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Places & Spaces: Mapping Science Exhibit

1st Decade (2005-2014)

Maps

Iteration | (2005)
The Power of Maps
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Iteration Il (2007)

The Power of Forecasts

lteration V (2009)
Science Maps for Science Policy Makers

Iteration VII (2011)

Science Maps as Visual Interfaces to Digital Libraries
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Iteration IX (2013)

Science Maps Showing Trends and Dynamics

Cyberinfrastructure for
Network Science Center

Iteration 11 (2006)

The Power of Reference Systems

=
Iteration IV (2008)

Science Maps for Economic Decision Makers

ARE

Iteration VI (2010)

Science Maps for Scholars

Iteration VIII (2012)

Science Maps for Kids

Iteration X (2014)
The Future of Science Mapping

2nd Decade (2015-2024)

Macroscopes

Iteration XI (2015)

Macroscopes for Interacting with Science

Iteration X111 (2017)
Macroscopes for Playing with Scale

Iteration XII (2016)

Macroscopes for Making Sense of Science

Iteration XIV (2018)

Macroscopes for Ensuring our Well-being

http://scimaps.org

100

MAPS

in large format, full color, and
high resolution.
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43

MACROSCOPE MAKERS
including one whose job title is
“Truth and Beauty Operator.”

382

DISPLAY VENUES
from the Cannes Film Festival
to the World Economic Forum.

248

MAPMAKERS :
from fields as disparate as art,
urban planning, engineering,
and the history of science.

20

MACROSCOPES
for touching all kinds of data.

354

PRESS ITEMS
including articles in Nature,
Science, USA Today, and Wired.


http://scimaps.org/

Map of Scientific Collaborations from 2005-2009

Computed Using Data from Elsevier's Scopus

VII.6 Stream of Scientific Collaborations Between World Cities - Olivier H. Beauchesne - 2012




Bruce W. Herr Il (Chalklabs & IU), Gully Burns (ISI), David Newman (UCI), Edmund TaIIey (NIH)

The National Institutes of Health (NIH) is organized as a
multitude of Institutes and Centers whose missions are
primarily focused on distinct diseases. However, disease
etiologies and therapies flout scientific boundaries,

and thus there is tremendous overlap in the kinds of
research funded by each Institute. This creates a
daunting landscape for decisions on research
directions, funding allocations, and policy
formulations. Shown here is devised an
interactive topic map for navigating this
landscape, online at www.nihmaps.org.
Institute abbreviations can be found

at www.nih.gov/icd.
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An area of the map focused on cardio-
vascular functien and dysfunctien.
‘Cardiac Failure (primarily funded by
NHLEI) is topically clustered next to
Stroke (NINDS), since these are the two
major medical emergencies associated
with ischemia, which results from a re-
stricted blood supply. Also localized in
this area are grants focused on Nitric
Oxide (NOS) Signaling, a major biochem-
ical pathway for vasodilation, and grants

'on Hemodynamics, Sickle Cell Disease,

and Aneurysms.

An area of the map fecused on neural
circuits, which shows the diversity of
topics and NIH Institutes that

fund researchiin this area, such as:
Cardiorespiratory Requlation,

primarily funded by NHLBI; Visual
Processing, primarily funded by NEL and
Epilepsy, primarily funded by NINDS.
For color coding, see legend in the

upper-leftinset.

jeural Circuits

National Cancer Institute (NCI)
TOP 10TOPICS
Oncolagy Clinical Trials

[

Cancer Treatment
3 Cancer Therapy
{ Carcinogenasis

N

Risk Factor Analysis
Cancer Chematherapy

N o L

Metastasis

@

Leukemia

o

Prediction/Prognosis

0 Cancer Chemoprevention

National Institute of General
Medical Sciences (NIGMS)
TOP 10 TOPICS

| Bioactive Organic Synthesis.
X-ray Crystallography
Protein NMR
Computational Models

B owon

tn

Yeast Biology

o

Metalloproteases

~

Enzymatic Mechanisms

@

Protein Complexes

Invertebrate/Zebrafish Genetics

o

Cell Division

National Heart, Lung,

and Blood Institute (NHLBI)
TOP 10 TOPICS

Cardiac Failure

Pulmonary Injury
Genetic Linkage Analysis

Cardiovascular Disease

bW

Atherosclerasis

‘.n

Hemostasis

o

Blood Pressure

[

Asthma/ Allergic Airway Disease

©

Gene Association

) Lipoproteins

National Institute of
Mental Health (NIMH)
TOP 10TOPICS

Mood Disorders

Schizophrenia
Behavioral Intervention Studies
Mental Health

B

Depression
Cognitive-Behavior Therapy (9
AIDS Prevention

o

Genetic Linkage Analysis

o

Adolescence
) Childhood
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‘We are all familiar with traditional maps that show the relationships between countries, provinces,
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|
1 o A | » o= g e % @ Y Y states, and cities. Similar relationships exist between the various disciplines and research topics in
| | L L 1 | science. This allows us to map the structure of science.
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One of the first maps of science was developed at the Institute for Scientific Information ever 30
vears ago. It identified 41 areas of science from the citation patterns in 17,000 scientific papers.

That early map was intriguing, but it didn’t cover enough of science to accurately define its structure.
The Social Sciences are the smallest and is our starting point, the purest of all sciences. It lies at the outer edge of the map.

most diffuse of all the sciences. and are applied sciences that draw upon
serves as the link between Medical Sciences knowledge in Mathematics and Physics. These three disciplines provide a good example of a
{Psychiatry) and the Social Sciences. Statist linear progression from cne pure science (Mathematics) to ancther (Physics) through multiple
sarves as the link with Computer Science disciplines. Although applied, these disciplines are highly concentrated with distinct bands of
and Mathematics. research communities that link them. Bands indicale interdisciplinary research

Things are different today. We have enormous computing power and advanced visualization
software that make mapping of the structure of science possible. This galaxy-like map of science
(left) was generated at Sandia National Laboratories using an advanced graph layout routine (VxOrd)
from the citation patterns in 800,000 scientific papers published in 2002, Each dot in the galaxy
represents one of the 96,000 research communities active ence in 2002, A research community
is a group of papers [9 on average) that are written on the ¢ research topic in a given year. Over
time, communities can be born, continue, split, merge, or die.
Research is highly concentrated in and

These disciplines have few, but very The map of science can be used as a tool for science strategy. This is the terrain in which
distinct, bands of research communities that link organizations and institutions locate their scientific capabilities. Additional information about the
them. The thickness of these bands indicates an scientific and economic impact of each research community allows policy makers to decide which
extensive amount of interdisciplinary research, areas to explore, exploit, abandon, or ignore.
which suggests that the boundaries between
Physics and Chemistry are not as distinct as one

‘We also envision the map as an educational tool. For children, the theoretical relationship between
might assume.

areas of science can be replaced with a concrete map showing how math, physics, chemistry, biology
and social studies interact, For advanced students, arcas of interest can be located and neighboring
areas can be explored.

Nanotechnology

Mast research communities in
nanotechnology are concentrated in
and
However, many disciplines
in the Life and Medical Sciences also
have nanotechnology applications

Psychiatry -NeUroscience

KX S Proteomics
=~ Radiology
! Pk ¥ Research communities in proteomics
; g, : : i : are centered in ‘mistry. In addition,

‘Biochemistr ; : i X e . there is a heavy focus in the tools section
¥ S b 3 2 ¥ 4 of chemistry, such as

The balance of the proteomics
4 ; : : L, ks G R b L ety communities are widely dispersed among

Genera| i L : p ! : i Ry 7 v A g the Life and Medical Sciences

Medicine

Medical T'reattﬁr_teh't’s;

The Life Seiences, including Biology and

R .2 g : Biox . are less concentrated than
R Immunology . Chemistry or Physics. Bands of linking

i i research can be seen between the larger

i S areas in the Life Sciences; for instance
The Medical Sciences include broad therapeutic = x Infectious Disease between Biology and I ) 1y, and
studies and targeted areas of Treatment (e.g. central o between Biology and Env nental Scie
nervous system, cardiology, gastroenterclogy, eic.) 3 Biochemistry is very interesting in that it
Unlike Physics and Chemistry, the medical disciplines is a large discipline that has visible links
are more spread out, suggesting a mora multi- fo disciplines in many areas of the map,
disciplinary approach to research. The transition into including Biclogy, Chemistry, Neuroscience,
Life Sciences (via Animal Science and Biochemistry) and General Medicine. It is perhaps the
is gradual. most interdisciplinary of the sciences,

Pharmacogenomics

Pharmacogenomics is a relatively new
field with most of its activity in Medicine.
It also has many communities in

] and two communities in
the Social Sciences.

1.10 The Structure of Science - Kevin W. Boyack and Richard Klavans - 2005




The United States Patent and Trademark Office does scientists and
industry a great service by granting patents to protect inventions.
Inventions are categorized in a taxonomy that groups patents by indus-
ry or use, proximate function, effect or product, and structure. At the
time of this writing there are 160,523 categories in a hierarchy that goes
15 levels deep. We display the first three levels (13,529 categories) at
right in what might be considered a textual map of inventions,

Impact The US Patent Hierarchy Prior Art

Patent applications are required to be unique and non-obvious, partially
by revealing any previous patents that might be similar in nature or
provide a foundation for the current invention. In this way we can trace
the impact of a single patent, seeing how many patents and categories
it affects.

The patent on Goretex—a lightweight, durable synthetic fiber—is an

example of one that has had significant impact. The box below enlarges
the section of the hierarchy where it is filed, and the red lines (arranged
1o start along a time line from 1981 to 2006) point to the 130 categories
that cantain 182 patents, from waterproof clothing to surgical cosmetic
implants, that mention Goretex as “prior art”

Mew patents often build on older ideas from many different categories.
Here, blue lines originate in the sixteen categories that contain patents
cited as prior art for a patent on “gold nanoshells” Gold nanoshells are a
new invention: tiny gold spheres iwith a diameter ten million times smaller
than a human hair) that can be used to make tumors mare visible in infra-
red scans; they have even helped cause complete remission of tumors in
tests with laboratory mice. The blue lines show that widely separated
categories provided background for this invention.

Keeping is an impor part of

any taxonomy, including the patent hierarchy. Cateqaries are easier to
understand, search, and maintain if they contain elements that comfortably
fit the definition of the category, The box abave shows tiny bar charts, part
of a Taxenomy Vaildator that reveals whether elements fit their categories.
Categories may need to be redefined, and sometimes need 1o be split
when they get too vague or large; a problem shared by many classification
systems in this information-rich century, But how can we tell which ones to
eliminate, add or revise—or how to revise them—in the complex, abstract
sociolinguistic spaces we partition into ontologies?

Something as simple as a bar chart helps people see how entitiesina
category relate to that category. Here, each bar encodes a “distance to
protetype”; how much each patent differs from an idealized "prototype
patent” for that category. A measure like this can be based on statistics,
computational linguistics, or even human insight. Thus a category with
mostly small bars is a good one, and a generally ragged one needs scrutiny
or reorganization; but ene that has only twa or three tall bars may mean
that only those few elements doen't belong,

Even simple visuals can make thinking easier by providing better distilled
data to the eye: vastly more data than working memory can hold as words.
They facus peaple on exactly the right issues, and support them with the
comprehensive averviews they need to make mare informed judgements.

1.8 Taxonomy Visualization of Patent Data - Katy Borner, Elisha F. Hardy, Bruce W. Herr Il, Todd Holloway, and W. Bradford Paley - 2006
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V1.3 Diseasome: The Human Disease Network - Mathieu Bastian and Sébastien Heymann - 2009
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Check out our Zoom Maps online!
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@ MACROSCOPES FOR INTERACTING WITH SCIENCE

Earth AcademyScope Mapping Global Society Charting Culture

Weather on a worldwide scale Exploring the scientific landscape Local news from a global perspective 2,600 years of human history in & minutes




‘ » Make Sense of Science » Smelly Maps
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% Play with Scale » Megaregions of the US -

T H E M E GA R E G I 0 N s 0 F T H E U s Explore the new geography of commuter connections in the US.

Tap to identify regions. Tap and hold to see a single location’s commuteshed.
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T = This is the Roanoke (Raleigh) megaregion.

Megaregions of the US —Garrett Dash Nelson and Alasdair Rae — 2016



Iteration XII (2016) Iteration XIII (2017)

Macroscopes for Making Sense of Science Macroscopes for Playing with Scale

Iteration XIV (2018) Iteration XV (2019)
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https://spoke.ucsf.edu/

About UCSF Search UCSF UCSF Health

i L Search... Q
Scalable Precision —_——————

Medicine Knowledge
Eng | ne Data & Tools Neighborhood Explorer Funding Applications People Publications

The SPOKE network

captures the essential
structure of biomedicine
and human health for
discovery.

spoke.ucsf.edu
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Envistoning SPOKE:

3M Nodes and 30M Edges

The Scalable Precision Medicine Oriented Knowledge Engine (SPOKE) graph federates about 19 open
datasets into a public data commons of health relevant knowledge. This site lets users explore the
massive SPOKE knowledge graph.

The site was designed for two user groups: (1) novice users interested to understand the coverage and

quality of SPOKE data and (2) expert users interested to analyze and optimize the interlinked knowledge
graphs in SPOKE.
The overview visualization shows the different entity type and their diverse interlinkages. Detail

SPOKE is a fully interactive tool for exploring the
nterconnections between data.
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The July/Aug 2022 special issue in IEEE
Comfauter Graphics and Applications on
“Multi-Level Graph Representations for
Big Data in Science”

Articles due for review:
December 29, 2021

Guest editors:

e Katy Borner, Indiana University,
Bloomington, US

* Stephen G. Kobourov, University of
Arizona, Tucson, US

https://www.computer.org/digital-
library/magazines/cg/call-for-papers-
special-issue-on-multi-level-graph-
representations-for-big-data-in-science

Call for Papers: Special Issue on
Multi-level Graph Representations for
Big Data in Science

CG&A seeks submissions for this upcoming special issue.

For centuries, cartographic maps have guided human exploration. While being rather imperfect initially, they helped explorers find
promised lands and return home safely. Recent advances in data, algorithms, and computing infrastructures make it possible to
map humankind’s collective scholarly knowledge and technology expertise by using topic maps on which “continents” represent
major areas of science (e.g., mathematics, physics, or medicine) and zooming reveals successively more detailed subareas.
Basemaps of science and technology are generated by analyzing citations links between millions of publications and/or patents.
‘Data overlays” (e.g., showing all publications by one scholar, institution, or country or the career trajectory of a scholar as a
pathway) are generated by science-locating relevant publication records based on topical similarity. Despite the demonstrated utility
of such maps, current approaches do not scale to the hundreds of millions of data records now available. The main challenge is
designing efficient and effective methods to visualize and interact with more than 100 million scholarly publications at multiple
levels of resolution.

This special issue invites researchers in cartography, data visualization, science of science, graph drawing, and other domains to
submit novel and promising new research on graph mining and layout algorithms and their application to the development of
science mapping standards and services. Topics of interest include:

» Science of science user needs and applications

« Efficient multi-level graph algorithms

« Network visualizations

« Effective user interfaces to large-scale data visualizations

Deadlines

Submissions due: 29 December 2021
Preliminary notification: 2 March 2022
Revisions due: 6 April 2022

Final notification: 11 May 2022

Final version due: 25 May 2022
Publication: July/August 2022


https://www.computer.org/digital-library/magazines/cg/call-for-papers-special-issue-on-multi-level-graph-representations-for-big-data-in-science

INDIANA UNIVERSITY
C N S Cyberinfrastructure for SCHOOL OF INFORMATICS,
Network Science Center COMPUTING, AND ENGINEERING

HuBMAP: Mapping 30+ Trillion Cells

Michael P. Snyder, et al. 2019. The human body at cellular resolution: The NIH Human Biomolecular Atlas
Program. Nature. 574, p. 187-192.



https://www.nature.com/articles/s41586-019-1629-x.pdf

HuBMAP

Vision
Catalyze the development of an open, global

framework for comprehensively mapping .
the human body at cellular resolution. https://commonfund.nih.gov/HUBMAP

Goals

1.  Accelerate the development of the next generationof tools and techniques for constructing
high resolution spatial tissue maps

2.  Generate foundational 3D tissuemaps
3.  Establish an open dataplatform

4.  Coordinate and collaborate with other fundingagencies, programs, and the biomedical research
community

5.  Support projects that demonstrate the value of the resources developed by theprogram

34


https://commonfund.nih.gov/HuBMAP

Tissue
collection

The Human Body at Cellular Resolution: Assays/

The NIH Human Biomolecular Atlas Program. analysis
Snyder et al. Nature. 574, p. 187-192.

Transformative technology
development (TTD)

and rapid technology
implementation (RTI)

Tissue mapping
centre (TMC)

HuBMAP integration,
visualization and
engagement (HIVE)

Y

Fig. 1 | The HubMAP consortium. The TMCs will collect tissue samples
and generate spatially resolved, single-cell data. Groups involved in

TTD and RTT initiatives will develop emerging and more developed
technologies, respectively; in later years, these will be implemented at
scale. Data from all groups will be rendered useable for the biomedical
community by the HuBMAP integration, visualization and engagement

Map generation

=

Data
(HIVE) teams. The groups will collaborate closely to iteratively refine the Dissemination/ storage

atlas as it is gradually realized. access 35




The Human Body at Cellular Resolution: _

The NIH Human Biomolecular Atlas Program. T'SS”? Mapping Centers (TMCs)

Snyder et al. Nature. 574, p. 187-192. e [Mesmpake] S Ling
Lymph nodes Spleen Thymus Vasculature

NN

Transformative Technology Development (TTD)

Breast Lung Liver Tonsils

s k=

Fig. 2 | Key tissues and organs initially analysed by the consortium.
Using innovative, production-grade (‘shovel ready’) technologies,
HuBMAP TMCs will generate data for single-cell, three-dimensional maps
of various human tissues. In parallel, TTD projects (and later RT1 projects)
will refine assays and analysis tools on a largely distinct set of human
tissues. Samples from individuals of both sexes and different ages will be
studied. The range of tissues will be expanded throughout the program.




The Human Body at Cellular Single cell and ‘omics assays Multiplexed spatial assays
Resolution: The NIH Human

Biomolecular Atlas Program.
Snyder et al. Nature. 574, p. 187-
192.

Epigenomics Transcriptomics

Proteomics Metabolomics

,j\ Q 5 ] v 9 o% U
\ %{Z ;- %
- Protein Lipids /

metabolites
Map assembly and data query
O Landmark A O Landmark B Anatomy Common coordinate
i framework (CCF)
’ / ~
—
) N :’li\“
Image — Feature Histology Reference
registration ID a7 coordinates
—_— ‘? —_— ; % N
Cell population
~.
o, A-‘._;(-
Y
W =
Fig. 3 | Map generation and assembly across cellular and spatial techniques to specimens collected in a reproducible manner from specific
scales. HuBMAP aims to produce an atlas in which users can refer to a sites in the body. These data will be then be integrated to arrive at a high-
histological slide from a specific part of an organ and, in any given cell, resolution, high-content three-dimensional map for any given tissue. To
understand its contents on multiple omic levels—genomic, epigenomic, ensure inter-individual differences will not be confounded with collection
transcriptomic, proteomic, and/or metabolomic. To achieve these ends, heterogeneity, a robust CCF will be developed.

centres will apply a combination of imaging, ‘omics and mass spectrometry




CCF Requirements

The CCF must capture major anatomical structures, cell types, and biomarkers and
their interrelations across multiple levels of resolution.

It should be semantically explicit (using existing ontologies, e.g., Uberon, CL) and
spatially explicit (e.g., using 3D reference organs for registration and exploration).

lcm

2.5 mm

Body Organ Functional Tissue Unit  FTU Sub-structure(s) Cellular

« Body * Renal capsule » Nephron « Bowman's capsule + Parietal epithelial cell
+ Kidney (Left, Right) « Renal pyramid » Renalcorpuscle « Glomerulus « Capillary

+ Aorta * Renal cortex * Proximal convoluted tubule  « Efferent arteriole endothelial cell

« Renal artery * Renal medulla + Loop of Henle » Afferent arteriole + Mesangial cell

« Renal vain « Renal calyx « Distal convoluted tubule * Podocyle

* Ureter * Renal pelvis + Connecting tubule

+ Collecting duct




ASCT+B Tables

Anatomical Structures (AS), Cell Types (CT), and Biomarkers (B) or ASCT+B tables aim to capture the
partonomy of anatomical structures, cell types, and major biomarkers (e.g., gene, protein, lipid or
metabolic markers).

ASCT Table Ontology 3D Reference
Obiject Library
Structure/Region | Sub structure/Sub region Cell Type l .
Bowmar's (glomular) Capsule/parietal ayer J] Parietal eoitheliol Cel i Anatomical Structures Partonomy
Bl S aniie Bowman's {glomular} Capsulehrisceral layer Eod:;:ytEE e I k| d ncy
Apilar ndotnelal el F
Glomerular Tuft Mc[;ang:a[Cell H |<|dﬂey Capsu|e
Proximal Tubulc Proximal Tubule Epithelial Ccll {general) cortex of kidney
Praximal Convaluted Tubule Epithelial Cell Segment 1 outer cortex Of kld ney
Proximal Tubule Epithelial Cell Segment 2
Proximal Tubule Epithelial Cell Segment 2 rCﬂa' mCdU“a
Loop of Henle, Thin Limb Descending Thin Limb Cell (general)
Ascending Thin Limb Cell (general)
Loop of Henle, Thick Limb Thick Ascending Limb Cell [general) Cell Types Ontology
Tubules Cortex-TAL Cell o
e connective tissue cell
TAL-Macula Densa Cell pericyle cell
Distal Convolution Distal Convoluted Tubule Cell (general) mesangial cell
DCT Type 1 Cell .
DCT Type 2 Cell extraglomerular mesangial cell
Connecting Tubule Caonnecting Tubule Cell [general) E|OI‘HEFU!£-JI' mesangial cell
CNT-Principal Cell




Anatomical Structures (AS)

Partonomy Tree
part_of

@ Splenic Pulp

@ Red Pulp

@ white Puip

@ Venous Sinuses

@ Secondary Foliicles

@ Primary & Secondary Folli

@ Fulp Anteries

@ Penincillar Anerioles
@ Sheathed Arterioles
@ Arierial Capillaries
@ Sinuses

@ Veins

@ Stroma

@ Splenic Coras

@ Geminal Centers

@ Mantie Zone

@ Superficial (Marginal ) Zone

@ Central Arteriole (in follic...
@ PALS and Follicles
@ PALS

@ Pertlclicular Zone

@ Splenic Artery

Bimodal network describing which CT are located in what AS

Cell Types (CT)

Typology Tree
is_a

@ adventitial stromal cell
@ Bcen

@ Dendritic ceil

@ Endothelial

@ Endothelial cell

@ Erythrocyles

@ foroblast

@ Fibroblastic reticular cell
@ Folicular Dendritic cell
@ Granulocyles

@ \Littoral cell

@ Lymphatic endothelium
@ macrophage

@ Monocyles

@ Myofibroblast

@ neurons

@ NKcel

@ Plasma cell

@ Plazmablasts

@ Patelets

Bimodal network describing which B characterize what CT

Biomarkers (B)

BG - Genes
BP - Proteins

@ cow
@® coie
CD11c
CD138
co14
CD141
cD15
CD163
cD19
cD20

co21

@ coz
@ co23+
@ coD235a
@ coz7
@ cozr-
@ co2n
@ cozn.
@ co3
@ coD3-
@ con
@ co34
@ co4
@ CD4 (heiper)

@ co41



Male Female

3D Ref. Organ AscT+BTable | | | |

- m

s | X

—_ I =

= ° @

° 2 ©

= © ®

8 o | &

R S - w g |2

= L = | w < g o

w u |l vl v w |- | 9Q

Organ % F = = 8 &

BM & Blood / Pelvis 23| 23 24| 97| 296 - —>

Brain 141| 141 187 127 36
Heart 39| 46 57| 164 78
Intestine, Large 10| 10 409| 1410| 192
Kidney 38| 44| 39| 41 || 63| 58| 215
Lung 74| T4 |] 108| 123| 296
Lymph Nodes 7 7 7 60| 117 342
Skin 1 1 17 19, 105
Spleen 8 8 68| 172 0
Thymus 2 2 20/ 103 64
Vasculature 84| 85 868, 606 2
Totals 427|441 46| 48 1461 1881 2996| 1626

https://hubmapconsortium.github.io/ccf/pages/ccf-3d-
reference-library.html (NLM VH organs)
https://community.brain-map.org/t/allen-human-reference-
atlas-3d-2020-new/ (brain)
https://www3.cs.stonybrook.edu/~ari/ (male colon)

https://hubmapconsortium.github.io/ccf/pages/ccf-
anatomical-structures.html



https://hubmapconsortium.github.io/ccf/pages/ccf-3d-reference-library.html
https://community.brain-map.org/t/allen-human-reference-atlas-3d-2020-new/405
https://www3.cs.stonybrook.edu/%7Eari/
https://hubmapconsortium.github.io/ccf/pages/ccf-anatomical-structures.html

HuBMAP CCF:

Anatomical Structures

Legend

@ Anatomical Structures
@ Ceall Types

@ Biomarkers

@ 5Ses Debug Log

@ right atrium

@ strioventricular junction

XMAS 2020 release supports
« AS, CT, B Search
« Table comparison

@ Heart

@ sinoatrial node

. myocardium

@ —vasculare

Harms wasculaiure
Dagree &
1
Dundegrae: 8
Uberon/Link. UBEROK:0002049

@ cowonary sinus

@ satiovenincular nods

@ rioht coronary artery

@ left atium

@ icft veniricle

Cell Types %

@ adipocyte

@ cardiomyocyte

@ —dendiitic cell

#endothelial cell

—@ fbroblast

@ macrophage

@ mesothelial cel |

.- pacemeake uumlm_\f‘wocﬁa
@ pacemaker cell

@ pancyis

@ Purkinjs fiber cail

@ Schwann Ceall

@ smooth muscle cell

@ tclocyte (interstifial like cel.. |

@ valve interstitial cell

Biomarkers -

@ »rBCCo
@ AcTaz
@ AEVAE3
® coa
CD103
cD1b
CDNe
co14
cD20
Co205
CD3
CD34
CD8A
CDHS
CRT
Cxd5
FOLR2
GPAM

GSN

HCMN4

e «aeasconsos: NHEPS://hUubmapconsortium.github.io/ccf-asct-reporter



https://hubmapconsortium.github.io/ccf-asct-reporter

Document the tissue
extraction site by
registering tissue
blocks withina 3D
reference organ.
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CCF Registration User Interface (RUI) v1.0.0

New Features:
« Organcarousel with4

issue Block Size (mm)

th (% ght (¥) h 2]
10 10 10

Common Extraction Sites
refe rence Organs © Ascending Colon
Descend ling Colon Ti ; e.SIic o
20 J.m .‘ 200

Support for tissue e
EXt r a Ct i O n S ites Show Previous Registration Blocks

Tissue Block Rotation

Expanded ontology ‘ :

Semantic annotation
via collision detection
& manual annotation

« Support for non-
HuBMAP usage

WOPSFSFL NI 20 ° B .o o

REVIEW AND REGISTER

@
s

| _ _ _ D) B 6% G X
https://hubmap-ccf-ui.netlify.app/rui/ o HESR tuie Ridey Spiesa

Male @ Female



https://hubmap-ccf-ui.netlify.app/rui/

YOSsi

v e

L

< BACK < BACK
Kidney
St « Bisection Line
o
) Ishn»::lreui‘eusheg\uulmr\B\Ocks Anatomical Structures . CC1
notomiatStructures . oo
« CC3
Colon
« Ascending Colon
+ Descending Colon
« Transverse Colon
« Sigmoid Colon
Heart Extraction Site Mapping
e Left atrium, appendage 7
o Leftatrium, PVinflow 8
« Leftventricle, apex 1
o Left ventricle, free wall 3cm from apex 2
+ Septum, 3cm from apex including LAD 3
« Posterior, adjacent to coronary sinus 9
< BACK < BACK « Right atrium appendage 5
« Right atrium, AV (atrioventricular) node 6a
S I « Right atrium, SA (sinoatrial) node 6b
e e + Right ventricle, free wall 3cm from apex 4

Anatomical Structures

Right ventr
Right a

Right o

infioy

ftum,

Posteriar, adjacent to coronary sinus

Show Previous Registration Blocks

Anatomical Structures

o e ”

For the first HuBMAP portal release, 48 tissue
blocks were registered.




CCF Exploration User Interface (EUI

@ HuBMAP Sex:Both Age:1-110 BM: 1383 C @ ()
Y 1))

body
body 2 Centers
27 Donors
41 Samples
kidney Female, Age 14, BMI 14.7
. , HBM894 MPVN.828
right kidney TMC-Florida

First case collected. Incomplete d...
left kidney
Male, Age 18, BMI 27.1
HBM436.GHWX.449

TMC-Florida

section is 190um from block surface

Male, Age 56, BMI 32.5
HBM696.XTVL.498
TMC-Vanderbilt

Age 56, White Male

Male, Age 53, BMI 26.5
HBM652.VRLD.292
TMC-Vanderbilt

Age 53, Black Male

YOSsi

Male, Age 58, BMI 22.0
HBM477.CJKM.888
TMC-Vanderbilt

107-111

Male, Age 18, BMI 25.5
HBM473.VKCM.878

TMC-Florida

section is 2565um from block surface

we
> 6 6 & & o ©

Male, Age 55, BMI 25.4
HBM824 .BLXF.883
TMC-Vanderbilt

13-16

L



https://portal.hubmapconsortium.org/ccf-eui

Sex:Both Age:1-110 BMI: 1383 C @

Centers
Donors
40 Samples

body

0 =

kidney
Male, Age 55, BMI 25.4

HBMB95 RTLJ 484
TMC-Vanderbilt
13-16

right kidney
left Kidney

Male, Age 21, BMI 21.8
HBMB34.MMGK.572

TMC-Vanderbilt

Age 21 , White Male, Trauma Patient

Female, Age 44, BMI 28.0
HBM457 NNQN.252
TMC-Vanderbilt

Age 44, white female.

Female, Age 44, BMI 28.0
HBM465.VKHL.532
TMC-Vanderbilt

Age 44, white female.

Male, Age 21, BMI 21.8

HBMB93 HFFJ.752

TMC-Vanderbilt

Age 21 , White Male, Trauma Patient

Female, Age 58, BMI 23.0
HBMS36.LDTZ.757
TMC-Vanderbilt

Age 58, White Female

Male, Age 48, BMI 35.3
HBM334.GCCX.874
TMC-Vanderbilt

Age 48, White Male

¢ ¢ & © © & © O

Male, Age 31, BMI 32.6
HBM776.PKJF.786
TMC-Vanderbilt

Age 21, White Male

spleen
Female, Age 66, BMI 31.3

HBIM284 TRCV.726

Al
=
&
as ot o




body

kidney
right kidney
left kidney

N
R
-

spleen

we

L

)

Centers
Donors
Samples

CoverNephrectomy

iney st...

Patient B Cortical biopsy
10.1681/ASN. 2016081027
KPMP-1UfOSU

Biopsy from Nephrolagy bioban..

Patient A Cortical biopsy
10.1681/ASN.2016081027
KPMP-1UfOSU

Biopsy from Nephrology bioban..

Male, Age 55, BMI 25.4
HBM&524 BLXF 883
TMC-Vanderbilt

13-16

Female, Age 66, BMI 31.3
HEMS554.ZRCG 496
TMC-Vanderbilt

21-24

Female, Age 58, BMI 23.0
HBM92B6.VBJV.597
TMC-Vanderbilt

Age 58, White Female

Male, Age 62, BMI 34.9
HEM947/LDP 594

|  TMC-Vanderhilt

Kidneys 153-156

Female, Age 44, BMI 28.0
HBMA457NNQN.252
TMC-Vanderbilt

Age 44, white female.

Male, Age 21, BMI 21.8
HBMGE93.HFFJ.752
TMC-Vanderbilt

Age 21, White Male, Trauma Pat..

“ | Female, Age 58, BMI 23.0

HBM536.LDTZ.757
TMC-Vanderbilt

Age 58, White Female

Male, Age 48, BMI 35.3

Sex:Both Age:1-110 BMi13-83 C @ ()

6 © o ©

o

Register your data via https://hubmap-ccf-ui.netlify.app/rui/ so it can be spatially/semantically explored in EUI.


https://hubmap-ccf-ui.netlify.app/rui/

vitessce-image-viewer (“Viv"): A
viewer for high bit depth, high
resolution, multi-channel images using
DeckGL over the hood and WebGL
under the hood.

More information: O NPM

Kidney mxIF (OME « viridis
DAPI - Hoechst (nuclei)

336 [ —1

FITC - Laminin (basement membrane

1661 *—=o

Cy3 - Synaptopodin (glomerular)

33 @ e—e

Cy5 - THP (thick limb)

1652 *—eo
+ ADD CHANNEL

HIDE PICTURE-IN-PICTURE



http://gehlenborglab.org/research/projects/vitessce/

WOPSFSFL NI 20 ° B .o o

we

L

VH Massive Open Online Course (VHMOOC

Goals

« Communicate tissue data acquisition
and analysis, visibiliuman [

« Demonstrate single-cell analysis and MOOC
CCF mapping techniques, and

e Introduce major features of the . N
HuBMAP portal. o I S s v

Among others, the course describes the compilation and coverage of Distinguished Professor of

HuBMAP data, demonsirates new single-cell analysis and mapping Engineering and Information
techniques, and introduces major features of the HUBMAP portal Science. Founding Director of

HuBMAP Visible Human
MOOC (VHMOOC)

HUMAN BIOM

]

INDIANA U

VERSITY

Length: 10 hours

Department:
Cyberinfrastructure
Network Science

006 0 6

the ¢ nfrastructure for
Delivered entirely online, all coursework can be completed Metwork Science Center at
. . asynchronously to fit busy schedules. If you have guestions or Indiana University. N
e a r I I I I I I I I O | I e S ‘ O I I I e W I experience issues during regisiration, please email h Credit: None
cnscntr@indiana.edu.
i Ellen M. Quardokus, staff in
Learning Qutcomes i
* ° M M g the Chemisiry Depariment and Audience:
o Videos (incl. interviews, tool demos
° ’ » Theoretical and practical understanding of different single-cell Cyberinfrastructure for Network and professionals
fissue analysis iechniques Science Center. SICE with interested in single-
» Expertise in single-cell data harmonization used to federate data expertise in molecular biology, cell tissue analysis

from different individuals analyzed using different technologies in

L]
microscopy, anatomy, and and visualization
a I I S - O I I exe r‘ I S e S diverse 1aps interdisciplinary communication.
» Hands-on skills in the design and usage of semantic ontologies

that describe human anatomy, cell types, and biomarkers (e.g
marker genes or proteins)
4 » Knowledge on the design and usage of a semantically annotated
e —-— u I ZZ e S three-dimensional reference system for the healthy human body.
» An understanding of how the HUBMAP reference atlas might be Science, performing research
used fo understand human health but also fo diagnose and treat on information visualization
disease specifically virtual and
augmented reality.

Andreas Bueckle, PhD
Candidate in Information

Module Topics Include

e e one, Seup. ana Anions https://expand.iu.edu/browse/sice/cns/

« Ontology, 3D Reference Objects, and User Interfaces cou rseS/h u bma p—ViSi ble—h uman-moocC

= HUBMAP Portal Design and Usage



https://expand.iu.edu/browse/sice/cns/courses/hubmap-visible-human-mooc

HuBMAP Overview

CCF Ontology, 3D Reference Objects, and User
Interfaces

¢ Project Goals, Setup, and Ambitions

¢ Creating an Atlas of the Human Body

Tissue Data Acquisition and Analysis

Portal Design and Usage

« Behind the Scenes at Vanderbilt University » Datasets and Software in the 1st HuBMAP Portal Release

Biomolecular Data Harmonization

Open Consent Your Data

8 § [ddd il

« An Introduction to Seurat « In Support of Research

HuBMAP Rahul Satija, Ph.D.

What is an Ontology?

o Ontologies 101
g e s et o = Anatomical Structures, Cell Types, and Biomarkers
- , R « A gentle introduction on how to use ontologie
e i B : > g (ASCT+B) Tables
N the world.

+ What are ASCT+B tables and how they are used.
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Data Visualization Literacy Framework

Borner, Katy, Andreas Bueckle, and Michael Ginda. 2019. Data visualization literacy: Definitions,
conceptual frameworks, exercises, and assessments. PNAS, 116 (6) 1857-1864.




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.

Cyberinfrastructure for
c N S Network Science Center 5 4



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.

Cyberinfrastructure for
c N S Network Science Center 5 5



DVL Framework: Development Process

* Theinitial DVL-FW was developed via an extensive literature review.

* Theresulting DVL-FW typology, process model, exercises, and assessments were then tested
in the Information Visualization course taught for more than 17 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.

« Dataonstudent 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.

Cyberinfrastructure for
c N S Network Science Center 5 6
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Data Visualization Literacy Framework (DVL-FW)

Consists of two parts:

DVL Typology
Defines 7 types with 4-17
members each.

Insight Needs

* categorize/cluster

« order/rank/sort

« distributions (also
outliers, gaps)

* comparisons

* trends (process
and time)

* geospatial

* compositions
(also of text)

« correlations/
relationships

c N S Cyberinfrastructure for
Network Science Center

Data Scales  Analyses Visualizations ~ Graphic Symbols Graphic Variables Interactions
* nominal « statistical * table * geometric symbols  « spatial *zoom
« ordinal * temporal * chart point position « search and locate
«interval * geospatial  *graph line « retinal « filter
* ratio « topical * map area form « details-on-demand
« relational * tree surface color « history
* network volume optics « extract
« linguistic symbols motion « link and brush
text * projection
numerals « distortion

punctuation marks
« pictorial symbols

images

icons

statistical glyphs

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

Deploy

Stake-
holders

57



Data Visualization Literacy Framework (DVL-FW)

Consists of two parts that are interlinked:

DVL Typology +
DVL Workflow Process

c N S Cyberinfrastructure for
Network Science Center

Interaction Types

Deploy

Graphic Variable Types e

Insight
Sta ke' Need e
holders Types

Graphic Symbol Types e

Acquire Analyze Visualize Visualization Types e

Data Scale Types

eI Analysis Types
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alnteraction Types

Deploy

Graphic Variable Types e

Stake-

holders .
Graphic Symbol Types e

Visualization Types °

Analyze Visualize

e Analysis Types

0 Data Scale Types

Cyberinfrastructure for
c N S Network Science Center 5 9



Interaction Types

Deploy . Graphic Variable Types
Design
Data
Translate Overlay
Insight I Graphic Symbol Types
Stake- Need
holders Types
d Pick
Reference
System Visualization Types

Operationalize

Analyze Visualize

Data Scale Types Analysis Types

Cyberinfrastructure for
c N S Network Science Center 6 O



Translate

Insight
holders Types

Operationalize

Data Scale Types

c N S Cyberinfrastructure for
Network Science Center

Interaction Types

Deploy

Analyze

Analysis Types

Design
Data
Overlay

|

Pick

Reference

System

Visualize

Graphic Variable Types

Visualization Types

NG
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Data Visualization Literacy Framework (DVL-FW

Implemented in Make-A-Vis (MAV) to support learning via horizontal transfer, scaffolding,
hands-on learning, etc.

= Make-A-Vis [

Data @ Make Visualization Temporal Bar Graph € @ o
~ B ISl Publications: (CSV)Preprocessed-wos Select Visualization Type ~
Title Authors Journal Year #Cites
— Application [N
Temporal Rosorics
v Bar Graph
» B Journals: (from IS| Publications) Cemputer
. . e
Name #Papers  #Cites  FirstYear Last Year - ‘U:@f,@ ety _
k. RE ecmetr)

BMC EVOL BIOL 1 7 2006 2006 i Recovery _

Geomap Scimap Analysis [N
FEBS J 2 0 2005 2005 stem
o
NAT PHYS 3 18 2005 2006 Algebraic Geometry I
Parts IE——
Capacity E—
. Form et
Select Graphic Symbol Type(s) v Web

Computing |
 Making se—
Building  ee—

Select Graphic Variable Types v eaucation [

Bietaia _

1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

Machine

Cyberinfrastructure for
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Typology of the Data Visualization Literacy Framework

Insight Needs Data Scales Analyses Visualizations  Graphic Symbols Graphic Variables Interactions
* categorize/cluster *nominal » statistical * table « geometric symbols e« spatial *zoom
* order/rank/sort » ordinal * temporal * chart point position * search and locate
* distributions (also «interval * geospatial ¢ graph line * retinal * filter

outliers, gaps) * ratio * topical * map area form * details-on-demand
* comparisons * relational s tree surface color * history
* trends (process * network volume optics * extract

and time) * linguistic symbols motion * link and brush
* geospatial text * projection
* compositions numerals » distortion

(also of text) punctuation marks
* correlations/ * pictorial symbols

relationships images

icons

statistical glyphs

Borner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 25.

Cyberinfrastructure for
c N S Network Science Center 6 3



http://scimaps.org/atlas2

Typology of the Data Visualization Literacy Framework

Insight Needs

* categorize/cluster

* order/rank/sort

« distributions (also
outliers, gaps)

* comparisons

* trends (process
and time)

* geospatial

* compositions
(also of text)

* correlations/
relationships

Data Scales
* nominal

* ordinal

* interval

* ratio

Analyses

* statistical
» temporal
* geospatial
* topical

* relational

Visualizations
* table

* chart

* graph

* map

* tree

* network

Graphic Symbols

* geometric symbols
point
line
area
surface
volume
* linguistic symbols
text
numerals
punctuation marks
* pictorial symbols
images
icons
statistical glyphs

Borner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 26-27.

CNS

Cyberinfrastructure for
Network Science Center

Graphic Variables
* spatial

position
* retinal

Interactions

*ZzOOM

* search and locate
* filter

* details-on-demand
* history

* extract

¢ link and brush

* projection

* distortion
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Bertin, 1967

selection

order

guantity

association

c N S Cyberinfrastructure for
Network Science Center

Wehrend
& Lewis,
1996
categorize

rank

distribution

compare

correlate

Few, 2004

ranking

distribution

nominal
comparison
& deviation

time series
geospatial

part-to-
whole

correlation

Yau, 2011  Rendgen &
Wiedemann,
2012
category

differences

patterns time

over time

spatial location

relations

proportions

relationships  hierarchy

Frankel,
2012

compare
and
contrast

process
and time

form and
structure

Tool: Many
Eyes

compare
data values

track rises
and falls
over time

generate
maps

see parts
of whole,
analyze text

relations
between
data points

Tool: Chart
Chooser

table

distribution

comparison

trend

composition

relationship

Borner,
2014

categorize/
cluster

order/rank/
sort

distributions
(also outliers,

gaps)
comparisons

trends
(process and
time)

geospatial

compositions
(also of text)

correlations/
relationships

65



Typology of the Data Visualization Literacy Framework

Insight Needs

* categorize/cluster

* order/rank/sort

« distributions (also
outliers, gaps)

* comparisons

* trends (process
and time)

* geospatial

* compositions
(also of text)

* correlations/
relationships

Data Scales
* nominal

* ordinal

* interval

* ratio

Analyses

* statistical
» temporal
* geospatial
* topical

* relational

Visualizations
* table

* chart

* graph

* map

* tree

* network

Graphic Symbols Graphic Variables Interactions

« geometric symbols e« spatial *zoom
point position * search and locate
line * retinal * filter
area form * details-on-demand
surface color * history
volume optics * extract

* linguistic symbols motion * link and brush
text * projection
numerals * distortion

punctuation marks
* pictorial symbols

images

icons

statistical glyphs

Borner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 30-31.

c N S Cyberinfrastructure for
Network Science Center
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Visualization Types

Chart

Pie Chart

Graph

Map

#Students
1368
@ 684
1

N
46%  68% 810% >10%

0-2% 2-4%

Choropleth Map Proportional Symbol Map

@ONS s
NtwokS e Cenl

10

9

8

7

6

T |
ree .
3

2

1

0

0 8 A

Tree Map

Scholars Publications

Network ¢ ) . .

Wealth . - . Tornabuo B

146 W p I
" . Acciaiuoli

55 Bischeri ‘ Ridolf L]

3 Strozzi

Force-Directed Network
Layout

Bimodal Network
Layout
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Visualize: Reference Systems

Visualization Types
* table
Table Graph Map Network ) CharL
columns by rows  x-y coordinates latitude/ local similarity | ijg
column longitude * network layout
X |y : | e node o
| 1 o
row cell Y: Y] S
longitude 5=
I I == I
X X

Cyberinfrastructure for
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Visualize: Reference Systems, Graphic Symbols and Variables

> ‘ (‘)8.-0%00 jﬁ Graphic Variables e
(V] ° °
- . °
)
>
@)
© °
<+ ° ) ° o
C .0.000'
o) e % o o s % Graphic Symbols e
)
e £ |
o g !
% L% ‘ Visualizations °
oY

Scatter Graph Geospatial Map UCSD Science Map  Network

Cyberinfrastructure for
c N S Network Science Center 6 9



Typology of the Data Visualization Literacy Framework

Insight Needs Data Scales Analyses Visualizations | Graphic Symbols Graphic Variables Interactions
* categorize/cluster *nominal » statistical * table » geometric symbols | « spatial *zoom
* order/rank/sort » ordinal » temporal * chart point position * search and locate
« distributions (also < interval * geospatial ¢ graph line * retinal * filter
outliers, gaps) * ratio * topical * map area form * details-on-demand
* comparisons * relational * tree surface color * history
* trends (process * network volume optics * extract
and time) * linguistic symbols motion * link and brush
* geospatial text * projection
* compositions numerals * distortion
(also of text) punctuation marks
* correlations/ * pictorial symbols
relationships images
icons
statistical glyphs

Borner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 32-33.

Cyberinfrastructure for
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Typology of the Data Visualization Literacy Framework

Insight Needs Data Scales Analyses Visualizations  Graphic Symbols
* categorize/cluster *nominal » statistical * table * geometric symbols
* order/rank/sort » ordinal » temporal * chart point
« distributions (also < interval * geospatial ¢ graph line
outliers, gaps) * ratio * topical * map area
* comparisons * relational * tree surface
* trends (process * network volume
and time) * linguistic symbols
* geospatial text
* compositions numerals
(also of text) punctuation marks
* correlations/ * pictorial symbols
relationships images
icons

statistical glyphs

Borner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 34-35.

c N S Cyberinfrastructure for
Network Science Center

Graphic Variables
* spatial

position
* retinal

form

color

optics

motion

Interactions

*ZzOOM

* search and locate
* filter

* details-on-demand
* history

* extract

¢ link and brush

* projection

* distortion
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Graphic Variable Types

Position: x, y; possibly z More Position

Form: o o

e Size Length

* Shape -

« Rotation (Orientation) Angle Rotation
Color: 9 VL /S~

* Value (Lightness) - g Area

* Hue (Tint) T N | © O

« Saturation (Intensity) L] Volume

Optics: Blur, Transparency, Shading, Stereoscopic Depth oD

Texture: Spacing, Granularity, Pattern, Orientation, Gradient Color Hue Color Value | | Color Saturation
Motion: Speed, Velocity, Rhythm ,_evss e~ @ coe ®

Cyberinfrastructure for
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Graphic Variable Types

Graphic Symbol Types

Geometric Symbols Linguistic Pictorial
Point Line Symbols Symbols
58 X . p ot
-'é E Y Y Yy Y- lex Y
7 g X X X X
Size .
. e 0o O I I Text Text Text ©
o
Y| Shape : 1
® A N : : || Text Text 7ext
Value ® © ¢ 0 o | Text Text Text ‘ ‘
§ Hue .
8 e o e | Text Text Text (alive) (dead)
T‘g Saturati
=z aturation Text Text Text >
(4
Granularity goagngs| (enerrnl (7777 i [Lhsll [« A
W | &8 %2 7 | B e
d
X
@ 77,77 [Monn [FIaT AR SSME
| Pattern | [:nzi oLl A AR ATt R
) W] [ | R e ] RS
(%]
=)
g cocccee [ []]]]]ret e e | © O ©
0]
c
2| Speed
R S o ol EC O TR T T

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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Graphic Variable Types Versus Graphic Symbol Types
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SCHOOL OF INFORMATICS,
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Empower Yourself and Others!
Data Visualization Literacy

Borner, Katy, Andreas Bueckle, and Michael Ginda. 2019. Data visualization literacy: Definitions,
conceptual frameworks, exercises, and assessments. PNAS, 116 (6) 1857-1864.
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INDIANA UNIVERSITY
@ C N S Cyberinfrastructure for LUDDY SCHOOL OF
Network Science Center INFORMATICS, COMPUTING, AND ENGINEERING

,E_;E'L-Js) online course focused on understanding and creating data visualization hat

translate complex data into actionable insights.

I.’: SN{SM REGISTER FOR SEPT 20-OCT 30, 2021 ( FaQs )

Learn from Experts Evolve Yourself Make a Difference
ng Gain forever ki [-up in powerful data Embrace data-driven decision-making in your
https://visanalytics.cns.iu.edu US Employers which have sent students include

The Boeing Company, Eli Lilly, DOE, CDC, NSWC Crane.


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