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Data Visualization Literacy Framework



Data Visualization Literacy (DVL)
Data visualization literacy (ability to read, make, and explain data visualizations) requires:

• literacy (ability to read and write text in titles, axis labels, legends, etc.), 

• visual literacy (ability to find, interpret, evaluate, use, and create images and visual media), 
and

• mathematical literacy (ability to formulate, employ, and interpret math in a variety of 
contexts). 

Being able to “read and write” data visualizations is becoming as important as being able to read and 
write text. Understanding, measuring, and improving data and visualization literacy is important to 
strategically approach local and global issues.
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Visualization Frameworks
MANY frameworks and taxonomies have been 
proposed to 

• help organize and manage the evolving zoo of 
500+ different data visualization types,  

• provide guidance when designing data 
visualizations, and

• facilitate teaching.
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Existing Visualization Frameworks
Organize data visualizations by
• User insight needs

• User task types
• Data to be visualized
• Data transformations

• Visualization technique
• Visual mapping transformations
• Interaction techniques

• Deployment options
• and other features ...
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Presentation Notes
There is no agreement but evolving consensus that a well defined framework is needed to satisfy the demand for well designed, actionable vis.



DVL Framework: Desirable Properties
• Most existing frameworks focus on READING. We believe that much expertise is gained from also 

CONSTRUCTING data visualizations.

• Reading and constructing data visualizations needs to take human perception and cognition into 
account.

• Frameworks should build on and consolidate prior work in cartography, psychology, cognitive 
science, statistics, scientific visualization, data visualization, learning sciences, etc. in support of a 
de facto standard.

• Theoretically grounded + practically useful + easy to learn/use.

• Highly modular and extendable.
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DVL Framework: Development Process
• The initial DVL-FW was developed via an extensive literature review. 

• The resulting DVL-FW typology, process model, exercises, and assessments were then tested in the 
Information Visualization course taught for more than 15 years at Indiana University. More than 
8,500 students enrolled in the IVMOOC version (http://ivmooc.cns.iu.edu) over the last six years.

• The FW was further refined using feedback gained from constructing and interpreting data 
visualizations for 100+ real-world client projects.

• Data on student engagement, performance, and feedback guided the continuous improvement of 
the DVL-FW typology, process model, and exercises for defining, teaching, and assessing DVL. 

• The DVL-FW used in this course supports the systematic construction and interpretation of data 
visualizations.  
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Data Visualization Literacy Framework (DVL-FW)

Consists of two parts:
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DVL Typology
Defines 7 types with 4-17 
members each.

DVL Workflow Process
Defines 5 steps required to 
render data into insights.



Data Visualization Literacy Framework (DVL-FW)
Consists of two parts that are interlinked:
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DVL Typology +  
DVL Workflow Process 



Data Visualization Literacy Framework (DVL-FW)
Implemented in Make-A-Vis (MAV) to support learning via horizontal transfer, scaffolding, hands-on 
learning, etc.
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Typology of the Data Visualization Literacy Framework

Börner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 25.
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Typology of the Data Visualization Literacy Framework

Börner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 26-27.
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Example: MAV Scatter Graph
Supports:
• Categorize/cluster

• Order, rank, sort
• Distributions (also outliers, gaps)
• Comparisons

• Trends (process and time)

But NOT:

• Geospatial
• Compositions (also of text)
• Correlations/relationships
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Note: Insight is data and data-encoding dependent.



Typology of the Data Visualization Literacy Framework
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Börner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 28-29.
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Data Scale Types

Nominal: A categorical scale, also called a nominal or category scale, 
is qualitative. Categories are assumed to be non-overlapping. 

Ordinal: An ordinal scale, also called sequence or ordered, is 
quantitative. It rank-orders values representing categories based on 
some intrinsic ranking, but not at measurable intervals.  

Interval: An interval scale, also called a value scale, is a quantitative
numerical scale of measurement where the distance between any two adjacent 
values (or intervals) is equal, but the zero point is arbitrary. 

Ratio: A ratio scale, also called a proportional scale, is a quantitative
numerical scale. It represents values organized as an ordered sequence, with 
meaningful uniform spacing, and a true zero point. 
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Presentation Notes
you can transform data across data types, i.e. you can create ratio and ordinal data from counts and analysis of categories; or interval data from ratio observations. This is where an understanding of insight needs, data, and analysis methods becomes a key set of skills in the initial development of a visual analysis, tool, or deployment.



Data Scale Types - Examples 

Nominal: Words or numbers constituting the “categorical” names 
and descriptions of people, places, things, or events. 

Ordinal: Days of the week, degree of satisfaction and preference rating scores (e.g., using a Likert 
scale), or rankings such as low, medium, high.  

Interval: Temperature in degrees or time in hours. Spatial variables such as latitude and longitude 
are interval.

Ratio: Physical measures such as height, weight, (reaction) time, or intensity of light; number of 
published papers, co-authors, citations.

20



Data Scale Types - Examples 

Nominal: Words or numbers constituting the “categorical” names 
and descriptions of people, places, things, or events. 

Ordinal: Days of the week, degree of satisfaction and preference rating scores 
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Quantitative

Presenter
Presentation Notes
DICHOTOMOUS �for nominal=categorical but two categories only e.g. male/female.



Data Scale Types - Mathematical Operations 

This table shows the logical mathematical operations permissible, the measure of central tendency, 
and examples for the different data scale types.  
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Typology of the Data Visualization Literacy Framework
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Börner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 25.
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Analysis Types

• When: Temporal Data Analysis + Statistical
• Where: Geospatial Data Analysis

• What: Topical Data Analysis 
• With Whom: Network Analysis
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Six Types Of Analyses Every Data Scientist Should Know: Descriptive. Exploratory. Inferential. Predictive. Causal. Mechanistic



Typology of the Data Visualization Literacy Framework
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Börner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 30-31.
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Visualization Types
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Bubble Chart

Chart

Map

Tree

Pie Chart

Graph

Temporal Bar GraphScatter Graph

Proportional Symbol MapChoropleth Map

Tree MapDendrogram

Tree MapDendrogram

Network

Presenter
Presentation Notes
May want to touch on mushiness of the terminology in this area. Tables with conditional formatting like in slide 66 (heat maps, matrices); Graphs: (Q-Q) plots, diagrams; Networks: graphs (force directed), matrices (tables), diagrams (sankey; flow) ; maps are used in non-geographic space contexts (self-orgs, isoline maps).  will do this in w2-5. 



Visualize: Reference Systems
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Table
columns by rows

Graph
x-y coordinates

Map
latitude/
longitude

Network
local similarity

Visualization Types
• table
• chart
• graph
• map
• network layout
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Visualize: Reference Systems, Graphic Symbols and Variables
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Scatter Graph Geospatial Map      UCSD Science Map        Network

Graphic Variables

Graphic Symbols

Visualizations 4

5

6

Da
ta

 O
ve

rla
y

Re
fe

re
nc

e
Sy

st
em



Typology of the Data Visualization Literacy Framework
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Börner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 32-33.
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Presentation Notes
graphical symbols are defined by the insight needs, data steps, and visualizations selected; while we select use of points, lines, area, volume etc. we define and create marks based on mapping(s) between data and graphical variables, which itself is defined by properties of data, graphical symbols and variables. Mapping graphical variables should thoughtfully made, within context of stakeholder audience characteristics and insight needs as well as what is known regarding human perception of graphical variables and symbols (interactions and rankings of cognitive challenges)

http://scimaps.org/atlas2


Typology of the Data Visualization Literacy Framework
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Börner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 34-35.
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Graphic Variable Types 

Position: x, y; possibly z Quantitative

Form:

• Size Quantitative

• Shape Qualitative

• Rotation (Orientation) Quantitative

Color:

• Value (Lightness) Quantitative

• Hue (Tint) Qualitative

• Saturation (Intensity) Quantitative

Optics: Blur, Transparency, Shading, Stereoscopic Depth

Texture: Spacing, Granularity, Pattern, Orientation, Gradient

Motion: Speed, Velocity, Rhythm 
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include the Spatial / Retinal parents on these slides to reinforce the tree structure of the DVL for students.



Graphic Variable Types 

Position: x, y; possibly z Quantitative

Form:

• Size Quantitative

• Shape Qualitative

• Rotation (Orientation) Quantitative

Color:

• Value (Lightness) Quantitative

• Hue (Tint) Qualitative

• Saturation (Intensity) Quantitative

Optics: Blur, Transparency, Shading, Stereoscopic Depth

Texture: Spacing, Granularity, Pattern, Orientation, Gradient

Motion: Speed, Velocity, Rhythm 

32



See Atlas of Knowledge 
pages 36-39 for complete 
table.

Qualitative
Also called:
Categorical Attributes
Identity Channels

Quantitative
Also called:
Ordered Attributes
Magnitude Channels
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See Atlas of Knowledge 
pages 36-39 for complete 
table.
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Typology of the Data Visualization Literacy Framework
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Börner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 26, 68-69.
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Example: MAV Scatter Graph
Supports:
• Zoom

• Search and locate

But NOT: 

• Filter
• Details on demand
• History

• Extract
• Link and brush
• Projection

• Distortion
Note: Interactivity is data, software, and hardware dependent.

36

Title                         Authors                          Journal                  Year          #Cites   



37

https://visanalytics.cns.iu.edu

https://visanalytics.cns.iu.edu/


Resources

• Börner, Katy. 2010. Atlas of Science. Cambridge, MA: The MIT Press. 
http://scimaps.org/atlas1. 

• Börner, Katy and David E. Polley. 2014. Visual Insights. Cambridge, MA: 
The MIT Press. http://cns.iu.edu/ivmoocbook14.html.

• Börner, Katy. 2015. Atlas of Knowledge. Cambridge, MA:
The MIT Press. http://scimaps.org/atlas2.
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Visualizing Sentient Architecture
Dendrites and Moths

Bueckle, A., & Börner, K. (2019). Envisioning Intelligent Interactive Systems: Data Visualizations for Sentient 
Architecture. In P. Beesley, S. Bonnemaison, & S. Hastings (Eds.), White Papers 2019. Toronto, ON: Riverside Architectural 
Press.



Small-scale sculptures: Dendrite & Moth (since 2017)

IoT Sculptural Kit
Dendrites & Moths (since 2017/2018)
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Students interacting with Dendrites
2017 Summer Camp



MothDendrite



HelloResearch workshop for undergraduate women in computer science
October, 2018






Visualizing Sentient Architecture
Amatria

Bueckle, A., & Börner, K. (2019). Envisioning Intelligent Interactive Systems: Data Visualizations for Sentient 
Architecture. In P. Beesley, S. Bonnemaison, & S. Hastings (Eds.), White Papers 2019. Toronto, ON: Riverside 
Architectural Press.



Photo: Ann Schertz

Amatria (2018)
Luddy Hall, SICE, IU



Courtesy of IU SICE 2018


10155665939528583









How can we use data visualization to 
enhance the visitor’s understanding of 

Amatria?



We started Tavola.

That’s Italian for “tablet”.
Somehow, the name stuck.



Step 1

Identify insight needs





What works for engineers does not always work for visitors.



Insight Need Analysis

Geospatial insights into structure
Visualize location and type of sensors & actuators

Compare states of sculpture via IR sensor values
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Step 2

Data acquisition



Original 3D model straight out of  Rhino
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Nailed it!



62

















Outlook & Future Work
• Perform user studies to 

• test insight need satisfaction
• validate use of graphic symbols & graphic variables

• Deployment planned via 32” touch screen
• To be installed for Amatria’s 1st birthday in April 2019

67






Thank you.
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