram, are typically 

taught in introductory courses for statistics, mathematics, and science, and thus are viewed as 

fundamental displays that people should be able to read and understand in order to be literate citizens. 

For example, Curcio (1987) introduced three levels of graphical comprehension, which he defined as 

“read the data”, “read between the data”, and “read beyond the data”. Friel et al. (2001) furthered 

Curcio’s framework and identified skills at each level. The authors also brought together many 

perspectives and literature that identified critical cognitive behaviors that influence student graphical 

comprehension, including the concept of graph sense and proposed instructional implications based on 

those behaviors. Graph sense is defined as a combination of the process of graph comprehension and 

the importance of emerging technology on allowing graphical displays to be created in dynamic 

environments. The behaviors associated with graph sense are closely aligned with what is recognized 

as data visualization in that they encompass the reasoning and interpretation of a graphical display as 

cognitive abilities in ways that are not captured with the contrast of graphical comprehension.  

Graphical comprehension has also been studied from other perspectives such as a focus on cognitive 

ability (Lem et al., 2015; Lowrie et al., 2012; Nicolaou et al., 2007), the graph as a singular entity (Lima 

& Selva, 2010; Shah & Hoeffner, 2002), or a student’s ability to translate information between multiple 

different modes (Carrión Pérez & Espinel Febles, 2006; Kosslyn, 1985). For example, Roth and Bowen 

(2001) investigated graph-related practices based on scientists reading and interpreting familiar and 

unfamiliar graphs and found that they used their understanding of the phenomena and context 

represented by the graph to interpret signs or patterns in the graph. Strategies have also been identified 

for assisting primary and secondary school teachers in developing their reasoning and thinking about 

how to communicate purposeful comparative reasoning from graphs focused on the statistical inquiry 

cycle (Pfannkuch et al., 2010). 

In contrast to graphical comprehension, more recent studies using the construct of data visualization 

have been varied in focus and approach. For example, Azzam and Evergreen (2013) define data 

visualization as a process of creating a representation that consists of the following three criteria: (a) 

the data must be qualitative or quantitative, (b) the raw data is accurately represented and important 

information is not omitted, and (c) the data can be explored, examined, and communicated. Boy and 

colleagues (2014) used the term and concept for the actual display of data that is produced from the 

process while Börner and colleagues (2016) defined data visualization as a process of making sense 

about data by applying higher-order thinking, such as reasoning, synthesis, or evaluation. In a similar 

way, Laina and Wilkerson (2016) concluded from a case study analysis that reasoning with complex 

data visualizations may require learners to be fluid about their interpretations requiring reorganizing 

data in interactive displays and adjusting interpretations to consider multiple patterns within the data. 

These various perspectives and studies all share a common recognition, to one degree or another, for 

the central role of creation and interpretation of a representation, often identified as a data visualization 

or simply a visualization, as the two central thinking processes that encompass data visualization 

literacy. This situation, in the context of data science emerging and evolving as a field, served as the 

impetus for a study on the perspective of data scientists on their thinking processes.  

The purpose of this study was to use the consensus perspective of data scientists as experts to 

construct a rich definition of data visualization literacy by capturing the skills and strategies of the 

thinking processes as they both create and interpret visualizations. Accordingly, the study was framed 

by the following two research questions: 

1) What common skills and strategies define interpreting visualizations based on the experiences 

from data scientists? 

2) What common skills and strategies define creating visualizations based on the experiences from 

data scientists? 

 

1.2.  THEORETICAL FRAMEWORK 

 

The problem of understanding how data scientists interpret and create visualizations was 

approached through the framework of epistemic thinking, which is also recognized as epistemic 

cognition. The terms epistemic or epistemological are derivations of the construct epistemological 



3 

beliefs, which refers to a person’s “beliefs about the nature of knowledge and the process of knowing” 

(Mason, 2016, p. 375). Suggesting that something is epistemic implies that it involves a person’s 

personal beliefs and assumptions about the source and/or justification of knowledge (Mason, 2016). 

With regards to the process of knowing, cognition has been defined as the “mental action or process of 

acquiring knowledge and understanding through thought, experience, and the senses” (Cambridge 

Cognition, 2015, p. 1). Cognition can also be understood as the mental processes that an individual has 

as they learn and store information along with how that information is used to influence their behavior 

(Cambridge Cognition, 2015).  

The field of study about the nature of knowledge is personal epistemology that focuses on how 

individuals reflect on and perceive the aspects of knowledge and knowing (Barzilai & Zohar, 2012). 

The term epistemology derives from the Greek words, “episteme” and “logos”, meaning the “study of 

knowledge”. In the past, the research about epistemology was focused on defining what knowledge is 

and differentiating the term from personal opinions and perspectives (Sandoval et al., 2016). Traditional 

epistemology research centered on understanding how individuals would have gained knowledge not 

just by chance or luck, but by justifying for their knowledge. It was not until the late 1990’s that the 

field of personal epistemology was developed, influenced by an awareness that individuals’ 

discernments of using and applying knowledge claims were complex (Hofer & Pintrich, 1997; Sandoval 

et al., 2016). The study of personal epistemology has been researched from three primary perspectives: 

as a cognitive developmental process, as a system of beliefs, and as a set of resources (Barzilai & Zohar, 

2012, 2014; Hofer, 2004). 

The combination of epistemic and cognition into epistemic cognition or epistemic thinking indicates 

a focus on how individuals think about what they have come to understand as knowledge, as opposed 

to believing or doubting that something is acceptable. Epistemic cognition involves mental structures 

related to knowledge and acquiring true beliefs and understanding (Barzilai & Eilam, 2018). Epistemic 

cognition also focuses on understanding how an individual acquires, justifies, and uses the knowledge 

that they possess (Hofer, 2016). Understanding how individuals evaluate the degree of commitment to 

the information and claims, as well as the sources of that information combined with the strategies and 

processes for reasoning about specific information, are all components of epistemic cognition (Barzilai 

& Zohar, 2016). An example of epistemic cognition would be an individual examining how reliable a 

source of information is as a means to justify and achieve acceptable belief of that information.  

Epistemic thinking can operate at both the cognitive and metacognitive levels, but the distinction 

between the two aspects have not been well defined in the field of personal epistemology (Barzilai & 

Zohar, 2012, 2014). The multifaceted framework of epistemic thinking by Barzilai and colleagues 

(2014) makes a distinction between cognition and metacognition when exploring learners’ epistemic 

thinking. The framework further delineates among the knowledge, skills, and experiences within 

epistemic metacognition. There is a gap within the data visualization literacy literature that this study 

addressed by using the framework of epistemic metacognitive knowledge to better understand the skills 

and strategies data scientists engage in when interpreting and creating a visualization. 

The process of data visualization involves epistemic thinking because the individual is using mental 

structures to process and understand the visualization as well as producing beliefs about the topic of 

information the data represents. Understanding the mental structures of data scientists regarding data 

visualization will assist in defining the skills and strategies of the thinking processes that individuals on 

the high-end of the data visualization literacy continuum use when interpreting and creating 

visualizations. By asking experts to make their epistemic thinking explicit, to reflect upon it individually 

and in relation to the thinking of other experts, we specifically target what is recognized as epistemic 

metacognitive knowledge (Barzilai & Zohar 2012, 2014). 

 

1.3.  DATA VISUALIZATION LITERACY 

 

Data visualization has been researched in a variety of disciplines, including Library Science, 

Engineering, Information Science, STEM education, and Computer Science/Human-Centered 

Computing. Consequently, data visualization literacy has been interpreted and defined in many ways 

relative to the context in which it was studied. In the area of library science, data visualization is defined 

as “enabl[ing] the creation of engaging, aesthetically [pleasing] representations of data and aggregate 

statistics” (Bouquin & Epstein, 2015, p. 350). This research focused on providing librarians with data 
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visualization tips and techniques that would assist them in creating marketing tools and to help them 

feel more comfortable interacting with various topics.  

In the research area of computer graphics and visualization in engineering, there have been a few 

studies that have focused on the test development process for assessing data visualization literacy. Boy 

et al. defined data visualization literacy as “the ability to use well-established data visualizations (e.g., 

line graphs) to handle information in an effective, efficient, and confident manner” (2014, p. 1963). The 

focus of Boy and colleagues’ study was to describe a method to assess data visualization literacy that 

concentrates on conventional representations of statistical graphics, such as line graphs, bar charts, and 

scatterplots. In contrast, the purpose of the current study was to have a way to identify participants’ data 

visualization literacy levels when conducting online research studies.  

Another study by Lee et al. (2017) focused on the development of a visualization literacy assessment 

test (VLAT) for non-expert users to define data visualization literacy in engineering. The authors 

indicated that the definition of data visualization literacy is not consistent among the field but went on 

to define it as “the ability and skill to read and interpret visually represented data in and to extract 

information from data visualizations” (p. 552). Lee and colleagues’ used other research studies to 

construct their definition of data visualization literacy. The data visualization tasks used in the VLAT 

were identified from task taxonomies defined in the field of information visualization. In the field of 

computer science engineering, Borner et al. (2019) defined a typology of a data visualization literacy 

framework, but the research article only discussed the definitions within the engineering and computer 

graphics field.  

Data visualizations have been discussed in the field of information science, particularly in the 

research areas of information literacy and data literacy practices (Philip et al., 2016). In these areas, 

data visualizations were defined as narratives that are comprised of an interchange between the author’s 

intention and the user’s comprehension or understanding of the visualization (Hullman & Diakopoulos, 

2011; Mackinlay & Kosara, 2013; Philip et al., 2016; Segel & Heer, 2010). From this perspective, the 

interpretation and use of data visualizations require the user to have information literacy skills. In 

information science, information literacy involves identifying the need for information, understanding 

how to access the information, critically evaluating the validity and quality of information, identifying 

the purpose for the information, and understanding the social, legal, and economic policies and possible 

consequences of using the information (Philip et al., 2016). Data literacy is a part of information literacy 

that involves understanding how to use data and the appropriate data representations to support 

evidence-based thinking that aims to communicate solutions to authentic problems (Calzada Prado & 

Marzal Miguel, 2013; Vahey et al., 2012). This definition of data literacy with the focus on 

representations of data to facilitate the communication of ideas about a problem or issue closely 

resembled definitions of data visualization literacy from library science and engineering.  

In  science education, Maltese et al. (2015) developed a data visualization literacy assessment to 

investigate how novices to experts in STEM fields interpret data. The purpose of the study was 

“understanding the ability of individuals to read and interpret graphs as well as the application of those 

skills in graph-construction tasks” (Maltese et al., 2015, p. 85). However, the study lacked a formal 

definition for data visualization literacy and an articulation of the skills that the researchers planned on 

assessing among their sample of participants.  

Finally, in computer science and human-centered computing, research concerning information 

visualization focuses on defining taxonomies or typologies of visualization tasks that users employ 

when working with information visualization tools (Amar et al., 2005; Brehmer & Munzner, 2013). In 

a similar fashion to research in other disciplines, there is a lack of definitions for key constructs and a 

large focus on providing information about tasks that users of visualization tools engaged in to provide 

feedback to system designers. Another aspect of information visualization in this field was evaluation 

scenarios to assist practitioners in identifying goals when assessing visualization tools (Lam et al., 

2012).  

The definitions offered for data visualization across the studies from different fields all included 

processes that occur by the creator of the visualization to make an engaging and effective visualization. 

The articles then used their definition to describe tips and techniques for creating visualizations but did 

so with minimal to no supporting empirical evidence. The articles mainly focused on personal views 

regarding how visualizations should be constructed. Thus, there exists a large gap in empirical research 
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about the thinking processes that creators employ and consequently consumers of the visualizations 

engage in to achieve what is often indicated as the “perfect visualization”. 

For this study, the definition of data visualization literacy was understood from the reconceptualized 

four resources model for literacy of visual and multi-modal texts (Serafini, 2012). A visualization that 

is composed of more than one mode to represent and express ideas in a text, such as images, videos, 

sounds, music, and graphic designs, is considered a multi-modal text. The reconceptualization of the 

four resources model focuses on the roles being constructed by the reader in the context of the multi-

modal text and not as a predetermined set of cognitive skills for decoding printed texts. The four roles 

that the reader has when interacting with a multi-modal text are: reader as navigator, reader as 

interpreter, reader as designer, and reader as interrogator. The four resources model allows data 

visualization literacy to be understood from the perspective of consuming and producing visualizations. 

A consumer of a visualization assumes the roles of navigator and interpreter, while the roles of designer 

and interrogator are taken on by the producer of a visualization.  

 

2. METHODS 

 

2.1.  RESEARCH DESIGN 

 

 The Delphi method—defined as a group facilitation technique that uses multiple iterations or 

revisions of a survey administered to a group of experts in the field until consensus is achieved (Hasson 

et al., 2000)—was used to gather information about skills and strategies regarding data visualization 

from researchers in the field of data science that have various experiences. The use of the Delphi method 

allowed for a rich understanding of their experiences and facilitated a consensus of how data scientists 

interpret and create visualizations. Participants responded in a electronic form to a set of questions about 

their experiences in the field of data science and their views of data visualization. The responses from 

the panel were analyzed, and the results were used to frame the next round of questions. This process 

of analysis and using the results to inform the next round of questions continued for a total of three 

rounds, which allowed for the opportunity to clarify areas of disagreement and develop a common set 

of skills and strategies regarding data visualization. The questions used in the Delphi panels were 

focused on understanding the thinking processes of study participants through the theoretical 

framework of epistemic thinking. For example, the strategies and skills of interpreting a data 

visualization was setup by having participants in the first panel describe types of visualizations in their 

field and then respond with skills or strategies that they think people use when interpreting a data 

visualization to start collecting a variety of skills and strategies to find common skills among 

participants in the subsequent Delphi panels. The theoretical framework was used to frame the research 

design of the study and how the Delphi panels were constructed. The framework of the four resources 

model was used as a guideline for interpreting the analysis of the qualitative data as the model aligns 

with epistemic thinking. 

In this study, the Delphi panel participants were intentionally grouped by the first author and given 

the survey in a electronic form for round 1. The author acted as a discussion facilitator for rounds 2 and 

3 by presenting a synthesis of results from previous rounds and soliciting further response to those 

results. This process allowed the first author to be fully embedded in each of the rounds to  

systematically collect and analyze the responses (Miller & Pasley, 2012). This study was approved by 

the University of Florida [IRB 201902965]. 

 

2.2.  SAMPLING/DESCRIPTION OF PARTICIPANTS 

 

The participants were researchers in the field of data science or researchers whose projects involved 

components of data science. All participants were from the same large research extensive, land-grant 

university in the southern United States. Selection of participants involved meeting all three inclusion 

criteria and not meeting any of the exclusion criteria (Table 1). A participant with a title of Lecturer 

was excluded from this study because the lecturer title at this university indicates a teaching only 

position without research expectations. These criteria were developed by reviewing the online 

biographical information for faculty working in data science at a selection of universities.  
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Table 1. Inclusion and exclusion criteria 

 

Inclusion Criteria Exclusion Criteria 

Affiliation with a Data Science 

Institute or Initiative or a 

department/school of Statistics, 

Biostatistics, Computer Science, 

Mathematics, Engineering, 

Biomedical Informatics, Applied 

Sciences, Economics, Biology, or 

Agricultural Sciences 

No mention in research biography 

about modeling, analysis, or 

processing of data 

 

Research focus involves working 

with high-dimensional data or big 

datasets 

Job position title is Lecturer or job 

position is focused only on teaching 

 

Research involves application of 

quantitative methods to understand 

data such as advanced statistical 

techniques, machine learning 

techniques, or text/language 

processing 

 

 

Purposeful sampling was used to identify and select participants based on their knowledge and 

experience with data visualization (Patton, 2002). In particular, the strategy of homogeneity was 

employed because of the focus on a particular subgroup of experts in the field of data science that use 

visualizations to communicate results of data analysis (Palinkas et al., 2015). In addition to the 

participants’ knowledge and experience, it was also important to consider their willingness to 

participate and their ability to communicate their experiences in a reflective manner (Bernard, 2002; 

Spradley, 1979).  

A total of 57 potential participants were identified and invited to participate in the study for the first 

Delphi panel. Previous studies suggested that a consensus panel typically consists of seven to 30 

participants from the same discipline (Keeney et al., 2011; Linstone, 1978), where representation is 

assessed by the quality of experts participating on the panels rather than the size of the panel.  

Each potential participant was sent an email invitation through Qualtrics (Qualtrics, Provo, UT), a 

survey software system, stating the purpose of the study, their anticipated involvement, and time 

commitment. If the potential participants consented to be in the study, the participants were directed in 

Qualtrics to Delphi Panel 1. Substantial loss of participants between panels can jeopardize the validity 

of Delphi panels. Therefore, the informed consent document stated that consent to participate would 

include a total of three Delphi panels over the course of two to three months. Sixteen respondents (28%) 

out of the total 57 potential participants provided informed consent and became the participants for the 

study. The demographics of the sample are provided in Table 2. 
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Table 2. Demographics of the sample 

 

Demographic attribute Count 

Department/School  

Agricultural and Biological Engineering 2 

Astronomy 1 

Biology 1 

Biomedical Engineering 2 

Computer and Information Science and Engineering 1 

Electrical and Computer Engineering 1 

Epidemiology 1 

Forest Resources and Conservation 1 

Human Development and Organizational Studies  

in Education 

2 

Microbiology & Cell Science 1 

Special Education, School Psychology, and  

Early Childhood Studies 

1 

Statistics 2 

Job Title  

Assistant Professor 7 

Associate Professor 5 

Professor 3 

Scientist 1 

Would you describe yourself as a data scientist?  

Yes 12 

No 4 

 

2.3.  DATA COLLECTION 

 

A visualization of the three Delphi panels is provided in Figure 1. The first survey (Delphi Panel 1) 

was comprised of  11 questions, which was emailed to participants after informed consent was obtained. 

Table A1 shows the framework, which focused on characterizing the experiences of the data scientists 

in terms of the data used in their research and their experiences creating and interpreting visualizations. 

The questions focused on understanding the research experiences of the participants and gathering their 

comments and thoughts on the skills/strategies they wanted people to use when interpreting and creating 

a data visualization. A definition of a data visualization from the literature was provided to ensure that 

all participants had a similar reference point when responding to the questions. 

 

 
 

Figure 1. Visualization of Delphi method  
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In the second survey (Delphi Panel 2), the participants were sent an email that reminded them of 

their participation in the three-survey study, informed them of the results from the qualitative analysis 

from Delphi Panel 1, and prepared them for the tasks in Delphi Panel 2. The results of Delphi Panel 1 

included a list of emerging skills/strategies for interpreting and creating visualizations that was provided 

in a reference document for participants to use for completing Delphi Panel 2, which was comprised of 

two parts: (a) interpreting an interactive visualization, and (b) thinking about creating a visualization. 

Participants were asked to interpret an interactive visualization about flu trends from 2012 until 2020. 

The visualization showed the percentage of flu symptoms in the United States as reported by the US 

Centers for Disease Control and Prevention (CDC) and self-reported flu symptoms from a crowd-

sourcing website, Flu Near You (FNY) (https://www.healthmap.org/flutrends/#). The first part of 

Delphi Panel 2 included open-ended response questions that asked about the participants’ overall 

interpretation of the visualization, what they thought the purpose of the visualization was from the 

perspective of the creator of the visualization, and what skills/strategies they used when interpreting the 

visualization. The next two questions were regarding the skills/strategies of interpreting a visualization 

that were identified during the analysis of Delphi Panel 1. The first question asked participants to select 

all the skills/strategies from the list from Delphi Panel 1 that they used when interpreting the 

visualization about flu trends in the previous question. Then, the second question asked the participants 

to rate the selected skills/strategies according to the level of importance that they attributed to each skill 

when interpreting the visualization. The Likert-type scale used for rating each skill/strategy was the 

following: 1 = Not Important, 2 = Somewhat Important, 3 = Moderately Important, 4 = Very Important, 

and 5 = Extremely Important (Brill et al., 2006; Thangaratinam & Redman, 2005). This scale was used 

as a proxy for the order of the skills/strategies in terms of importance that the participants believe should 

be followed when interpreting a data visualization.  

The second part of Delphi Panel 2 focused on the skills/strategies for creating a visualization. The 

first question asked the participants to recall a visualization they had created recently and to describe 

that visualization in a few sentences. Next, the participants were asked to select all the skills/strategies 

from the list (same list as provided to them via email) that they used when creating a visualization. 

Then, the participants were asked to rate the selected skills/strategies according to the level of 

importance when creating a visualization using the same Likert-type scale as the interpretation question. 

Table A2 is the framework for Delphi Panel 2.  

The purpose of the third and final Delphi panel was to provide participants the ratings for all 

skills/strategies from the analysis of Delphi Panel 2 and allow them the opportunity to adjust their 

ratings on any skills/strategies. This third panel was important for the Delphi method because the study 

goal was to reach a consensus among the diverse panel of experts in the study about their opinions 

regarding the skills/strategies for interpreting and creating a visualization (Ritchie & Earnest, 1999). In 

order to reach consensus among the participants on the level of importance for each of the 

skills/strategies for interpreting and creating a visualization, the overall group ratings for the 

skills/strategies were presented to the participants in boxplot visualizations.  

Delphi Panel 3 followed a similar layout to Delphi Panel 2 with first the skills/strategies for 

interpreting a visualization and then the skills/strategies for creating a data visualization. For each part, 

the participants were first asked to review and reflect on the overall ratings for the skills/strategies and 

review a table of their own individualized ratings from Delphi Panel 2. An individualized survey in 

Qualtrics was created for each participant because a table specific to each participant was needed. The 

overall ratings for all study participants were provided in a boxplot visualization with the count of 

participants that selected each skill/strategy on the y-axis label. The order of the skills/strategies in the 

boxplot visualization indicated the level of consensus among the participants from Delphi Panel 2.  

Next, the participants were asked to answer a question about whether they would like to adjust any 

of their ratings. If “yes”, the participants were directed to the next screen that showed all the 

skills/strategies that they had selected from Delphi Panel 2. Participants were asked to move the slider 

for any skill/strategy for which they would like to adjust their rating. If the participants indicated that 

they did not want to change their ratings, they were directed to the last question in that part of the survey 

that asked them if they had any additional comments about their individual ratings for each 

skill/strategy. Table A3 is the framework for Delphi Panel 3.  

  

https://www.healthmap.org/flutrends/%23
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2.4.  DATA ANALYSIS 

 

The open-ended survey response data that were collected from Delphi Panel 1 and 2 were analyzed 

using the thematic analysis approach by Braun and Clarke (2006) using MAXQDA software (VERBI 

Software, 2019). This approach included coding for epistemic thinking focused on epistemic 

metacognitive knowledge as well as the roles participants assumed when engaged with interpreting and 

creating visualizations from the literacy framework of the four resources model. Thematic analysis is a 

method of “identifying, analyzing, and reporting patterns (themes) within data” (Braun & Clarke, 2006, 

p. 79). The six phases of a thematic analysis are (1) familiarizing yourself with your data, (2) generating 

initial codes, (3) searching for themes, (4) reviewing themes, (5) defining and naming themes, and (6) 

producing the report (Braun & Clarke 2006, p. 87). For Delphi Panel 2 and 3, the rating scores for each 

skill/strategy were analyzed using descriptive statistics to determine whether consensus had been 

achieved using the interquartile range (middle 50% of the responses).  

 

Delphi Panel 1 analysis. The total number of participants that completed Delphi Panel 1 was 16. 

After an initial reading of all responses, the first part of the analysis consisted of focusing on questions 

5, 6, and 7 from Table A1. The initial coding performed was in reference to the research questions, so 

all responses were read and coded as either referring to interpreting or creating visualizations. The 

definitions that were defined about “interpreting” and “creating” based on the framework of data 

visualization were referenced.  

The next part of thematic analysis involved rereading the responses that were coded as interpreting 

and creating and generating sub-codes based on the four resources model literacy framework of 

navigator, interpreter, designer and interrogator. Then, a codebook was developed with definitions, and 

instructions about when to use/not use the codes in order to refine and edit the analysis. Overall, the 

focus of the thematic analysis (Braun & Clark, 2006) with the four resources model literacy framework 

(Serafini, 2012) was to ensure that the coding focused on active engagement in the interpretation and 

creation of visualizations, which aligned with the research questions.  

The final part of the thematic analysis for Delphi Panel 1 consisted of integrating all parts of the 

analysis to identify skills and strategies for interpreting and creating visualizations for Delphi Panel 2. 

The process consisted of reading all the coded responses about interpreting and identifying skills and 

strategies. The next step was identifying the skills/strategies that could be combined where appropriate, 

such as combining dynamic visualizations and interacting with the visualization into the skill/strategy, 

exploring data by interacting with the visualization. The same process was carried out for the coded 

responses about creating visualizations.  

 

Delphi Panel 2 analysis. A total of 13 of the 16 participants responded to the second survey. An 

initial read through of all the data, focusing on the open-ended response questions (question 1, 2, 3, and 

8 from Table A2) was conducted first. Then, descriptive statistics (total count, mean, standard deviation, 

minimum, maximum, 1st quartile, 3rd quartile, median, and count missing) for the ratings of the 15 

skills/strategies for interpreting and 21 skills/strategies for creating were calculated. Interquartile range 

(IQR) was used to assess consensus in the responses because the rating scale used was an ordinal 

measurement (Hasson et al., 2000). The IQR is the absolute difference between the 3rd quartile and the 

1st quartile, which measures the middle 50% of the distribution of ratings. A smaller IQR indicates a 

higher degree of consensus (Persai et al., 2016). The cut-off points for the IQR to determine consensus 

among participants in this study for a skill/strategy required (a) a minimum sample size of 5 given the 

small sample for the panel (n = 13), and that all participants did not rate all skills/strategies, and (b) an 

IQR ≤ 1.2 (Alexander, 2008; Baker, 2005; Hussein, 2010). The use of the IQR as an objective measure 

of the stability of participants’ responses rather than the use of percentage measures is important for 

consensus building (Hsu & Sandford, 2007). Two boxplot visualizations were created to show the 

distribution of ratings for each skill/strategy for interpreting and creating a data visualization, and 

provided to the participants in Delphi Panel 2.  

 

Delphi Panel 3 analysis. All 13 participants responded to the third and final survey. The descriptive 

statistics were calculated for Delphi Panel 3 for any ratings of skills/strategies for interpreting and 

creating a visualization that were changed by participants. The same criteria cut-off points for the IQR 
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from the analysis of Delphi Panel 2 was used to determine fnal consensus among participants. Boxplot 

visualizations were created for the final ratings of skills/strategies for interpreting and creating a 

visualization with skills that achieved consensus based on the criteria colored as green. Mean values 

were indicated on the boxplots for each skill by black diamonds (see Figures 2 and 3). 

 

3. RESULTS 

 

3.1.  RESEARCH QUESTION 1: INTERPRETING A VISUALIZATION 

 

A visualization showing the adjusted overall ratings for the skills/strategies for interpreting a 

visualization from Delphi Panel 3 is provided in Figure 2. The table of descriptive statistics are provided 

in the Appendix Table A4. The two criteria for whether consensus was achieved was (1) a minimum 

sample size (N) of 5 and (2) an IQR ≤ 1.2. The results from Delphi Panel 3 indicated that the final 

consensus was 6 skills/strategies for interpreting a visualization. The skills/strategies that achieved 

consensus were understanding the layout of the visualization (n = 12, median = 4.00, IQR = 0.25) 

reading axes (n = 11, median = 5.00, IQR = 0.00), constructing meaning from the visualization/gaining 

insight (n = 7, median = 4.00, IQR = 0.50), drawing comparisons among variables (n = 9, median = 

4.00, IQR = 1.00), reading captions/text (n = 11, median = 5.00, IQR = 1.00), understanding the 

definition/meaning of variables displayed (n = 11, median = 4.00, IQR = 1.00). All of these 

skills/strategies maintained a median rating of 4 to 5 from Delphi Panel 2 to 3, which meant that 50% 

of study participants rated these skills/strategies as “very important” to “extremely important”.  

Overall, the 6 skills/strategies for interpreting a visualization that achieved consensus did not 

change between Delphi Panel 2 and 3. There were only two participants that adjusted their ratings: one 

participant changed their rating of reading captions/text from 3 to 4 and the other participant changed 

their rating of reading axes from 4 to 5. These changes in ratings resulted in no change in the IQR for 

the skill/strategy of reading captions/text but the IQR for reading axes decreased from 0.50 to 0.00. It 

is notable to mention that the minimum value for reading captions/text increased from 3.00 to 4.00 with 

the participant’s change in their rating of that skill/strategy.  

The three interpreting skills/strategies that had not achieved consensus from Delphi Panel 2 

remained consistent after Delphi Panel 3 because no participants adjusted their ratings for critical 

thinking skills, exploring data by interacting with the visualization, and identifying a purpose of the 

visualization. The skills of exploring data by interacting with the visualization and identifying a purpose 

of the visualization can be considered has having high importance but no consensus with each skill 

having a mean score above 4 (“very important”).  The skills/strategies that had not reached consensus 

after Delphi Panel 3 because only a few participants selected them (N < 5) were understanding the 

methods of data cleaning and data staging, comprehension of statistical methods, interpreting the 

visualization within a larger context within the field, intuition and experience, comprehension of 

machine learning techniques, and making extrapolations of the data.  
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Note:  indicates mean value for each skill/strategy; # indicates an additional skill/strategy that was added 

during Delphi Panel 2; “viz” is visualization; “ML” is machine learning. 

 

Figure 2. Visualization of Delphi Panel 3 results for interpreting skills/strategies 

 

3.2.  RESEARCH QUESTION 2: CREATING A VISUALIZATION  

 

A visualization showing the adjusted overall ratings for the skills/strategies for creating a 

visualization from Delphi Panel 3 is provided in Figure 3. The table of descriptive statistics are provided 

in the Appendix Table A5. The results from Delphi Panel 3 demonstrated that the final consensus among 

participants was that 11 skills/strategies were important for creating a visualization. The skills/strategies 

that achieved consensus were aesthetic sense (n = 10, median = 4.00, IQR = 0.00), thinking about the 

research questions from the study/experiment (n = 8, median = 4.00, IQR = 0.50), designing 

visualizations with clear and efficient meaning (n = 10, median = 4.00, IQR = 0.75), labeling all aspects 

of the visualization (axes, legends, etc.) (n = 5, median = 5.00, IQR = 0.00), scaling axes appropriately 

(n = 5, median = 4.00, IQR = 1.00), facilitating comparisons among graphs in a visualization (n = 9, 

median = 4.00, IQR = 1.00), critical thinking skills (n = 6, median = 4.50, IQR = 1.00), defining the 

purpose of the visualization (n = 11, median = 5.00, IQR = 1.00), highlighting main points/patterns 

(relationships/trends) (n = 10, median = 4.00, IQR = 1.00), using color to highlight multiple variables 

(n = 7, median = 4.00, IQR = 1.00), and using story telling techniques (n = 5, median = 5.00, IQR = 

0.00). All these skills/strategies had a median rating of 4 to 5, which remained constant from Delphi 

Panel 2. Therefore, 50% of study participants rated these creating skills/strategies as “very important” 

to “extremely important”. 
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Note:  indicate mean values for each skill/strategy; “viz” is visualization. 

 

Figure 3. Visualization of Delphi Panel 3 results for creating skills/strategies 

 

Overall, the consensus of 11 skills/strategies for creating a visualization did not change between 

Delphi Panel 2 and 3. There were a total of three participants who decided to adjust their ratings of the 

creating skills/strategies. One participant changed their rating for aesthetic sense from 3 to 4. This 

change resulted in the 1st quartile increasing so the IQR of aesthetic sense decreased from 0.75 to 0.00. 

This same participant also decided to change their rating of the skill transparency of information about 

the data from a rating of 3 to 4. Another participant changed their rating from 4 to 3 for engaging in an 

iterative process when creating the visualization. This skill/strategy did not meet the sample size criteria 

with only four participants that selected it and the change in rating resulted in the IQR increasing from 

0.25 to 1.00. The third participant adjusted their rating of using story telling techniques from 4 to 5, 

which resulted in the IQR decreasing from 1.00 to 0.00.  

Four creating skills/strategies had not achieved consensus with IQRs ranging from 1.50 to 2.00 from 

Delphi Panel 2. These four skills/strategies remained outside of the IQR cut-off after Delphi Panel 3 as 

well because no ratings for those skills/strategies were adjusted by participants (visualizing multiple 

variables at once, thinking about the intended audience of the visualization, knowledge of foundational 

statistics concepts, and considering the context of the data). The skills of visualizing multiple variables 

at once, thinking about the intended audience of the visualization, knowledge of foundational statistics 

concepts can be considered has having high importance but no consensus with each skill having a mean 

score above 4 (“very important”). After Delphi Panel 3, the skills/strategies that had not reached 

consensus because only a few participants selected them (n < 5) were engaging in an iterative process 

when creating the visualization, quantifying variability, transparency of information about the data, 

using symbols to highlight multiple variables, multidimensional geometry, and constructing 

dynamic/interactive visualizations.  
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4. DISCUSSION 

 

Data visualization literacy has been interpreted in various ways throughout the library science, 

STEM education, information science, and computer science/human-centered computing research 

fields. The definition of data visualization literacy and the strategies that are involved when creating 

and interpreting a visualization have not been well-defined. However, one commonality among these 

varied definitions is that the creator of the visualization is involved in a strategic process to create an 

engaging and effective visualization. There is a lack of empirical research that examines and defines 

the strategic thinking processes that consumers and producers engage in when interpreting and creating 

visualizations. There is a need to better understand and clearly define data visualization literacy.  

The use of epistemic thinking as the theoretical framework for this study allowed the thinking 

processes that data scientists utilize when creating and interpreting visualizations to be explored and for 

the strategies to be identified. The comprehension or interpretation of visualizations requires complex 

thinking in terms of understanding the data displayed, making meaning from those data values, 

reflecting on the purpose of the visualization, and how the information that is interpreted can be 

extrapolated or applied to the field of research (Kirk, 2016). The process of creating visualizations 

requires data scientists to make decisions about how the visualization will be interpreted in terms of the 

audience and the intended purpose of the visualization. 

 

4.1.  INTERPRETING STRATEGIES 

 

The results indicated a consensus for six strategies as important during the process of interpreting a 

visualization, which were: understanding the layout of the visualization, reading axes, constructing 

meaning from the visualization/gaining insight, drawing comparisons among variables, reading 

captions/text, and understanding the definition/meaning of variables displayed. These strategies were 

not passive actions and consisted of thinking processes that are more than just “reading” and basic graph 

interpretation. 

In a previous study about students’ epistemic thinking that examined their epistemic metacognitive 

knowledge about both persons and strategies and tasks regarding evaluating and integrating online 

sources, the researchers stated it was difficult for students to identify epistemic metacognitive 

knowledge about strategies and tasks when they were not actively engaged in those strategies (Barzilai 

& Zohar, 2012). The aspect of having the participants engaged in interpreting a visualization was 

essential in this study because the participants were able to identify more epistemic metacognitive 

knowledge about strategies in Delphi Panel 2 in terms of strategies selected compared to their open-

ended responses in Delphi Panel 1 when they were not engaged in a cognitive task. Epistemic 

metacognitive knowledge about persons was less emphasized in the strategies about interpreting a 

visualization that reached consensus among the participants. In the study by Barzilai and Zohar (2012), 

their results suggested that epistemic metacognitive knowledge about strategies “is an important aspect 

of epistemic metacognition and a crucial link between students’ epistemic metacognitive knowledge 

about persons (EMKP) about the nature of knowledge and knowing and how they go about creating 

and justifying knowledge” (p. 73). 

In a study by Barzilai and Eilam (2018), seventh and eighth grade students’ epistemic metacognitive 

knowledge about epistemic criteria for evaluating scientific visual representations (VR) resulted in three 

types of epistemic criteria which were communicative, representational, and epistemic aim affordance. 

The communicative criterion of organization, which was described as “a good VR is well-organized or 

well-arranged” (Barzilai & Chinn, 2018, p. 142), aligns with the strategy of understanding the layout 

of the visualization. The organization or layout of a visualization needed to be clear and well-defined 

for the interpreter of the visualization. The epistemic aim affordance criteria of understanding defined 

as “a good VR can be well understood by the viewer”, inquiry described as “a good VR enables inquiry 

or research”, and learning which was defined as “a good VR enables learning about the referent” 

(Barzilai & Chinn, 2018, p. 142) line up with the strategies of constructing meaning from the 

visualization/gaining insight, drawing comparisons among variables, and understanding the 

definition/meaning of variables displayed. The ability of the interpreter of a visualization or VR to 

takeaway information from a visualization that enables them to better understand the data or further 

their research is necessary and critical in the field of data science. 
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Middle school students’ epistemic criteria for good models were investigated to understand the 

extent to which student-generated epistemic criteria align with the criteria used by practicing scientists 

(Pluta et al., 2011). Examples of criterion elements identified by the students were diagrams, labels, 

arrows, visuals, and titles. The “responses in the model constituents category specify features of models 

that are needed to help communicate what the models represent” (Pluta et al., 2011, p. 496).  Skills and 

strategies that achieved consensus in the present study were reading captions/text and reading axes. 

These similar skills focus on helping the consumer orient themselves to the important features of the 

visualization.   

An aspect of graphical comprehension is the ability to enhance students’ understanding of statistical 

concepts such as variability or inference. Students’ ability to understand and identify the variability in 

data can be improved through seeing and interacting with different graphical displays and seeing visual 

comparisons (Cooper & Shore, 2010). In addition, use of pictorial visualizations helps students grasp 

concepts like statistical inference (Forbes et al., 2014). The understanding of variability is a part of 

statistical thinking. However, students are not necessarily taught about graphical displays with the 

connection to statistical concepts, such as center and spread or meaning of axes when learning about 

different graph types (Cooper & Shore, 2010). The strategies of constructing meaning from the 

visualization/gaining insight and drawing comparisons among variables align with students’ 

interpretation of variability as represented in graphical displays and data visualizations. 

 

4.2.  CREATING STRATEGIES 

 

The results indicated a consensus for 11 strategies for creating visualizations, which included: 

aesthetic sense, thinking about the research questions from the study/experiment, designing 

visualizations with clear and efficient meaning, labeling all aspects of the visualization (axes, legend, 

etc.), scaling axes appropriately, facilitating comparisons among graphs in a visualization, critical 

thinking skills, defining the purpose of the visualization, highlighting main points/patterns 

(relationships/trends), using color to highlight multiple variables, and using story telling techniques. 

These strategies were all active actions that the particpants engaged in when creating a visualization 

and were more in number compared to those indicated for interpreting a visualization. Barzilai and 

Zohar (2012) found that students engaged in higher levels of evaluating sources and integration of 

multiple sources were associated with increased epistemic metacognitive knowledge about evaluation 

and integration. In a similar way, strategies that participants engaged in when thinking back on the 

process of creating a visualization may have resulted in increased epistemic metacognitive knowledge, 

hence, the increased number of strategies that reached consensus compared to the strategies for 

interpreting a visualization. Additional research directly comparing strategies for interpreting and 

creating visualizations is needed to better understand if creating visualizations results in higher 

epistemic metacognitive knowledge. 

In the study by Barzilai and Zohar (2012), one of the important educational implications was the 

development of complex epistemic thinking to improve students’ abilities to construct knowledge. The 

researchers identified that it was valuable to have students recognize explicitly the connection between 

their comprehension of the nature of knowledge and knowledge construction strategies. In a parallel 

way, it is likley beneficial for the general public to recognize the connection in data visualization 

literacy between the knowledge strategies for interpreting and for constructing a visualization. The 

ability to understand the strategies of thinking processes that experts use may assist learners at all levels 

on the data visualization literacy learning progression.  

Barzilai and Eliam (2018) identified communicative criteria about students’ epistemic 

metacognitive knowledge about epistemic criteria for evaluating scientific VRs such as clarity, 

simplicity, aesthetic appeal, and color. The criterion of clarity, which was defined as “a good VR is 

clear or presents information in a clear way” (Barzilai & Chinn, 2018, p. 142) related to the skill/strategy 

of designing visualizations with clear and efficient meaning. A visualization that can be distinctly 

created to communicate the purpose of showcasing the data is an important criterion for a good VR and 

an aspect of the process of creating a visualization that needs to be kept at the forefront. The criterion 

also supported the skill/strategy of labeling all aspects of the visualization (axes, legend, etc.) because 

a clear labelling of a visualization facilitates the information being understood correctly and without 

any confusion. For example, labels to identify what the y-axis or legend represents from the data. The 
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criterion of simplicity which was described as “a good VR is simple or not too overloaded” (Barzilai & 

Chinn, 2018, p. 142) aligned to the skill/strategy of facilitating comparisons among graphs in a 

visualization. When creating a visualization, it is critical to balance presenting detailed information to 

the viewer, but also to make sure that the viewer is not cognitively overloaded with information. The 

skill/strategy of facilitating comparisons when creating a visualization allows the viewer to be assisted 

in what their eyes should focus on and helps direct their attention.  

The criterion of aesthetic appeal was defined as “a good VR is aesthetically pleasing or attractive” 

(Barzilai & Chinn, 2018, p. 142) which corresponded to the skill/strategy of aesthetic sense. The value 

of having a visualization that is appealing to look at is a significant factor that needs to be considered 

during the process of creating a visualization. The use of a color palate that is unappealing or font choice 

that is hard to read can impact how a viewer will interpret and evaluate the visualization. The criterion 

of color was described as “a good VR is colorful” (Barzilai & Chinn, 2018, p. 142) paralleled the 

skill/strategy of using color to highlight multiple variables. This skill/strategy when creating a 

visualization has the purpose of using color to bring out certain variables in terms of categories or levels, 

so the intention is to not make a pretty looking graphical display. Instead, the color used in a 

visualization has a purpose and intention. 

The representational criteria that were identified in the Barzilai and Eilam (2018) study that 

corresponded to the strategies identified for creating a visualization were accuracy/precision and 

importance of information. The criterion of accuracy/precision was defined as “a good VR is 

accurate/precise or presents information accurately/precisely” (Barzilai & Chinn, 2018, p. 142) 

corresponded to the strategy of scaling axes appropriately. The scaling of axes correctly when creating 

a visualization ensures that the data represented is accurate and not skewed incorrectly. The criterion of 

importance of information was described as “a good VR includes important information about the 

referent” (Barzilai & Chinn, 2018, p. 142) which aligned to the strategy of highlight main 

points/patterns (relationships/trends). When creating a visualization, making sure that information 

important to the visualization is emphasized is vital to having the intended purpose be understood by 

the viewer. The strategies for creating a visualization that achieved consensus could have been 

positioned within the first dimension of the investigative cycle of the statistical thinking model (Wild 

& Pfannkuch, 1999). The investigative cycle “concerns the way one acts and what one thinks about 

during the course of a statistical investigation” (Wild & Pfannkuch, 1999, p. 225). The investigative 

cycle includes the components of problem, plan, data, analysis, and conclusions. The strategies of 

thinking about the research questions from the study/experiment and defining the purpose of the 

visualization can be labeled under the problem component in the cycle because both skills/strategies 

focus on defining the problem. The strategies of facilitating comparisons among graphs in a 

visualization, highlighting main points/patterns (relationships/trends), using color to highlight multiple 

variables, scaling axes appropriately, critical thinking skills, and labeling all aspects of the 

visualization (axes, legends, etc.) all fall under the component of analysis because the strategies are 

focused on exploring the data and understanding how to display the data in an effective way. The final 

strategies of designing visualizations with clear and efficient meaning, using story telling techniques, 

and aesthetic sense can be understood through the conclusions component of the cycle because the 

strategies focus on forming inferences and communicating information to an audience.  

 

4.3.  LIMITATIONS 

 

One limitation of the study was that all the experts that were selected to participate were from the 

same large research university. The reason for this decision was that the researchers wanted to ensure 

that consistent contact could be maintained between the researchers and the participants to ensure that 

they were engaged in all three rounds of the Delphi panels. The survey method was a limitation in that 

each participant’s epistemic cognition could not be more deeply investigated with probing questions as 

the participant was engaged in an activity. However, the Delphi method using electronic surveys was 

the best method to efficiently collect data from participants to answer the research questions of this 

study. Another limitation was the use of the IQR criteria as a way to determine consensus. This criterion 

did not allow for consensus to be established for some strategies that had a spread of responses from 3 

to 5 on the Likert-type scale but a mean around 4. Other criteria could be used to determine consensus, 
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which are subject to interpretation and varies between Delphi studies (Hsu & Sandford, 2007; 

Giannarou & Zervas, 2014). 

The definition of what an expert is could also have been a potential limitation of this Delphi study 

since the identification of experts has been a major issue of deliberation and some researchers have 

criticized the use of the title of expert (Keeney et al., 2001; Linstone & Turoff, 1975). However, Delphi 

participants should meet the following four criteria to meet the expertise requirements based on Adler 

and Ziglio (1996): (1) knowledge and experience with the phenomena being studied, (2) willingness 

and ability to participate, (3) adequate time to participate in all rounds of the Delphi panels, and (4) 

effective communication skills. Therefore, the participants in this study met all four expertise 

requirements so for the purpose of the study they were considered experts in data visualization.  

 

4.4.  IMPLICATIONS FOR RESEARCH 

 

Overall, the results reported here have implications for future research involving data visualization 

literacy. Think aloud interviews with data scientists as they interpret and create visualizations may 

provide additional detail about these processes. The participants in this study voiced some difficulty in 

having to think about their personal knowledge and processes of knowing when answering the open-

ended response questions on the Delphi panels. Think aloud interviews would allow for the researchers 

to have participants engage in the task of interpreting and creating a visualization and have the 

participants verbalize their thoughts, insights, wonderings, and processes for completing the tasks. This 

would afford the researchers the opportunity to probe participants more deeply about strategies they use 

when creating and interpreting visualizations. This methodological approach has also been promoted 

as having high potential for exploring epistemic metacognitive knowledge (Hofer, 2004). Some studies 

have been conducted that looked at data analysis processes and data driven decision making done by 

data scientists using semi-structured interviews, but the focus has not been on cognitive skills when 

creating and interpreting visualizations (Kandel et al., 2012; Mosca et al., 2019). 

The development of new curriculum materials for data visualization literacy is another area for 

future research. These findings provide a basis for learning modules as well as a starting point for an 

assessment rubric. Finally, think aloud interviews with college students about their epistemic cognition 

when interpreting and creating a visualization could assist in defining the variability in data 

visualization literacy based upon background and level of experience. These results could then be used 

in defining a learning progression of college-level students’ data visualization literacy.  

 

5. CONCLUSION 

 

The purpose of this study was to understand the experiences of data scientists regarding common 

strategies of data visualization to define the expert skills and strategies of a learning progression of data 

visualization literacy. The findings include six strategies for interpretation and eleven strategies for 

creation of a data visualization that reached consensus and were complimentary. These evidence-based 

strategies indicate what data scientists consider important when interpreting and creating a 

visualization. The findings specifically can be used to support and define a learning progression of data 

visualization literacy. The future implications of this research are additional think aloud studies with 

data scientists to further explore the strategies that achieved consensus along with investigating the 

variability of data visualization literacy of college-level students given that a high-end anchor has now 

been defined. 
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Table A1. Framework for Delphi Panel 1 

 

Question Rationale  

1. What is your job title at the university? Focus on tenure track professors that are using 

data visualization in their research; not teaching 

only positions. 

2. Please select from the list below the 

department/school where your primary job 

appointment is located. 

Participants with research experiences from 

multiple different fields, datasets, and forms of 

visualizations. 

3. In one sentence, please describe your research 

interests as you would to a layman.  

Prepare participants to start thinking about their 

research. 

4. In a brief sentence, please explain in your own 

words one dataset that you have used in your 

research.  

Prepare participants to start thinking about data 

visualization by having them reflect on a dataset 

they have used in their research. 

5. Based on the definition of data visualization 

provided above, what form (types of 

representations) does data visualization take in 

your research field? 

Understand what visualizations participants are 

used to creating and interpreting in their 

research field.  

6. Based on the definition of data visualization 

above, what skills or strategies do you want people 

to use when interpreting a data visualization?  

Thinking of strategies and skills as processes of 

data visualization; Collecting variety of skills 

and strategies for interpreting visualizations to 

start finding common skills/strategies among 

participants in the subsequent Delphi panels. 

7. Based on the definition of data visualization 

above, what skills or strategies do you want people 

to use when creating a data visualization? 

Gathering skills and strategies for creating 

visualizations to start the process of finding 

consensus among participants in the subsequent 

Delphi panels. 

8. Is there anything else that you would like to add 

about interpreting or creating a data visualization?  

Allowing for study participants to have a place 

to provide comments and/or additional feedback 

about data visualizations. 

9. Would you describe yourself as a data scientist? Need to gather their perspective because I am 

labeling my sample as data scientists based on 

data science being an emerging field that 

encompasses statistics, mathematics, and 

computer science.  

10. Fork from #9, What would you describe 

yourself as? 

Would like to have their perspective on their 

title if it is not a data scientist.  

11. Fork from #10, Would you be interested in 

sharing a data visualization from your research 

with the study researcher? 

Potential to use those visualizations in the next 

survey for Delphi Panel 2.  
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Table A2. Framework for Delphi Panel 2 

 

Question Rationale 

1. What do you perceive is the overall 

interpretation of the visualization from your 

perspective? 

Have study participants think about the overall 

story of the visualization based on their 

interpretation. 

2. What do you perceive is the purpose of the 

visualization from the perspective of the creator 

(aka. the website)? 

Have study participants think about the intended 

purpose of the visualization.  

3. What are the skills/strategies you used when 

interpreting the visualization on the HealthMap 

website? 

Prepare study participants to start thinking about 

skills/strategies that they used in order to prepare 

them for questions 4 and 5.  

4. Please select all of the skills/strategies from 

the list below that you used when interpreting 

the visualization. 

Building consensus among study participants 

based on the skills/strategies identified from 

Delphi Panel 1. 

5. Please rate the items according to the level of 

importance when interpreting the visualization. 

First step at trying to understand the process of 

interpreting the visualization and using 

importance as a proxy for order. 

6. Would you like to comment on any of the 

skills/strategies that were identified from the 

first survey about interpreting a visualization? 

Allowing for study participants to have a place to 

provide comments or feedback about the 

skills/strategies identified to work towards 

building consensus 

7. Are there any additional comments that you 

would like to provide regarding interpreting a 

visualization? 

Allowing for study participants to have additional 

opportunities to comment in general about 

interpreting visualizations. 

8. Think back and recall a recent visualization 

that you have created, please describe the 

visualization in a few sentences. 

Prepare study participants to think about the 

process they engage in when creating a 

visualization. 

9. Please select all of the skills/strategies from 

the list below that you use when creating a 

visualization. 

Building consensus among study participants 

based on the skills/strategies identified from 

Delphi Panel 1. 

10. Please rate the items according to the level 

of importance when creating a visualization. 

First step at trying to understand the process of 

creating the visualization and using importance as 

a proxy for order. 

11. Would you like to comment on any of the 

skills/strategies that were identified from the 

first survey about creating a visualization? 

Allowing for study participants to have a place to 

provide comments or feedback about the 

skills/strategies identified to work towards 

building consensus. 

12. Are there any additional comments that you 

would like to provide regarding creating a 

visualization? 

Allowing for study participants to have additional 

opportunities to comment in general about 

interpreting visualizations. 
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Table A3. Framework for Delphi Panel 3 

 

Question Rationale 

1. After looking at the overall ratings and your 

individual rating for each skill/strategy about 

interpreting a data visualization, would you 

like to adjust any of your ratings? 

Intention of the Delphi method is to bring back the 

results from the previous panel to study participants 

to achieve consensus/agreement among the data, so 

this serves the purpose for skills/strategies about 

interpreting a visualization. 

2. Please move the orange slider for any rating 

you would like to adjust.  

Allows the study participant to either keep their 

rating the same or adjust it if they feel like their 

rating is outside of the consensus for that 

skill/strategy about interpreting a visualization.  

3. After looking at the overall ratings and your 

individual rating for each skill/strategy about 

creating a data visualization, would you like 

to adjust any of your ratings? 

Intention of the Delphi method is to bring back the 

results from the previous panel to study participants 

to achieve consensus/agreement among the data, so 

this serves the purpose for skills/strategies about 

creating a visualization. 

4. Please move the orange slider for any rating 

that you would like to adjust.  

Allows the study participant to either keep their 

rating the same or adjust it if they feel like their 

rating is outside of the consensus for that 

skill/strategy about creating a visualization. 
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Table A4. Descriptive statistics for ratings of interpreting skills/strategies from Delphi Panel 3 

 

Skill/Strategy N Mean SD Min. Q1 Median Q3 Max. IQR 

Understanding the layout 

of the visualization. 

12 4.08 0.64 3.00 4.00 4.00 4.25 5.00 0.25 

Reading axes. 11 4.82 0.37 4.00 5.00 5.00 5.00 5.00 0.00 

Reading captions/text. 11 4.64 0.48 4.00 4.00 5.00 5.00 5.00 1.00 

Understanding the 

definition/meaning of 

variables displayed. 

11 4.27 0.86 2.00 4.00 4.00 5.00 5.00 1.00 

Drawing comparisons 

among variables. 

9 4.22 0.63 3.00 4.00 4.00 5.00 5.00 1.00 

Constructing meaning 

from the 

visualization/gaining 

insight. 

7 3.86 0.64 3.00 3.50 4.00 4.00 5.00 0.50 

Identifying a purpose of 

the visualization. 

11 4.00 0.85 3.00 3.00 4.00 5.00 5.00 2.00 

Exploring data by 

interacting with the 

visualization. 

8 4.00 1.12 2.00 3.00 4.50 5.00 5.00 2.00 

Critical thinking skills 7 3.71 1.03 2.00 3.00 4.00 4.50 5.00 1.50 

Comprehension of 

statistical methods. 

3 2.67 0.94 2.00 2.00 2.00 3.00 4.00 1.00 

Interpreting the 

visualization within a 

larger context within the 

field. 

3 3.33 0.47 3.00 3.00 3.00 3.50 4.00 0.50 

Understanding the 

methods of data cleaning 

and data staging. 

2 3.50 1.50 2.00 2.75 3.50 4.25 5.00 1.50 

Additional skill/strategy: 

#Intuition and 

experience. 

1 4.00 0.00 4.00 4.00 4.00 4.00 4.00 0.00 

Comprehension of 

machine learning 

techniques. 

0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Making extrapolations of 

the data. 

0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
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Table A5. Descriptive statistics for ratings of creating skills/strategies from Delphi Panel 3 

 

Skill/Strategy N Mean SD Min. Q1 Median Q3 Max. IQR 

Defining the purpose of 

the visualization. 

11 4.55 0.66 3.00 4.00 5.00 5.00 5.00 1.00 

Aesthetic sense. 10 4.00 0.63 3.00 4.00 4.00 4.00 5.00 0.00 

Designing visualizations 

with clear and efficient 

meanin.g 

10 4.30 0.46 4.00 4.00 4.00 4.75 5.00 0.75 

Highlighting main 

points/patterns 

(relationships/trends). 

10 3.80 0.75 3.00 3.00 4.00 4.00 5.00 1.00 

Facilitating comparisons 

among graphs in a 

visualization. 

9 4.22 0.63 3.00 4.00 4.00 5.00 5.00 1.00 

Thinking about the 

research questions from 

the study/experiment. 

8 4.00 0.71 3.00 3.75 4.00 4.25 5.00 0.50 

Using color to highlight 

multiple variables. 

7 4.29 0.70 3.00 4.00 4.00 5.00 5.00 1.00 

Critical thinking skills. 6 4.50 0.50 4.00 4.00 4.50 5.00 5.00 1.00 

Labeling all aspects of the 

visualization (axes, 

legends, etc.). 

5 4.80 0.40 4.00 5.00 5.00 5.00 5.00 0.00 

Scaling axes 

appropriately. 

5 4.20 0.75 3.00 4.00 4.00 5.00 5.00 1.00 

Using story telling 

techniques. 

5 4.80 0.40 4.00 5.00 5.00 5.00 5.00 0.00 

Thinking about the 

intended audience of the 

visualization. 

12 4.25 0.92 3.00 3.00 5.00 5.00 5.00 2.00 

Visualizing multiple 

variables at once. 

7 4.14 0.83 3.00 3.50 4.00 5.00 5.00 1.50 

Knowledge of 

foundational statistics 

concepts. 

7 4.14 0.99 3.00 3.00 5.00 5.00 5.00 2.00 

Considering the context of 

the data. 

7 3.86 1.13 2.00 3.00 4.00 5.00 5.00 2.00 

Engaging in an iterative 

process when creating the 

visualization. 

4 3.50 0.50 3.00 3.00 3.50 4.00 4.00 1.00 

Quantifying variability. 3 4.33 0.47 4.00 4.00 4.00 4.50 5.00 0.50 

Transparency of 

information about the 

data. 

3 4.33 0.47 4.00 4.00 4.00 4.50 5.00 0.50 

Using symbols to 

highlight multiple 

variables. 

3 3.67 1.25 2.00 3.00 4.00 4.50 5.00 1.50 

Multidimensional 

geometry. 

1 3.00 0.00 3.00 3.00 3.00 3.00 3.00 0.00 

Constructing 

dynamic/interactive 

visualizations. 

0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

 


