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Current approaches focus on mapping drug 
sensitivity to genotype using screening data



Current approaches assume that genotype and 
drug sensitivity are directly connected



Current approaches require reproducible drug 
sensitivity studies
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Advancing precision medicine requires  
improved quantification of drug sensitivity

Which metrics best capture the response phenotype?!



1.  Theory of drug response
•  Normalization
•  Importance of adapted metrics

2.  Experimental setup!

3.  Designing and analyzing experiments!

4.  Biological examples!



Measuring drug response is essential in 
pharmacology



Drug response is assayed at multiple 
doses



Drug response is assayed at multiple 
doses

IC50 value is the concentration at 
which the relative cell count is 0.5.!



Dose response curves vary across cell 
lines



Normalization by the untreated control

Relative cell count is valid when the untreated control 
remains the same:!
•  Phenotype is not related to cell growth!
•  Untreated cells do not grow!
•  Short assays during which growth is negligible!



Assays that have a growing population



Relative cell count is biased by division rate



Relative cell count does not distinguish 
underlying phenotypes



Slow growing cell lines look systematically more 
resistant when using relative cell count



New unbiased metrics that define these 
underlying phenotypes are needed 



Normalized growth rate inhibition (GR) value

k(c) is the treated growth rate!
k(0) is the control growth rate!



GR values rely on three measures of cell count

x(c)  is the treated cell count!
xctrl is the control cell count!
x0 is the cell count at the 

time of treatment!



GR values are independent of the division rate 
and directly relate to the phenotype



Time-dependent GR values and metrics

It allows evaluating GR50(t) and GRmax(t) and 
quantifying adaptive response or late drug action.



Genetic alterations affect division time 
independently of drug sensitivity

Etoposide sensitivity in HME RPE-1 
cells expressing BRAFV600E. !

Thanks to Jia-Yun Chen 
for the cell line 



Genetic alterations affect division time which 
biases traditional sensitivity metrics



Model of interaction between mutation, division 
time and drug sensitivity



Division rate and sensitivity are confounded in 
traditional metrics of drug response



The bias of traditional metrics impacts 
pharmacogenomic studies



False-positive associations between IC50 and 
genotype are common

CDC73-loss slows growth, 
which artificially increases 
IC50 values.!

Data from Haverty et al., Nature 2016, 533, 333-7 



Efficacy (GRmax) correlates with genotype



1.  Theory of drug response!

2.  Experimental setup
•  Growth conditions and drug treatment
•  Data acquisition and quantitation
•  Strengths and limitations !

3.  Designing and analyzing experiments!

4.  Biological examples!



Basic experimental workflow

•  Grow (happy) cells!
•  Seed cells at appropriate densities in multi-well plates!
•  Deliver drugs to multi-well plates!
•  Stain and fix cells!
•  Image cells!
•  Extract quantitative data from images!



To consider before you start

•  How many cell lines do I want to test?!
–  Are they amenable to imaging?!

•  Are they adherent? Do they grow in a monolayer?!
–  How densely should they be seeded?!

•  How many drugs do I want to collect dose response 
data for?!
–  Are they DMSO soluble?!
–  What’s an appropriate dose range?!



Cell seeding

•  Seed plates at an appropriate density!
•  Use automation if possible!
•  Add barcodes to plates !



Cell seeding density influences growth rate...
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...which influences the dose response



Division rate differs across densities

Seeding density affects the number of divisions. !
!à IC50 and Emax are correlated with density. 



Drug delivery via pin transfer

•  For simultaneous delivery of many drugs!
•  For large scale experiments (many cell lines, 

conditions)!
•  Facilitates reproducibility!



Drug delivery via digital drug dispenser

•  For accurate delivery of a few drugs!
•  Pilot experiments- to identify appropriate doses !
•  Follow-up experiments!
•  Drugs that cannot be prepared in DMSO!



Treatment randomization
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Other considerations

•  Artefacts!
–  Edge effects!

•  Exclude outer wells !
•  Use humidified secondary containers!
•  Some cell lines are more sensitive than others!
•  Depends on the duration of the experiment!

–  Systematic bias from automation!

•  Randomization helps!!



Dye-drop assay reagents

•  Minimally-disruptive, reagent-sparing cell staining 
and fixation protocol!



Dye-drop assay protocol

•  Stain: Hoechst + LDR in 10% optiprep in PBS!
•  Fix: 4% formaldehyde in 20% optiprep in PBS!



Plate washer

•  Uniform and controlled aspiration and liquid 
dispensing!

•  Is repeat washing really that bad?!



Repeat washing can result in cell loss…

No	wash	 PBS	wash	x	1	 PBS	wash	x	2	



…that can bias your results



Image acquisition

•  Operetta microscope with plate hotel, barcode 
reader & robot!
–  Automated data collection for 40+ plates!



Image acquisition

Imaging	6	fields	of	view	@	10x		
captures	almost	the	enAre	well	



Image acquisition



Image analysis
1.	Segment	nuclei	

2.	Measure	LDR	signal	

3.	Classify	live/dead	cells	



Can I just count cells?



Strengths and limitations

•  Imaging based!
–  Best suited for adherent cells that grow in monolayer 

culture!

•  Image analysis can be time consuming!
•  Can go back and visually inspect imaging data!
•  Potential for multiplexing, immunofluorescence!
•  Fate of live cells unknown!
•  Reagent sparing!
•  Distinction between cytotoxic and cytostatic effects!



Other assays

•  CellTiter-Glo etc.!
–  Simple, no wash protocol!
–  Luminescence read-out, simple analysis, rapid results!
–  Treatment-induced changes in metabolic activity of cells can 

skew results!
•  Measurement of confluency !

–  Inaccurate!
–  Treatment-induced changes in morphology can skew results!



Take away messages

•  Include a t=0 plate!
•  Optimize conditions!

–  Seeding density per cell line!
–  Dose range per drug!
–  Duration of assay!

•  Automate as much as possible!



1.  Theory of drug response!

2.  Experimental setup!

3.  Experimental design and analysis
•  Scripting the design
•  Processing and analyzing data

4.  Biological examples!



Pipeline

1.  Designing experiment!
!

Running experiment!

2.  Processing data files!

3.  Evaluating sensitivity!
metrics!

Hafner*, Niepel*, Subramanian*, Sorger 
Curr Protoc Chem Biol, in press



Design



Additional notes: types of variables

•  Model variables:!
–  Treatment variables (drug, concentration, …)!
–  Condition variables (growth media, seeding density, …)!

•  Confounder variables:!
–  Plate model!
–  Assay date!

•  Readout variables!



Design example: testing 2 drugs across multiple 
doses in 2 conditions



Randomizing the position on the plate avoids 
biases and artefacts



Use Python and Jupyter notebooks to produce 
the experimental design



Use Jupyter notebooks to keep track of design 
steps and export drug layout



Limitations and space constraints in the design 
of plate-based experiments

•  Control wells (both negative and positive)!

•  Number of concentrations for dose-response curves !

•  Number of replicates !

•  Edge and plate-based effects !



Processing



Use Jupyter notebooks to import and annotate 
results from experiments



Check for unwanted biases using embedded 
functions



Analysis: data normalization and dose-response 
curve parametrization



Normalize the data to obtain the GR values



Fit a dose-response curve to obtain sensitivity 
metrics



GRcalculator.org can replace the last part of the 
protocol

Clark*, Hafner* et al., 
BMC Cancer, in review

Hafner*, Heiser* et al.,  
Sci Data, in review

GRcalculator.org



Note on the programmatic approach: advantages 
of scripts over UI-driven software

•  Permanent record of the design and data 
processing!

•  Jupyter notebooks simplify use and allow reuse of 
scripts!

•  Less prone to unnoticed errors (e.g. excel 
spreadsheets)!



1.  Theory of drug response!

2.  Experimental setup!

3.  Designing and analyzing experiments!

4.  Biological examples
•  Case study
•  Efficacy vs. potency



Profiling the response of triple negative breast 
cancer models to kinase inhibitors

!
•  Why study kinase inhibitors in TNBC?!

–  Unmet clinical need!
–  Patients have a poor prognosis, and no targeted 

therapy options !

•  GR metrics were used to enable comparisons 
across cell lines!

!



Selection of cell lines and drug treatments

20 TNBC

6 HR+

 4 Her2amp

 2 NM

4 from PDX 

X
24 kinase 
inhibitors

4 misc 
inhibitors 
3 chemo
4 DNA 
damage



Data collection workflow

72 hrs

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
A
B 1 8
C 2 9
D 3 29 10 30
E 4 11
F 5 12
G 6 13
H 7 14
I 15 22
J 16 23
K 17 24
L 18 25
M 19 26
N 20 27
O 21 28
P

A B

C D

36 hrs



Dose response results for one cell line



Dose response results for all cell lines



Diversity in response profiles…



…occurs in both potency and efficacy 
across cell lines and drugs

We aim to understand the biology underlying these differences with the goal of being 
able to predict the response of a cell line to a perturbation.



What about reproducibility?

•  Planning, and optimization!
•  Automate as much as possible, know how it works!
•  Script the experimental design and analysis!
•  Use appropriate metrics for your experiment!

!
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