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The purpose of computing is insight,  
not numbers. 

[Richard Wesley Hamming]

visualization

pictures [Card,  Mackinlay, Shneiderman]
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[D’Hont et al., Nature, 2012]



… makes data accessible 
… combines strengths of         
     humans and computers 
… enables insight 
… communicates

GOOD DATA 
VISUALIZATION



CAN’T WE JUST TRUST STATISTICS?
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Mean x: 9 y: 7.50 

Variance x: 11 y: 4.122 

Correlation x – y: 0.816  

Linear regression: y = 3.00 + 0.500x 



ANSCOMBE’S QUARTETT

Mean x: 9 y: 7.50 

Variance x: 11 y: 4.122 

Correlation x – y: 0.816  

Linear regression: y = 3.00 + 0.500x 



Same Stats, Different Graphs: Generating Datasets with Varied Appearance and Identical Statistics 
through Simulated Annealing, CHI 2017,  Justin Matejka, George Fitzmaurice 

https://www.autodeskresearch.com/people/justin-matejka
https://www.autodeskresearch.com/people/george-fitzmaurice


SO CAN WE DO 
BETTER?



A B C
A

B C

Universal Set



A B C
Universal Set

Must 

Must Not
A

B C



A B C Cardinality

5

17

7

10

14

20

7

5

5

17

7 10

14 20

7

5



THE BANANA CHART REDESIGNED: UPSET

Largest Intersection Includes All Sets



THE BANANA CHART REDESIGNED: UPSET

Three Leftmost Species Are Most Similar



THE BANANA CHART REDESIGNED: UPSET

Rightmost species is most different



http://vcg.github.io/upset/

http://vcg.github.io/upset/


The canonical way to show set data with > 3 sets  
Second-most cited VIS paper of the last decade 
Multiple implementations in various languages

UPSET

R Tableau Python



DATA SCIENCE



A data scientist is a statistician who 
lives in San Fransisco. 

Data science is statistics on a Mac. 

A data scientist is someone who is 
better at statistics than any software 
engineer and better at software  
engineering than any statistician.

WHAT IS DATA 
SCIENCE?



Data science is a multi-disciplinary field 
that uses scientific methods, processes, 
algorithms, and systems to 
extract knowledge and insights from 
structured and unstructured data.[Wikipedia] 

WHAT IS DATA 
SCIENCE?

What’s the Role of Visualization?



What’s the Role of Visualization in Data Science?

Adapted from Doing Data Science: Straight Talk from the Frontline, 

[O'Neil and Schutt, 2013] 
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Visualization

Human Data Interaction

=



RESEARCH AREAS
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Novel Visualization 
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Novel Visualization 
Techniques

TECHNICAL CONTRIBUTIONS Multivariate Networks



Data Wrangling 
Methods 

TECHNICAL CONTRIBUTIONS Reshaping Networks



DOMAIN DRIVEN TECHNIQUES

Tailored Methods 
and Systems for High 
Impact Science 
Problems 

Data Wrangling 
Methods 

TECHNICAL CONTRIBUTIONS



DOMAIN DRIVEN TECHNIQUES
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Problems 

Pathways and Omics Data



DOMAIN DRIVEN TECHNIQUES

Tailored Methods 
and Systems for High 
Impact Science 
Problems 

Phylogenies



DOMAIN DRIVEN TECHNIQUES

Tailored Methods 
and Systems for High 
Impact Science 
Problems 

Genomic Data 
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EMPIRICAL & THEORETICAL WORKTECHNICAL CONTRIBUTIONS DOMAIN DRIVEN TECHNIQUES

Literate Visualization Clinical Genealogies Evaluating Complex  
Systems



TECHNICAL CONTRIBUTIONS

LITERATE VISUALIZATION:  
MAKING VISUAL ANALYSIS SESSIONS REPRODUCIBLE AND REUSABLE 
 
Samuel Gratzl,  Alexander Lex, Nils Gehlenborg, Nicola Cosgrove, Marc Streit



Reproducibility Rates 
Psychology: 40% 
Cancer Biology: 11%

REPRODUCIBILITY 
CRISIS IN SCIENCE

[Baker, Penny, 2016]  
[Open Science Collaboration, 2016]    
[Begley, Ellis, 2012]  

https://www.nature.com/news/polopoly_fs/1.19970!/menu/main/topColumns/topLeftColumn/pdf/533452a.pdf
https://science.sciencemag.org/content/349/6251/aac4716
https://www.nature.com/articles/483531a


Perverse incentives (publish or perish) 
Bias for “flashy” results 
Problems in data analysis  
Lack of data sharing 
Lack of sharing the analysis process 
…

WHY IS THERE A 
REPRODUCIBILITY CRISIS?



[Donald E. Knuth, 1984]

Explain the why and how 
using any means necessary! 
Text 
Images / Visualizations 
Formulas 
Videos 
Links 
Code

LITERATE PROGRAMMING



LITERATE PROGRAMMING IN THE WILD

Observable R Markdown Jupyter Notebooks



Idea: make the process of an 
interactive, visual analysis session 
well reasoned and documented  

Current State:  
no record of what was done,  
let alone why

LITERATE 
VISUALIZATION



Guided Visual Exploration of 
Genomic Stratifications in Cancer 
  
Nature Methods 11, 9 (2014), 884–885

A MANUAL ATTEMPT AT LITERATE VISUALIZATION



CASE STUDY 

48

Streit et al., Guided Visual Exploration of Genomic 
Stratifications in Cancer,   
Nature Methods, 2014







51

Exploration



52

Authoring



53

Presentation



http://vistories.org/

http://vistories.org/


We solved the WHAT, 
but not the WHY 

So, can we make it easier to capture 
the why?

PROGRESS;  
BUT 

PROVENANCE IS 
“DUMB”



TECHNICAL CONTRIBUTIONS

CAPTURING USER INTENT  
WHEN BRUSHING IN SCATTERPLOTS 
 
Kiran Gadhave, Jochen Görtler, Oliver Deussen, Miriah Meyer, Jeff Phillips



WHAT’S BRUSHING?



Intent is the user’s reason for 
performing a brush with a 
visualization.WHAT IS INTENT 

WHEN BRUSHING?

Outlier Clusters



Correlation

Multivariate OptimizationCategories Ranges

Outlier Clusters



Speed up complex 
selections

WHY DO WE CARE? 

Outliers?Selection



ID Based Selection:  
Selected Elements: 7, 9, 13, 18, 22 

Semantic Selection: 
Elements in K-Means cluster centered at [2, 3] 

Meaningful, higher level concept:  
improves reproducibility 

Robust to changes and updates in dataset:  
enables re-usability

WHY DO WE CARE? 



HOW DO WE INFER INTENT?

Selection



Selection
K-Means 
DBScan 
Regression 
Outlier Detection 
Skyline 
Decision Trees / Ranges 
Categories

Predictions

HOW DO WE INFER INTENT?



HOW DO WE INFER INTENT?

Ranking
Jaccard Distance 
Naive Bayes  
Classifier 
Heuristic  
Measures

1. Range 
2. Cluster 
3. Outlier 

Selection
K-Means 
DBScan 
Regression 
Outlier Detection 
Skyline 
Decision Trees / Ranges 
Categories

Predictions



HOW DO WE INFER INTENT?

Confirming Intent  
& Annotation

I think this cluster…

Selection
K-Means 
DBScan 
Regression 
Outlier Detection 
Skyline 
Decision Trees / Ranges 
Categories

Predictions Ranking
Jaccard Distance 
Naive Bayes  
Classifier 
Heuristic  
Measures

1. Range 
2. Cluster 
3. Outlier 



Visualization and Selection Annotation of Intent and Predictions

http://vdl.sci.utah.edu/predicting-intent/



Semantic Selections & Annotations 
allow us to have higher-level 
information about events in an 
analysis process.  

Analysts have the means to justify 
their choices. 

Makes it easier to build analysis 
stories and retrieve important states. 

TOWARDS LITERATE 
VISUALIZATION



EMPIRICAL & THEORETICAL WORKTECHNICAL CONTRIBUTIONS

Literate Visualization

DOMAIN DRIVEN TECHNIQUES

Clinical Genealogies Evaluating Complex  
Systems



LINEAGE: 
VISUALIZING CLINICAL DATA IN GENEALOGY GRAPHS
Carolina Nobre, Nils Gehlenborg, Hilary Coon, Alexander Lex

DOMAIN DRIVEN TECHNIQUES

Clinical Genealogies



ONE PERSON DIES OF 
SUICIDE EVERY 40 SECONDS 

THE WORLD HEALTH 
ORGANIZATION ESTIMATES



SUICIDE IS THE SECOND LEADING CAUSE OF DEATH 
IN YOUTHS BETWEEN 15 AND 29 YEARS OLD
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UTAH HAS THE 5TH HIGHEST 
SUICIDE RATE IN THE COUNTRY, 
WITH BETWEEN 500-600 
CASES PER YEAR.

22.42





Understand Complex Conditions 
Discover Genetic Risk Factors 
Dataset:  
118k people, 19k suicide cases, ~2k 
with genomic data, 550 families 
Based on Utah Population Database

MOTIVATION 
& DATA



Find familial cases that also have an 
“interesting” phenotype 
e.g., predominantly female, associated 
with rare psychiatric disease, etc. 

Prioritize those cases for analysis of 
shared genomic sequences  

Proofread the Data!

SPECIFIC  
GOALS





Age 
Sex 
Race 
Bipolar 
Depression 
Asthma 
Obesity 
Schizophrenia 
Cause of Death 
Weapon Used 
…



GENEALOGY WITH ~400 MEMBERS RENDERED WITH PROGENY





Family Selector



Pedigree Visualization

Family Selector



Attribute Table

Pedigree Visualization

Family Selector



LINEARIZING
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Can’t show many people Lots of missing data











Currently used by team of Psychiatry 
researchers on a daily basis 

Widespread interest from other labs 
working with UPDB data 

Integration of other data types 
Geospatial, Environmental, Genomic 

USAGE  
& FUTURE WORK



TECHNICAL CONTRIBUTIONS

Literate Visualization

DOMAIN DRIVEN TECHNIQUES

Clinical Genealogies

EMPIRICAL & THEORETICAL WORK

Evaluating Complex  
Systems



Empirically Evaluating Complex Interactive 
Visualization Techniques

Carolina Nobre, Dylan Wootton, Lane Harrison

EMPIRICAL & THEORETICAL WORK

Evaluating Complex  
Systems



Perceptual studies

Static visualizations

Controlled interactions

Complex  
visualization  

systems



Can we use empirical studies to evaluate complex interactive 
visualizations? 



Which is better for which task?



CONFOUNDERS
HOW CAN WE MAKE SURE THAT WHAT 

WE TEST IS WHAT WE CARE ABOUT? 

CHALLENGE



CONFOUNDERS

VALIDATED & REFINE DESIGN 
BASED ON EXPERT HEURISTIC 

EVALUATION 

DESIGN BASED ON  EXISTING 
GUIDELINES AND KNOWLEDGE 

SOLUTION



SCALE
NEED STATISTICAL POWER 

HOW CAN WE DO THIS IN A 
CROWDSOURCED SETTING? 

CHALLENGE



NOVICE USERS
NOVICE USERS DON’T KNOW 

ABOUT ADVANCED 
VISUALIZATIONS

WHAT DID I JUST SEE?

CHALLENGE



NOVICE USERS
TRAINING CAN GIVE USERS THE 

EXPERTISE NECESSARY TO 
COMPLETE THE TASKS.  

SOLUTION



INCENTIVES
HOW CAN WE GET USERS  

TO TRY HARD 

AND 

TO PARTICIPATE IN AN EXPERIMENT 
THAT TAKES ~1H

 [Alfrey Davilla]

https://dribbble.com/vaneltia


AN INTERESTING PROBLEM 

MONEY

~ $ 4,500 in 2h

INCENTIVES



VALIDATION
HOW CAN WE MAKE SURE 

 THIS ALL WORKS? 

DETAILED PROVENANCE TRACKING 

MULTIPLE PILOTS
minutes 
elapsed

correct task incorrect task

incorrect answers  
during trials

guided 
tour

searched 
for node

browsed away 

vis 
type





SELECTED RESULTS



PATHS
Is NL or AM better for 

Path Tasks?



NL outperforms AM for path based tasks



What types of insight do NL and AM representations support? 



ATTRIBUTE OVERVIEW
“INSTITUTIONS HAVE MUCH 
FEWER TWEETS IN GENERAL 
THAN PERSON ACCOUNTS” 



TOPOLOGY-ATTRIBUTE
“IT DOES SEEM A BIT ODD THAT 

JEFFREY ALEX AND ROB HAVE SUCH 
LARGE NETWORKS WITH THEIR 

LOWER THAN AVERAGE TWEETING.” 



Yes We Can! 
• Picking the right techniques 
• Evidence-based design 
• Design validation 
• Careful training 
• Good compensation

RECAP
CAN WE DO QUANTITATIVE 

EVALUATION WITH COMPLEX 
SYSTEMS?

Pushing the boundary of what can be 
evaluated using crowdsourcing



WHAT’S NEXT?



Evaluation 
Methodology  

Design Spaces / 
Taxonomies

EMPIRICAL & THEORETICAL WORK

Novel Visualization 
Techniques 

Visualization Process 
Innovations 

Data Wrangling 
Methods

TECHNICAL CONTRIBUTIONS DOMAIN DRIVEN TECHNIQUES

Tailored Methods 
and Systems for High 
Impact Science 
Problems 



TECHNICAL CONTRIBUTIONS

Vision: Make Transitions between Computational Work 
and Interactive Visualization Seamless

Provenance Tracking, Storytelling, Intents

Computational 
Notebook

Interactive 
Visualization 

System

Re-usable analysis process

Well justified “audit trail” of decisions

Data

“Functions”



Keep Collaborating DOMAIN DRIVEN TECHNIQUES

Needed: Methods to transition from  
prototypes to robust tools

Visualization Research Enables Science

Science Drives Visualization Research



Many advanced 
techniques to evaluate 

Use provenance data 
to identify “user types” 
based on strategies 

EMPIRICAL & THEORETICAL WORK

A lot of vis design uses best practices with weak empircal foundations 
Need to continue to develop strategies to validate complex methods



Alexander Lex 
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http://alexander-lex.net
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