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But knowledge is something that happens in our head.

… and from our head back into the computer?

How do we get information from the computer into our head?



Brooks Jr, Frederick P. "The computer scientist as toolsmith 
II."Communications of the ACM 39.3 (1996): 61-68.

http://www.cs.unc.edu/~brooks/Toolsmith-CACM.pdf
http://www.cs.unc.edu/~brooks/Toolsmith-CACM.pdf
http://www.cs.unc.edu/~brooks/Toolsmith-CACM.pdf
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1) Formulating the question.
2) Understanding the answer.
3) Getting an explanation for the answer.

Note: all three happen at the interface between 
the human and the machine.

Problems



more (practical) problems ...

Is that the right data?
Is that the right model/algorithm?
Is that the right parameter set?

… and by the way do these data contain an 
answer for my problem at all?





Visual Analytics: “The science of analytical 
reasoning facilitated by interactive visual interfaces”





Example: Flowstrates



What is Visualization for?

Sensemaking
Discovery
Communication

(monitoring / situational awareness)



Why Use Visualization?



1) Vision is the most powerful communication 
channel humans posses.

For instance, We can detect information faster 
than our eye can move ...



Preattentive Processing

Preattentive features can be detected faster 
than eye movement (200 msec).



http://www.youtube.com/watch?v=wnvoZxe95bo




2) Humans are not very good at detecting 
patterns from numbers.



Which group has the highest/lowest rates? When?
Which group has an increasing/decreasing temporal trend?
Which group has a faster/slower rate of change?



3) Summary statistics can hide important 
information.



Anscombe’s Quartet



4) The “right” representation can turn complex 
problems into simple ones.

(Experiential Vs. Reflective Thinking)



Let’s Play a Game! The Game of “15”

{1, 2, 3, 4, 5, 6, 7, 8, 9}

RULES

1) There are 2 players

2) Each player takes a digit in turn

3) Once a digit is taken, it cannot be used by any of the players again

4) The first player to get three digits that sum to 15 wins



Tic-Tac-Toe: Herbert Simon’s Problem Isomorph

4 9 2

3 5 7

8 1 6



But not all visualizations are equally effective!



Junk Charts: Expanding circles of error

http://junkcharts.typepad.com/junk_charts/2012/10/expanding-circles-of-error.html


Change of years for life lost between 2005-2010.

This visualization violates many visualization principles.

Example taken from Stephen Few’s Perceptual 
Edge: http://www.perceptualedge.com/blog/?p=1829

http://www.perceptualedge.com/blog/?p=1829


Some are plain wrong!



Ranking of Visual Variables 

Cleveland, William S., and Robert McGill. "Graphical perception: Theory, 
experimentation, and application to the development of graphical methods."
Journal of the American Statistical Association 79.387 (1984): 531-554.



Automated or Interactive Data Analysis?



Golden Rule of Visual Analytics

Don’t use Visual Analytics if an automated 
solution exists.



Yet, many problems not well-understood or 
specified in the first place!

More exploration needed.

a. Exploration to understand the data.

b. Exploration to find good models.



And Visualization does not scale!

There’s simply too much data.

Too many dimensions/features.

Too many options and possible views.



 Many Data Science problems require a synergistic
integration of automated AND interactive methods.

We need methods that support humans in their 
thinking process.



High-Throughput Screening for 
Drug Discovery 



Structure-Activity Relationship (SAR) Analysis

Mining algorithms necessary to extract meaningful 
molecular fragments.



Bertini, Enrico, et al. "HiTSEE: a visualization tool for hit selection and analysis in high-throughput 
screening experiments." Biological Data Visualization (BioVis), 2011 IEEE Symposium on. IEEE, 2011.

HiTSEE



High-Dimensional Data Visualization

- Set of visual features very limited
- Resolution very limited
- Ability to make sense of it very limited!

10s, 100s, 1000s, ...



Example: Scatter Plot Matrix

* Taken from: Jing Yang’s Interactive Hierarchical Dimension Ordering, 
Spacing and Filtering for Exploration of High Dimensional Datasets.

http://davis.wpi.edu/~xmdv/docs/infovis03_osf.pdf
http://davis.wpi.edu/~xmdv/docs/infovis03_osf.pdf
http://davis.wpi.edu/~xmdv/docs/infovis03_osf.pdf


Quality Metrics-Driven Visualization

How can we measure the 
interestingness of a 
projection?

Does it correlate with 
human perception?



Automatic Ranking of Class Separation



Example: Class Density Measure

Work of Andrada Tatu, et al. "Combining automated analysis and visualization techniques for effective exploration of 
high-dimensional data." Visual Analytics Science and Technology, 2009. VAST 2009. IEEE Symposium on. IEEE, 2009.



Do the metrics reflect human perception?



User Study

 Data: Wine data set (from UCI), 178 samples, 13 attributes, 3 classes
 Participants: 18 undergraduate students natural science
 Visualization: scatter plots made of every possible pair of axes (18 selected)
 Question: “select projections suited to classify the three types of wine”

A. Tatu, P. Bak, E. Bertini, D. Keim, and J. Schneidewind.Visual Quality Metrics and 
Human Perception: An Initial Study on 2D Projections of Large Multidimensional Data.In 
Proc. of ACM SIGCHI Working Conference on Advanced Visual Interfaces (AVI), 2010.

http://dl.acm.org/citation.cfm?id=1843002
http://dl.acm.org/citation.cfm?id=1843002


Results



Making Sense of Feature Selection Algorithms

(Work in collaboration with Adam Perer @ IBM Watson)



Feature Selection
(Information Gain, Fisher Score, 
Odds Ratio, Relative Risk, …)

X
Classification
(Logistic Regression, Decision 
Trees, Naive Bayes, kNN, …)

Parallel computation of multiple models ...

How to make sense of the results? What can we learn out of this? Can we 
better understand how features should be selected?

Folds (Samples)
10-folds validationX



INFUSE

● Each dot is a feature (e.g., lab test)

● Each quadrant represents a feature 
selection algorithm

● Each segment represents a fold (sample)

● Length of the bar represents the ranking





Interesting open challenges for vis in data 
science and data science in vis.



1) From Data Visualization to Model Visualization

Many data mining methods for knowledge discovery exist.

● Results sometimes more complex (larger) than the data itself
● Parameters and techniques: Which one to use? How do they compare?
● A good grasp of the data is needed to feed mining algorithms with the 

“right” data

How do we make sense of them? And how do we build trust in them?



A Few Ideas for Model Visualization ...

Visual Diagnostics

Visual Ensembles

Computational Steering

Explanatory Visualization
(work on causality?)

We need your 
help!





2) “Intelligent” Visual Data Exploration

There are simply too many ways to encode and ways to 
interact with data.

“Where are the interesting views?”

Computational approaches can (and should) help users 
navigate through this huge design/decision space.

We need 
your help!



3) Visual Analytics Evaluation

Hard! Hard! Hard!

Problem 1: Visualization happens in our brain not in the 
computer.

Problem 2: Sensemaking, discovery, learning … hard to 
measure and often happen on a long time span.

We need 
your help!



Interesting Approach: Synthetic Benchmark Datasets

Synthetic data that look very real.

Ground truth known and manually 
hidden in the data.

VAST Challenge has new data sets 
each year.

http://vacommunity.org/VAST+Challenge+2014

http://vacommunity.org/VAST+Challenge+2014
http://vacommunity.org/VAST+Challenge+2014




Process
UWP: Understanding Environments and Work Practices
 VDAR: Evaluating Visual Data Analysis and Reasoning
CTV: Evaluating Communication Through Visualization
CDA: Evaluating Collaborative Data Analysis

Visualization
UP: Evaluating User Performance
UE: Evaluating User Experience
VA: Evaluating Visualization Algorithms



Interesting research I am NOT doing …

Visualization Programming Frameworks (D3.js).
(See Jeff Heer’s IDL Lab @ UW)

Collaborative Visualization and Large Displays.
(See Petra Isenberg and others at INRIA)

Brain Sensing for Evaluation.
(See Claudio Silva’s work on EEG and Remco Chang @ Tufts)

Crowdsourced Data Analysis.
(See Maneesh Agrawala @ Berkeley) 



w/ Moritz Stefaner

http://datastori.es http://fellinlovewithdata.com/

http://datastori.es
http://datastori.es
http://fellinlovewithdata.com/
http://fellinlovewithdata.com/
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Backup slides ...



Visual Diagnostics for Intrusion Detection



SpiralView

Enrico Bertini, Patrick Hertzog, and Denis Lalanne.SpiralView: Towards Security Policies Assessment through Visual Correlation of 
Network Resources with Evolution of Alarms.In Proc. of IEEE Symposium on Visual Analytics Science and Technology (VAST), 2007.



Information Visualization Pipeline





“The numbers have no way of speaking for 
themselves. We speak for them.

Data-driven predictions can succeed—and they 
can fail. It is when we deny our role in the 
process that the odds of failure rise.

Before we demand more of our data, we need to 
demand more of ourselves.”


