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Scenario: Genomics of Drug Sensitivity

You are looking for top associations between genetic features and drug 
response using the GDSCTools package (Cokelaer et al. 2017)
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Scenario: Genomics of Drug Sensitivity
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What went wrong?

Further trials would reveal no real effects - in fact this is synthetic data with 
drug response synthetically generated independent of genetic features. 
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Signals seen in exploratory data 
analysis inform trial design.

But humans are great at seeing 
signals even when they aren’t 
there.

A visual check for 
significance that is…

● Fast, easy, and intuitive
● Convincing even when 

users are incentivized to 
see a signal

● Easy to integrate into 
current workflows

Problem Solution

Images: wikimedia, creative commons license



What to Expect
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☑ Motivate the need for more visual inference tools 

Introduce the Visual Lineup Test

Re-visit the ‘Genomics of Drug Sensitivity’ Example

Present the See-Value App

Illustrate Usage of the App



A Lineup Protocol

Which plot looks 
most different 
from the others?
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Protocol described by Buja et al (2009), Majumder et al (2015), Roy Chowdhury et al (2015), and others.
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A Lineup Protocol

Null Hypothesis: 
Control and 
treatment have 
same adverse event 
occurrence rate.

Permutation: 
If group assignment 
is independent of 
adverse event risk, 
group label can be 
freely permuted
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Lineup Test:
1. Plot the real data 
along with the 
scrambled data.

2. Pick the “most 
unusual” plot. 

3. If you can pick out 
your real data, your 
result may be 
significant.



Genetics of Drug Sensitivity - Lineup Method
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Permutation: 
Scramble the cell line ID in the 
drug response table.

Observation: 
No facet that is compellingly 
distinct from the rest.

Takeaway: 
The synthetic data’s volcano plot 
that originally looked promising 
doesn’t look that unusual for null 
data.

Effect Size
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Genetics of Drug Sensitivity - Lineup Method
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Permutation: 
Scramble the cell line ID in the 
drug response table.

Observation: 
Again, no single facet stands 
out as obviously distinct.

Takeaway: 
The box plot illustrating the 
‘most significant’ association 
we saw on our synthetic data 
was fairly typical for null 
generated data.
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Genetics of Drug Sensitivity - Lineup Method
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Permutation: 
Scramble the cell line ID in the 
drug response table.

Observation: 
Facet 9 notably is the only facet 
with numerous associations 
above 15 on the y-axis.

Takeaway: 
A volcano plot containing 
published data with realistic 
associations does stand out 
against null plots suggesting 
real, meaningful associations.
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Genetics of Drug Sensitivity - Lineup Method
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Null Hypothesis: 
Drug response is independent 
of all genetic features.

Observation: 
Facet 4 stands out as it has a 
much more balanced number 
of cell lines in the + and -
groups.

Takeaway: 
It is likely many people would 
see facet 4 as notably distinct. 
This is the true data, 
suggesting there is a signal.
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Contribution: “See”-Value App

www.see-value.org We provide a Shiny app that..

● Facilitates visual permutation 
tests as described by Buja et al 
(2009),  Majumder et al (2015), 
Roy Chowdhury et al (2015).

● Supports common inference 
tasks used in drug development.

● Enables team-based voting and 
significance calculations. 13



App workflow: Team Based Voting
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Step 1: Select a 
supported analysis.

With options growing

Step 2: Explore pre-
loaded vignette

Learn and practice with 
lineups

Step 3: Upload and 
configure your data

Download sharable 
configuration



App workflow: Team Based Voting
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Step 4: Teammates vote 
and report

Analysis leader tallies 
correct/incorrect votes

...

Step 5: ‘See’-Value 
calculated in-app

Interpretation similar to 
traditional p-value

2e-11
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www.see-value.org



Conclusion
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Help your teams understand their data and develop 
an intuition for distinguishing a strong signal from 
random variability

Try out the app at:
Feedback to:

www.see-value.org hdiehl 
<at> mit.edu
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