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Abstract. Creating data visualizations requires diverse skills including computer 
programming, statistics, and graphic design. Visualization practitioners, often 
formally trained in one but not all of these areas, increasingly face the challenge 
of reconciling, integrating and prioritizing competing disciplinary values, norms 
and priorities. To inform multidisciplinary visualization pedagogy, we analyze 
the negotiation of values in the rhetoric and affordances of two common tools for 
creating visual representations of data: R and Adobe Illustrator. Features of, and 
discourse around, these standard visualization tools illustrate both a convergence 
of values and priorities (clear, attractive, and communicative data-driven 
graphics) side-by-side with a retention of rhetorical divisions between discipli-
nary communities (statistical analysis in contrast to creative expression). We dis-
cuss implications for data-driven work and data science curricula within the cur-
rent environment where data visualization practice is converging while values in 
rhetoric remain divided.  

Keywords: Data visualization; Data science practice; Digital tool analysis; Ma-
teriality; Values. 

1 Introduction 

Creating visualizations to help humans understand complex data requires skills ranging 
from coding to statistics to graphic design. However, data visualization has traditionally 
drawn sharp disciplinary and professional boundaries between graphic and information 
design practitioners, typically trained in the arts and visual communication, and infor-
mation visualization researchers, typically trained in computer and data science [1]. As 
Kosara points out,  

“Two cultures exist in visualization: very technical, analysis-oriented work in one, 
and artistic pieces on the other hand. … pragmatic visualization is mostly practiced 
by people in computer science with no background in art or design. A student once 
put it aptly: ‘Computer graphics is mostly computers, but little graphics.’ At the same 
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time, artists and designers often work on visualizations without much knowledge of 
the technical work being done in computer science” [2, p. 631]. 

However, online tutorials and commentaries focused on data visualization suggest that, 
in practice, the boundaries of what are considered “core” visualization skills and tools 
are blurry [e.g., 3–6]. Further, industry and academic conferences such as OpenVis [7] 
and IEEE Vis [8] attract graphic artists and designers as well as computer scientists.   

Attempts to delineate the skills, and practices of data visualization are especially 
complicated in the classroom. University curricula often echo siloed disciplinary 
boundaries, with departmental prerequisites, class size limits, and advising resources 
conspiring to keep graphics students in Departments of Art and Design and program-
ming students in Departments of Computer Science. Because iSchools attract students 
with interests in both technical and design areas, our programs are in a  position to lead 
more comprehensive data visualization training programs [9]. 

In order to probe implications for boundary-spanning visualization education, we 
performed an initial high-level analysis of two data visualization tools with strong con-
nections to different communities of practice: R and Adobe Illustrator. We intentionally 
chose to begin with an analysis of tools for two reasons. First, we will be engaging 
directly with visualization designers in future work; there is such diversity among this 
community of practitioners that we felt it was advantageous to begin with a relatively 
straightforward analysis of functionality and technical specifications of common tools 
in order to inform decisions about how best to pursue more user-focused observations 
and interviews. Second, decisions regarding which software applications will be used 
in a course are often a strong influence on how the practice of data visualization will be 
taught. We wanted to understand these impacts at a high level before delving into other 
pedagogical influences in future work.  

There are a host of tools currently available to generate data visualizations. Platforms 
focused on intelligence and other forms of business analytics, such as Power BI and 
Tableau, provide sophisticated dashboards for users to explore and annotate large da-
tasets. These enterprise-level tools are typically web-based, carry expensive licensing 
agreements, and are often integrated in established work flows in large organizations. 
On the other end of the spectrum are open source tools, such as the very popular D3.js 
web-based platform, with ever-expanding sets of libraries, very active online user 
groups, and steep learning curves.  

   According to a series of recent surveys, both R and Adobe Illustrator are among 
the top five data visualization software applications used by professionals [10, 11]. R 
is an open source programming language and software environment designed to support 
complex computational statistics [12]. Adobe Illustrator was created as a tool for de-
signers and artists to harness emerging digital frameworks to make precise graphic as-
sets. These tools were originally designed to serve different communities, but our anal-
ysis shows that their functionality is moving towards becoming more similar , adapting 
to support a broadening range of practices associated with data visualization. Our anal-
ysis provides 1) examples of what it looks like when data practices converge from mul-
tiple work traditions and community values, and 2) implications for the boundary span-
ning curricular work and research that characterizes many data science programs fos-
tered by iSchools.  



3 

2 Background: The Data Visualization Process 

Phrases like “data visualization,” “information visualization,” and “information de-
sign” are often used interchangeably. In this paper, we use data visualization to refer to 
the process of conceptualizing, designing, and building visual representations of data. 
Data visualization is practiced by a wide range of people, from data scientists to graphic 
designers, and generates artifacts as diverse as information graphics, interactive maps, 
and dynamic charts. In this sense, data visualization provides an umbrella term for more 
specialized disciplines. For example, information visualization, in its most precise def-
inition, refers to the creation of interactive systems for representing abstract data (i.e., 
data that has no inherent spatial relations, unlike GIS or data derived from observations 
of physical phenomena) [13]. Information visualization systems are often built by com-
puter scientists, data scientists and statisticians striving for objective and comprehen-
sive representations of data for the purpose of analysis [14]. Information visualization 
training is often focused on quantitative methods and algorithms. The field’s orientation 
to visual perception is typically cognitive rather than aesthetic. Information design, on 
the other hand, is frequently used to describe the work of graphic designers, information 
architects, and user experience specialists who create information-driven visual arti-
facts that help people communicate and explain things [15]. Information design artifacts 
include wayfinding signs, user interfaces for web and mobile applications, and infor-
mation graphics. Practitioners often have formal training in visual communication and 
graphic design, and they tend to prioritize clarity of presentation and aesthetics. Tech-
nology skills in this community are more frequently self-taught [16]. In spite of similar 
sounding names, the differences between these approaches to data visualization are im-
portant. These groupings are the basis for professional and philosophical identities, and 
they reflect values differences that we discuss in more depth below. 

Despite these distinctions, a generalized data visualization design process is shared 
by those who create visual representations of data. Ben Fry [17], one of the creators of 
Processing, a computer programming environment created for artists and designers 
which has become a popular tool for data art projects, outlines seven stages of the data 
visualization process [17, p. 5]: 

• Acquire: Obtain data 
• Parse: Structure data’s meaning 
• Filter: Remove all but core data 
• Mine: Find patterns 

• Represent: Choose a visual model  
• Refine: Improve representation 
• Interact: Add methods for manip-

ulating or interacting with data 
These steps echo other descriptions of the visualization process [cf.: 13, 14, 18] and 
provide a vocabulary to analyze R and Illustrator: tools designed to serve information 
visualization and information design communities, respectively. The values associated 
with these tools, and functionality built to support those values, reflect the concerns and 
practices of the people who design and use them. The following section describes how 
we decomposed these tools to interpret their supported values and practices. 
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3 Method 

In order to better understand connections among technology, practices, and values, soft-
ware applications and tools can be decomposed to identify functional elements and af-
fordances, followed by consideration of what practices those affordances support [19–
21]. We first performed a comparison of R and Adobe Illustrator as products by juxta-
posing their respective audiences, support structures, licensing, purpose, and extensi-
bility. Next, we unpacked the data visualization tools in each package, comparing 
graphic functionality, how data is entered or imported, the graphic outputs available, 
design patterns, features for manipulation of aesthetics and layout, and features for op-
timization. To trace change over time, we created a timeline of features and function-
ality for each of the tools. The timeline drew from current and historical documents, 
including archived web pages, that provided detailed descriptions of software features 
and functionality. These included software documentation (e.g., release notes, user 
guides), training materials (online tutorials, videos, demos), and marketing and media 
materials (e.g., new feature announcements, advertisements, reviews, blog posts). Fi-
nally, we examined public discourse around each product’s visualization features, as 
well as the current state of both tools as evidenced by materials on their websites. To 
present our analysis, we begin with descriptions of R and Illustrator as products (Ap-
pendix: Table 11), then describe the chronology of feature updates most relevant to their 
capacity to support data visualization (Appendix: Table 2). We close with a discussion 
of public discourse and rhetoric surrounding each product.  

4 Findings 

4.1 Adobe Illustrator 

Adobe Illustrator, a core component of the Adobe Creative Suite, is a vector-based 
graphics tool. Adobe, Inc. was founded in 1982, and Adobe Illustrator was introduced 
in 1986 as a digital tool for graphic and typographic design. According to an early mar-
keting video for Adobe Illustrator 88: 

“Now anyone can create high quality graphics and illustrations quickly and easily 
because today there’s a revolution taking place in graphic design and production, a 
revolution born of computers and laser technology but with its roots in the tradition 
of quality and creativity, a revolution based on new tools, tools which free the imag-
ination and eliminate drudgery” [22]. 

As a vector-based system, Illustrator renders line art using mathematical calculations 
called Bezier curves, generating smoothly arcing lines that can be scaled to any size 
without degradation or loss of sharpness. The scalability offered by Illustrator’s under-
lying mathematics catalyzed the accessibility of digitized font and the evolution of ty-
pography in the digital age [23]. For decades, Adobe products have remained industry 
standard despite expensive annual licensing fees. Currently, the Adobe collection of 

 
1 See appendix at https://evidlab.umd.edu/2019/02/iconference-2019-appendix/ 
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software applications is bundled as a cloud-based suite of tools with updates delivered 
automatically to users in return for a monthly subscription fee. 

4.2 Adobe Illustrator’s data visualization arc 

When Adobe Illustrator launched in 1986, its primary purpose was to give users crea-
tive and artistic control of vector-based graphic output. Illustrator’s ability to scale an 
image without quality loss provided significant benefits over raster-based images built 
from pixels (such as the jpeg file format) that pixelated and degraded when enlarged.  

Illustrator has gradually adapted to support elements of Fry’s data visualization pro-
cess, particularly represent and refine. The earliest functionality directly related to data-
driven graph creation was a chart-building tool incorporated into Illustrator 3.0 in 1990 
[24]. Originally this tool included a spreadsheet-like interface for adding a dataset and 
a set of six chart templates to represent that data (grouped column, stacked column, line 
chart, pie chart, area graph and scatter plot). Three additional chart templates were 
added around 1997 (bar graph, stacked bar graph, and radar graph) [25]. To create a 
visualization, users entered their data, made adjustments as needed through the spread-
sheet interface, and selected a chart template using a graphical user interface (GUI) tool 
window. Illustrator then generated a vector image. That image could be refined using 
Illustrator’s extensive graphic design tools, including changing color, typography, re-
placing the shapes of plot points, or altering scale or orientation.  

Today, users can use data to create and customize nine different types of graphs [26]. 
Using the Graph Data window, users can enter data into a spreadsheet-like interface by 
hand, copy and paste data from a spreadsheet application such as Microsoft Excel, or 
import data in a tab delineated file format. The resulting editable, vector-based graph is 
generated within the document art board and can be manipulated using the full suite of 
editing tools native to Illustrator. 

Historically, one of the primary limitations of using the Illustrator chart-building tool 
was that once a chart is generated, connections with underlying data are lost. In ex-
change for the ability to manually make creative and artistic refinements to a chart, 
designers had to give up a degree of automaticity. However, with Illustrator 8.0, 
launched in 1998, the introduction of action scripting enabled users to routinize specific 
tasks using a set of common scripting languages. This change automated at least some 
parts of the tedious process of updating charts when data changed. The motivation for 
adding this functionality came from Adobe’s primary audience of digital publishing 
designers [23]. However, Illustrator was still marketed primarily as a generalized 
graphics application as indicated by the Adobe Creative Suite reference book: 

“…the purpose of a chart or graph is clear communication of numeric information 
as a visual aid. A properly selected chart design will accomplish this. If you create a 
lot of charts or graphs, look into a specialty graphics application” [27]. 
In 2015, Adobe made further steps to support dynamic data—steps towards Fry’s 

interact stage of visualization—with Creative Cloud Charts [28]. Creative Cloud Charts 
enabled a constant connection between streaming data and Illustrator visualizations. 
Adobe introduced this feature as a “Technology Preview”: experimental, non-perma-
nent beta functionality enabled by cloud-based software updates. Just a few months 
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after making the Creative Cloud Charts preview available, Adobe announced that it 
would “pause” development based on user feedback [29]. However, its temporary in-
clusion reflected growing interest in data-driven graphic design tools and hinted at the 
challenges of integrating robust graphics and dynamic data functionality into a single 
tool. Most recently, Adobe researchers, arguing that “graphic designers approach visu-
alization authoring differently from computer scientists,” have prototyped the new (not 
yet available) Data Illustrator, tailored specifically for data visualization [30].  

4.3 R 

The open source statistical software R, a GNU project, first appeared in 1993 [12]. R 
was developed to support both statistical computing and graphics. In addition to a com-
mand line interface, freely available development environments such as RStudio enable 
users to interact with the R environment through a GUI. Data visualizations such as 
scatterplots and bar charts can be exported as PDFs and viewed on the web or printed 
at any scale. By making adjustments to default parameters included in the R library, 
users can customize graphic elements including labels, colors, size, transparency and 
orientation. Users can also add legends and other explanatory text directly through com-
mands in the R code, rather than adding these details using editing software after the 
plot has been generated. R software is currently supported by the R Foundation for 
Statistical Computing and is freely available for download and development by users, 
primarily through the creation of libraries or packages. Because of its open licensing, 
its extensibility, and the ability for users to control and generate print-quality graphic 
output, R has become an increasingly popular choice with statisticians, data scientists 
and others for performing quantitative analysis, data mining and visualization [12].  

4.4 R’s data visualization arc 

Early in its development, data visualization in R benefitted from the introduction of the 
grid package, created in 2001 to aid in the creation of graphical output. The grid pack-
age marked a transition from the original lattice package that provided users with an 
array of options for displaying multivariate data [31]. Grid built on lattice by providing 
an expanded set of low-level commands to control the appearance and arrangement of 
vector-based graphic output [32]. For example, grid added the functionality to open a 
view window and to position elements within that space. The base graphics in R rely 
on the templates included with the grid package, enabling users to generate approxi-
mately seven different types of standardized charts including density plots, dot plots, 
bar charts, line charts, pie charts, boxplots and scatter plots [33].  

Grid also provided the framework necessary for ggplot2, launched in 2005 and cur-
rently the second most popular R package [34]. ggpplot2 retains many of the same fea-
tures and functionality as R’s base graphics [35], and also extends R’s capabilities for 
representing and refining visualizations through approximately 20 additional functions 
for generating data visualizations (or plots, as they are called in R) [36]. One of the key 
advantages to using ggplot2 is the method by which vector-based graphics are layered 
when exported. Rather than grouping graphic elements (such as plot points, axes, fit 
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lines, labels, titles, legends, etc.) arbitrarily or in an order determined by the sequence 
in which code is compiled, ggplot2 writes visual elements into semantic components 
based on Leland Wilkinson’s Grammar of Graphics, a structural framework for identi-
fying the meaning-making components of a graphic [32]. When ggplot2 writes the 
graphic output file (typically a PDF), related elements are on the same or adjacent layers 
(ie., axis labels and tick marks are grouped together, grid lines are separate from plot 
points). Because adjustments to the aesthetics and layout of a graphic are conducted by 
changing parameters of specific elements in the code, the grouping of elements accord-
ing to semantic (rather than algorithmic) proximity makes it easier to refine graphics in 
ggplot2 with minimal additional code. This enables users to add, remove or change 
visual components of a graphic more easily [37].  

While ggplot2 remains a highly popular package for R users, a series of new web-
based data visualization tools have been introduced in recent years, such as D3.js and 
Tableau. The value of these newer tools lies in their ability to create and display visual 
representations of streaming data through a web browser. D3.js, in particular, supports 
streaming data through its JavaScript-based open source framework, making it highly 
accessible and flexible. However, much like the tradeoffs made by users of Illustrator, 
these tools do not do everything. While D3.js allows for highly nuanced refinement of 
graphic output, it does not have the analytic power of R. 

In response to tools like D3.js, the Shiny package was introduced to the R suite of 
resources in 2012. Shiny provides a two-way interface between a web-based database 
and a dynamic webpage [38]. Using Shiny, a data visualization can be updated as its 
database changes, and, conversely, changes made to a visualization can be reflected in 
the database in real time. As a result, R can now interact with D3.js and visualization 
designers benefit from features of each to present a more fluid, refined and responsive 
representation of data. 

R, combined with its extensions through ggplot and Shiny, emphasizes Fry’s parse 
and mine stages of visualization, while also supporting represent, refine, and interact. 
Its built-in templates and structural frameworks illustrate how it relies on systematic 
rules for the structured representation and standardized output of data.  

4.5 Converging material practices, distinct rhetoric 

As noted above, R and Illustrator have evolved from different origins; however, grow-
ing connectivity, cloud-based computing, and data-driven work practices have influ-
enced both applications. Both tools enable users to import or create a dataset within the 
application, then use that dataset to represent and refine a visualization. Each applica-
tion facilitates parsing and representing data by providing users with a set of standard-
ized design patterns to generate data visualizations. Both tools have also introduced 
recent functionality for interaction, enabling visualizations to respond dynamically to 
changes in the underlying dataset. And documentation for each tool boasts of high qual-
ity, professional graphic output. As a blogger writes of Illustrator:  

“Illustrator is pretty much the only [graphic design] application I know that can 
build live graphs so the numbers actually are well represented in proportion in 
your graph and can make them press ready and … really beautiful” [39].  
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R’s website claims: 
“One of R’s strengths is the ease with which well-designed publication-quality 
plots can be produced ... Great care has been taken over the defaults for the 
minor design choices in graphics, but the user retains full control” [12]. 

4.6 Language, values, and communities of practice 

Closer inspection of the iterative development of data visualization features over time 
in both R and Illustrator shows a steady convergence of the practices supported by each 
application, as the tools’ affordances have expanded to address a majority of the data 
visualization process outlined by Fry and others [13, 14, 17] (Appendix: Table 3). Alt-
hough the functionality of these tools has converged over time, each has retained a 
strong identity within distinct communities of practice. The iterative alignment of each 
tool’s material practices around the data visualization process (shown in Appendix: Ta-
ble 3) contrasts with the distinct language used to talk about these tools in documenta-
tion, marketing materials, and popular media. As a tutorial for working with data in 
Illustrator asks: 

“What if you want to make a graphic for a publication or a presentation that’s pol-
ished and fully customized? Adobe Illustrator gives you the control you need to do 
this...It’s not graphing software. It’s illustration software, but once you get the hang 
of things, Adobe Illustrator can be a valuable tool in your visualization arsenal” [6]. 

In contrast, as an R-Bloggers tutorial explains, R’s output has been optimized for ana-
lytic tasks rather than communication:  

“Even for beginners, it’s pretty easy to get out a basic plot to learn something about 
a data set. The trouble starts, however, when you want to show the plot to someone 
else. And, that is not the documentation’s “fault”. The documentation is all there. 
Typing help(package=”graphics”) at the command line will put most eve-
rything you need to know about base graphics at your reach. However, I think that 
until a person gets used to thinking of R as a system of interacting functions it takes 
a bit of ingenuity for a beginner to figure out how to accomplish a basic “functional” 
task like produce a plot that you can show around” [40].  
The rhetoric used to describe these tools on their respective support websites also 

reflects their intended target audiences. R is described as primarily statistical, extensi-
ble, and having formulaic defaults: 

“R provides a wide variety of statistical (linear and nonlinear modeling, classical 
statistical tests, time-series analysis, classification, clustering, ….) and graphical 
techniques, and is highly extensible…One of R’s strengths is the ease with which 
well-designed publication-quality plots can be produced, including mathematical 
symbols and formulae where needed. Great care has been taken over the defaults for 
the minor design choices in graphics, but the user retains full control” [12]. 

Illustrator evokes aesthetics and creative expression: 
“Artists use Illustrator for creating clean visual compositions that can be scaled infi-
nitely without losing quality, creating free hand drawings in illustrations, tracing and 
recoloring scanned in artwork and also creating wireframes from which to create 
digital paintings” [41]. 
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Illustrator’s tools for customization are described in terms of values associated with 
creativity, such as flexibility and self-expression. For example, Illustrator’s help docu-
ments reiterate the many ways you can change the template options:  

“For example, you can change the appearance and position of the graph’s axes, add 
drop shadows, move the legend, and combine different graph types… You can also 
manually customize your graph in numerous ways. You can change the colors of 
shading; change the typeface and type style; move, reflect, shear, rotate, or scale any 
or all parts of the graph; and customize column and marker designs. You can apply 
transparency, gradients, blends, brush strokes, graphic styles, and other effects to 
graphs” [42]. 
The rhetoric around customization in statements like this is much more strongly as-

sociated with subjective expression than with rule-based objectivity. Attention to ap-
pearance and position, shading, typeface, and substantial customization features all sup-
port values of flexibility and the pursuit of craft. Illustrator’s long history of supporting 
customization through its vector-based framework and explicit marketing to artists has 
led to strong associations with values of creativity, flexibility, and aesthetics. 

Even as R packages have been introduced that enable increasingly refined represen-
tation and refinement of data visualizations (such as ggplot2), the grid framework at the 
heart of the platform anchors these packages in standardized (rather than customized) 
methods for image construction. As the R for Data Science online tutorial describes: 
“ggplot2 implements the grammar of graphics, a coherent system for describing and 
building graphs” [43]. While it is possible to make adjustments to individual graphic 
elements, defaults built into the package are emphasized in practice: “Once you set an 
aesthetic, ggplot2 takes care of the rest. It selects a pleasing set of levels to use for the 
aesthetic, and it constructs a legend that explains the mapping” [43]. Although R does 
allow for customization, it assumes that users will value the systematic application of 
rules over the need to make creative decisions themselves: “In practice, you rarely need 
to supply all seven parameters because ggplot2 will provide useful defaults for every-
thing except the data, the mappings, and the geom function” [43]. Discourse around R 
strongly evokes values of standardization, automation and quantification, contributing 
to an analytic identity for the data visualization features of the R software. 

5 Discussion  

Comparing values evident in both the functionality of and the discourse surrounding R 
and Illustrator reveals a gap between converging material practices and divergent rhet-
oric. In previous work, we have explored the many ways researchers can observe values 
in practices, design, and language [44], and this study illustrates the importance of ex-
amining all three. While R and Illustrator currently lack rhetorical values convergence, 
we have seen a convergence of values in design and practice. Major recent develop-
ments in the visualization trajectories of each tool (Creative Cloud Charts for Illustrator 
and Shiny for R) are observable indicators of values convergence in practice among 
traditionally disconnected communities. Data-driven work combined with increasing 
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emphasis on sharing and publication act as a catalyst for this convergence, spurred by 
the expansion of data-driven work practices. 

We argue that this indicates that data visualization is increasingly both information 
visualization and information design. Practitioners are blending traditionally separate 
values as they balance standardized visual representation techniques for analysis with 
the creativity expected of graphical communication. In response, developers are adapt-
ing their tools to support this convergence. R has added features that enable users to 
consider aesthetics when making data visually clear and compelling. At the same time, 
Illustrator has added support for designing with data, acknowledging that an increasing 
number of artists and graphic designers work with quantitative source materials. As 
data-driven work expands beyond practices associated primarily with statistics or com-
puter science, values associated with quantification will be brought to creative practice, 
and creativity and expression become values in data science.  

6 Conclusion 
Research has demonstrated that values convergence facilitates group work and collab-
oration [45, 46]. Shared values encourage trust between parties and smooth technology 
acceptance [45, 47]. Convergence of values within the domain of data visualization 
signals an opportunity for iSchools to play an important role in facilitating the produc-
tive and constructive merging of disciplinary expertise. Our analysis of two tools from 
previously distinct communities of practice indicates that data-driven work may en-
courage new kinds of collaborations, as artists and analysts find themselves sharing 
interests, tools, and practices, if not yet language to describe this work.  

However, boundary spanning of this nature requires scaffolding. To date, little re-
search has examined situations where values in practice are converging while values in 
rhetoric remain divided. Within the domain of data visualization, a convergence of val-
ues across practitioner groups has the potential to create opportunities for knowledge 
sharing, but also carries the threat of backlash, provoking divisive discourse among 
disciplines as stakeholders perceive a need to protect their positions of expertise. Gath-
erings such as OpenVis and recent workshops being offered through the IEEE Vis con-
ference [i.e., 48] encourage convergence by providing opportunities for cross-pollina-
tion and the creation of new professional identities for those embracing the converged 
values of quantification and creative expression. However, higher education institu-
tional structures (e.g., departments, curricular requirements, and hiring practices) more 
typically reflect the siloed values of design and computer science. It remains to be seen, 
however, how data-driven workers who must navigate values in both practice and rhet-
oric will balance these tensions to engage in productive collaboration. 

This research prompts us to turn attention to the educational implications of values 
and practice convergence paired with rhetorical divergence. As we develop data science 
curricula, we have a unique opportunity to introduce new pedagogical approaches to 
bridging technical and communicative facets of many of the professions for which we 
are training our students. We believe that further work in this area can expand our un-
derstanding of other emerging and converging multidisciplinary data practices.  
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