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Visualization is Not Enough
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“We really are in another 
golden age of visualization.” 

- Leland Wilkinson, May 2019 



Where do the driving ideas 
of our field come from? 



1968 Engelbart, Intelligence Augmentation
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1967 Semiologie Graphique, Bertin



1966 Tukey & Wilk, Data Analysis & Statistics1966 Tukey & Wilk, Data Analysis & Statistics



Four major influences act on data 
analysis today: 
1.  The formal theories of statistics. 
2.  Accelerating developments in 
     computers and display devices. 
3.  The challenge, in many fields, of  
     more and larger bodies of data. 
4. The emphasis on quantification  
     in a wider variety of disciplines.

1966 Tukey & Wilk, Data Analysis & Statistics



While some of the influences 
of statistical theory on data 
analysis have been helpful, 
others have not. 

1966 Tukey & Wilk, Data Analysis & Statistics



Exposure, the effective laying 
open of the data to display the 
unanticipated, is to us a major 
portion of data analysis…  

It is not clear how the informality 
and flexibility appropriate to the 
exploratory character of exposure 
can be fitted into any of the 
structures of formal statistics so  
far proposed.

1966 Tukey & Wilk, Data Analysis & Statistics



Accordingly, both approaches and 
techniques need to be structured so 
as to facilitate human involvement 
and intervention. 

Some implications for effective 
analysis are: (1) it is essential to have 
convenience of interaction of 
people and intermediate results 
and (2) at all stages of data analysis, 
the outputs need to be matched to 
the capabilities of the people who 
use it and want it.

1966 Tukey & Wilk, Data Analysis & Statistics



1972 Tukey, Fisherkeller, Friedman, PRIM-9

http://stat-graphics.org/movies/prim9.html


1972 Tukey, Fisherkeller, Friedman, PRIM-9



1972 Tukey, Fisherkeller, Friedman, PRIM-9



1987 Becker & Cleveland, Brushing Scatterplots
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CONJECTURE:  The most important 
contributions of our field arise from 

interdisciplinary synthesis. 



EXAMPLE: 

Visualization Systems 



APT: A Presentation Tool

Mackinlay’s 1986 PhD Thesis on 
automatic chart design. 

Input Data: 
Cars dataset 

Priority-Ordered Input Variables: 
1. Price 
2. Mileage 
3. Repair 
4. Weight



APT 
Bertin’s Semiology

Logic Programming
Graphical Perception
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CONJECTURE:  The most important 
contributions of our field arise from 

interdisciplinary synthesis. 



COROLLARY: The practice of 
principled interdisciplinary 
thinking is our greatest asset. 
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? ?



Indexing, Data Cubes, Query Optimization

New Requirements, Interaction Models, Prefetching Approaches

    Databases  Vis  



Indexing, Data Cubes, Query Optimization

New Requirements, Interaction Models, Prefetching Approaches

    Databases  Vis  
SIGMOD HILDA
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1  The Data Explosion… 
2  Driving Data Tool Use… 
3  Outpaces Analysis Expertise 
>  Data Abuse?

44.0 ZB

Data Created & Consumed 
Source: IDC Digital Universe

Data Tool Downloads v. Stats MS 
Source: CRAN, PyPi, NCES IPEDS

Statistics MS Degrees

ggplot2

dplyr

jupyter

1.6 ZB

4.4 ZB



https://www.theatlantic.com/technology/archive/2018/04/facebook-cambridge-analytica-victims/557648/
https://www.theatlantic.com/science/archive/2016/03/psychologys-replication-crisis-cant-be-wished-away/472272/


https://www.newyorker.com/news/john-cassidy/the-reinhart-and-rogoff-controversy-a-summing-up


https://www.theguardian.com/inequality/2017/aug/08/rise-of-the-racist-robots-how-ai-is-learning-all-our-worst-impulses
https://www.theverge.com/2016/3/24/11297050/tay-microsoft-chatbot-racist
https://www.theguardian.com/inequality/2017/aug/08/rise-of-the-racist-robots-how-ai-is-learning-all-our-worst-impulses


https://www.wsj.com/articles/facebook-overestimated-key-video-metric-for-two-years-1474586951


“The nature, scale, depth and consequences of the 
data, technical and ethical breaches understood to 

have occurred thus far … are unlikely to be confined to 
a single company, technology or industry.” 

US ACM Letter to Senate Commerce & Judiciary Committee 



People’s interaction with data is 
subject to misuse and abuse.



Poor decisions or operations due to faulty inference. 

Inaccurate models due to biased or inaccurate data. 

Insufficient accountability and review of analysis procedures. 

Lack of monitoring and enforcement of data usage patterns.

Examples of Data Analysis Gone Awry



Poor decisions or operations due to faulty inference. 

Inaccurate models due to biased or inaccurate data. 

Insufficient accountability and review of analysis procedures. 

Lack of monitoring and enforcement of data usage patterns. 

Problems arise throughout end-to-end analysis workflows!

Examples of Data Analysis Gone Awry



A LARGER FRAME: 

Interactive Data Analysis 



UW Interactive Data Lab

Stanford Vis Group
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Points of Potential Failure
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Typical Visualization Concerns

Communication 
Narrative Visualization

Exploratory Analysis 
Data Quality Assessment
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Deploy

Typical Statistical Concerns

Appropriate statistical tests and corrections. 
Adjust for confounding variables. 
Avoid under/over-fitting.



Collect

Annotate

Wrangle

Profile

Explore

Model

Evaluate

Report

Deploy

Analysis Lifecycle Concerns

Unaccounted effect of various 
collection and preparation decisions. 
What if other decisions were made?

Interpretation & review of 
results. Application within 
decision-making context.



EXAMPLE: 

Uncertainty Visualization 



Hurricane error cones
[Cox et al, Visualizing Uncertainty in Predicted Hurricane Tracks, 2013]

Visualizing Uncertainty in Predicted Hurricane Tracks 153

and a 5 indicating that they strongly preferred the error cone. They were also asked for open-ended comments on the
study.

5. RESULTS

Figure 10 shows each of the six cases presented to the experiment participants, in their order of presentation, with the
top row of each case showing the error cone view, and the bottom row showing our method. These examples were

Case 1 Case 2 Case 3

Case 4 Case 5 Case 6
FIG. 10: The six cases as shown to experiment participants.

Volume 3, Number 2, 2013

Visualizing Uncertainty in Predicted Hurricane Tracks 153

and a 5 indicating that they strongly preferred the error cone. They were also asked for open-ended comments on the
study.

5. RESULTS

Figure 10 shows each of the six cases presented to the experiment participants, in their order of presentation, with the
top row of each case showing the error cone view, and the bottom row showing our method. These examples were

Case 1 Case 2 Case 3

Case 4 Case 5 Case 6
FIG. 10: The six cases as shown to experiment participants.

Volume 3, Number 2, 2013

Size or likelihood of hurricane? 
Is New Orleans safe?

Frequency framing: Make uncertainty 
concrete via hypothetical outcomes.

[Cox et al. 2013, Padilla et al. 2017]
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Predicted Bus Arrival: Quantile Dotplot

Frequency framing: Make uncertainty 
concrete via hypothetical outcomes.

[Kay et al. 2016]
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Better estimates, decisions with time. 
Even worst performers improve. 
Good uncertainty displays possible!

[Kay et al. 2016]

Predicted Bus Arrival: Quantile Dotplot
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1−90%

18/20 = 90% chance the bus comes at ~8 min or later

Cumulative
probability

Support decision making 
relative to risk tolerance.

[Kay et al. 2016]

Predicted Bus Arrival: Quantile Dotplot



Uncertainty Visualization 



Uncertainty Visualization 
…is not enough! 



Much Remains to Do…

Selection Bias

Labeling Error

Filtering Dist. Drift

Stale DataData Quality

Confirm. Bias

P-Hacking

Collect

Annotate

Wrangle

Profile

Explore

Model

Evaluate

Report

Deploy

Overfit



We need analysis support tools 
& methodologies for end-to-end 
analysis, not siloed “statistics” or 

“visualization” tools.



&  Reusable components / techniques. 
'  Extensions to analysis environments. 
(  A bunch of one-off applications. 



Concepts, Theory, Techniques, Methodology

Analysis “Vis” 

Techniques



Concepts, Theory, Techniques, Methodology

Human-Centered & End-to-End Methodologies, Use Cases, Techniques

Analysis “Vis” 



Specification Curve for “Female Hurricanes Are 
Deadlier Than Male Hurricanes”, Jung et al 2014.

[Simonsohn et al. 2015]

Multiverse 
Analysis

https://papers.ssrn.com/abstract=2694998


Capture & Represent Analyst Activity 
Concretize EDA results. Guard against false discovery. 
Bayesian approaches to knowledge modeling. 
“We need a science of elicitation.” - Jessica Hullman 

Analysis Review & Safeguarding 
Enable review & auditing of end-to-end analyses. 
Monitoring & error analysis for models & data. 

Specify, Optimize & Present Multiverse Analyses 
Capture alternative decisions, increase analysis 
robustness, move beyond dichotomous thinking. 

Integrate/Extend Shared Analysis Environments

Research Opportunities



EXAMPLE: 

Interactive Machine Learning 



AI Taking Over? 

https://futurism.com/ai-contracts-lawyers-lawgeex/
https://www.pbs.org/newshour/science/analysis-robots-achieve-what-humans-never-will-assembling-an-ikea-chair-in-less-than-21-minutes
https://www.washingtonpost.com/news/innovations/wp/2018/04/06/elon-musks-nightmarish-warning-ai-could-become-an-immortal-dictator-from-which-we-would-never-escape/?utm_term=.9e2c93ec3759


“[We] need well-thought-out interactions of 
humans and computers to solve our most 
pressing problems” 

Michael Jordan, UC Berkeley  [Medium 2018]

“I worry … that enthusiasm for A.I. is preventing 
us from reckoning with its looming effects on 
society… if we want it to play a positive role in 
tomorrow’s world, it must be guided by human 
concerns… enhancing us, not replacing us.” 

Fei-Fei Li, Stanford & Google  [NY Times 2018]



Model Visualization 



Machine Translation Embedding  [Johnson et al. 2018]

t-SNE projection of latent space of language translation model.

https://arxiv.org/pdf/1611.04558v1.pdf


ActiVis  [Kahng et al. 2017]

https://minsuk.com/research/activis/


Feature Visualization & Attribution  [Olah et al. 2018]

https://distill.pub/2018/building-blocks/
https://distill.pub/2018/building-blocks/


Seq2Seq-Vis for Model Debugging  [Strobelt et al. 2018]

Visual analysis to debug RNN machine translation models.

https://seq2seq-vis.io/
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Model Visualization 



Model Visualization 
…is not enough! 



 ML  “Vis” 

Inspection Tools

Concepts, Theory, & Methods



 ML  “Vis” 

Human-Centered Concepts & Interaction Paradigms

Concepts, Theory, & Methods



DESIG N CHALL E NGE :  
Determine “regions of optimality” in 
possible divisions of labor among 
directed and automated actions.



A Balancing Act…



Challenges of Automation: 
Loss of critical engagement & domain expertise. 
Automated methods may not be sufficiently accurate. 
Consequences of poor models let loose in the world. 

Balancing Automation and Control



Challenges of Automation: 
Loss of critical engagement & domain expertise. 
Automated methods may not be sufficiently accurate. 
Consequences of poor models let loose in the world. 

Challenges of User Control: 
Ambiguity of intent. Scale. Cognitive biases, mistakes. 
Lack of global view -> overweight local information. 

Balancing Automation and Control



Challenges of Automation: 
Loss of critical engagement & domain expertise. 
Automated methods may not be sufficiently accurate. 
Consequences of poor models let loose in the world. 

Challenges of User Control: 
Ambiguity of intent. Scale. Cognitive biases, mistakes. 
Lack of global view -> overweight local information. 

Strategy: Shared Representations 
Enhance user interfaces with models of capabilities, 
actions & goals to reason about the task and enable 
principled human-AI interaction.

Balancing Automation and Control



Visualization and Interaction 

Data Transformation Code

User highlights 
features of a data 
visualization or 
data table

Data previews 
allow user to 
choose, adjust 
and confirm

AI algorithms 
predict intended 
transformations

1. 3.

2.

Predictive Interaction for Data Wrangling

Data Wrangler 
[Kandel et al. 2011]

http://idl.cs.washington.edu/papers/voyager2/


Predictive Interaction for Exploratory Analysis

Voyager: Integrate Visualization 
Specification & Recommendation 
[Wongsuphasawat et al. 2016, 17]
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Errudite: Reproducible & Testable Error Analysis of NLP Models  [Wu et al. ACL 2019]

Predictive Interaction for Error Analysis
(a)

(b)

A

How many brownish peaks are there?



Domain Specific Language (DSL)

Visualization and Interaction

Predictive Interaction  [Heer, Hellerstein, Kandel CIDR’15]

Data Outputwrite code, compile, run

View Result

visualize compile

Response Preview pickinteract predict

G U I D E D E C I D E

generate presentLift Ground



Effective AI-Infused Interactive Systems 
Challenge “fully automated” assumptions. 
New interaction paradigms and prototyping tools. 
Virtuous cycle of human and machine learning. 

Data analysis is an exciting petri dish for this… 
  …to develop theory with broader applicability!  

Evaluate Trade-offs in Agency + Automation 
Under what conditions do we become complacent 
consumers of machine recommendations? 
How do we promote critical engagement?

Research Opportunities



EPILOGUE: 

Accessibility (a11y) 







Not all of us can see. 



[ReVision, Savva et al. 2011; REV, Poco et al. 2017, Choi et al. 2019]

Reverse Engineering of Visualizations





Tactile Graphics



 a11y  “Vis” 

Color Vision Deficiency

Computational Chart Interpretation



 a11y  “Vis” 

Perception Models, Modality Translation, Perceptualization Tools

Accessible Output, Annotation, Captioning 
Richer Individual Differences, Aesthetics



More Accessible Graphics 
Reader-friendly annotation, captioning. 

Augmenting Models of “Graphical” Perception 
Perceptual effectiveness for non-visual or multi-modal 
displays. Challenge existing approaches & models? 
 - (Musical) aesthetics critical to sonification? 
 - Individual differences (e.g., sighted vs. blind)? 

Modality Translation of Data “Perceptualizations” 
Given a formal visualization specification, how might 
we re-target a design to other modalities?

Research Opportunities



Visualization 
… is not enough! 



Visualization 
… is necessary, 

but not sufficient. 



We are capable of more.



“The purpose of computing 
is insight, not numbers.” 

- Richard Hamming 



“The purpose of visualization 
is insight, not pictures.” 

- Ben Shneiderman 



The ultimate subject of the 
visualization research community 

is people, not pictures. 



Jeffrey Heer  @jeffrey_heer 
U. Washington / Trifacta

Visualization is Not Enough


