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In-vitro drug -response studies in cancer are often
based on relative cell number quantifications
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Drug -response In cancer research and

conventional metrics based on relative cell number
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Metrics other than potency reveal systematic

variation in responses to cancer drugs
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Irreproducible pharmacogenomics and other
drug -dose response based studies

Inconsistency in large pharmacogenomic studies
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Irreproducible pharmacogenomics due to
irreproducibile IC50 and other metrics

Drug-dose response correlation between Cancer Genome Project(CGP) and
Cancer Cell Line Encyclopedia(CCLE):
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Rethinking drug -dose response metrics

Drug dose=0.1 uM Drug dose=3 uM

L)
[

1.0 = ®
3 3 2
(3] 2 o
) o —
O 1 O 4
= |ntreated == |ntreated
= treated = treated

o
o

0 72

Time (h) ' Time (h)

Relative cell number
-
.
|

1077 107 107
Drug concentration (M)

Marc Hafner



Normalized growth rate inhibition (GR) value

Cell count normalized
tot =0 count
N

2 tk(c)

—— untreated

— treated

Time (h) /2

GR(c) = 2k(©)/k(0) _ 1

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



GR values rely on three measures of cell count

Cell count normalized
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X0 X(c) is the treated cell count
Xy 1S the control cell count
Xy IS the cell count at the




GR values are independent of the division rate
and directly relate to the phenotype
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GR metric allows for an intuitive assessment of
phenotypic effects across cell lines and drugs
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GR metric allows for an intuitive assessment of
phenotypic effects across cell lines and drugs
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Cell seeding affects division time  which biases
traditional sensitivity metrics

Seeding density affects the number of divisions.
A IC., and E, ., are correlated with density.
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Genetic alterations affect division time  which
biases traditional sensitivity metrics

Etoposide sensitivity in HME RPE-1 cells with inducible
BRAFV600E expression.

Etoposide dose response curves
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Genetic alterations affect division time which
biases traditional sensitivity metrics

Etoposide potency
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Time-dependent GR metrics
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Time-dependent GR can reveals dynamic
changes in drug -response effects
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Decoupling cytostatic and cytotoxic drug :

responses by GR metrics

Viable cells
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Similar drug responses can be due to different
combinations of cell growth and death

Luminespib/NVP-AUY922
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GR metrics correct growth rate confounders In
pharmacogenomics and reveal true associations

Re-Analysis using GR metric of Genentech Cell Line Screening Initiative
(409 cell lines and 16 drugs):
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GR metrics correct growth rate confounders In
pharmacogenomics and reveal true associations

PTEN mutate ARE insensitive to Lapatinib
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GR metrics improve reproducibility between
pharmacogenomics studies

Comparison of drug-dose response for 9 drugs and ~100 cell lines in the
Genentech Cell Line (gCSI) and Cancer Therapeutic Response Portal (CTRP) studies:

Correlation between gCSl and CTRP data
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Conclusions on GR metrics as analytical tools
for reproducible drug -dose responses

GR metrics...

A ... eliminate confounders that act by cell division bias (cell
seeding, genetic background, etc...)

A ... can be extended to quantify time-dependent drug-response
and to decouple cytostatic and cytotoxic effects

A .. improve reproducibility in studies that rely on measuring
growth inhibition, such as in pharmacogenomics
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Experimental pipeline

1. Designing experiment

2. Running experiment

3. Processing data files

4. Evaluating sensitivity
metrics

Hafner*, Niepel*, Subramanian*, Sorger
Curr Protoc Chem Biol, 2018

Protocol 1:
Designing
experiment

Protocol 2:
Processing
data files

Protocol 3:
Evaluating
sensitivity
metrics
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Microscope || Running
or scanner ||experiment
Experiiti ¢ and measure
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Unprocessed
result files

ted file —@—) Quality control
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To consider before you start: cell lines

A How many cell lines do | want to test?
A Are they amenable to imaging?

A Are they adherent?

A Do they grow in a monolayer?

A How densely should they be seeded?

doses drugs

time

assay >
cell lines




To consider before you start: drugs

A How many drugs do | want to collect dose response
data for?

A Are they DMSO soluble?

doses
drugs

time

A How many dose points do | need?  assay
A Wh a tad appropriate dose range? 4:el ines
A How many time points do | want to test?

A How long should the assay run?
A What are the expected effects of drug treatment?



To consider before you start

96 or 384 well plates




Do | need to use the GR approach?

It depends on how you answered the previous
guestions.

Relative cell counts are valid when the untreated
controls do not change:

A Phenotype is not related to cell growth
A Untreated cells do not grow
A Short assays during which growth is negligible



Experimental design

Protocol 1:
Designing
experiment

Treatment list Plate list

| |
1 2

\ v

Well annotations Plate information
|

3

— VY

Treatment file
(D300/pin transfer)



Design scripts available at  github.com/datarail/datarail

@ e/ 0 GitHub - datarail/datarail: Dat. x D www.grcalculator.orgfgrealculs X

&« C' | & GitHub, Inc. [US] | https://github.com/datarail/datarail ¥ o

EE readme.md

Computational workflow for design of dose-response experiments

Installation
* The repository can be installed from command line as shown below

% git clone https://github.com/datarail/datarail.git

= To install dependencies and enable importing modules from any location on your local machine, cd into the
datarail folder, followed by the command below.

$ pip install -e

Getting started

» Set up the well and plate level metadata files as shown in datarail/examples

+ Start a Jupyter notebook or IPython session.

* The layout of drugs on doses across 96/384 well plates can be constructed using the code below. The pandas
dataframe dfm contains the desingned layout. Refer to datarail/examples for a detailed explanation with
examples.

import pandas as pd
from datarail.experimental_design import process_assay as pa
dfp = pd.read_csv('plate_level_metadata.csv')

dfm = pa.randomize_wells(dfp)
dfm.to_csv('dose_response_layout_metadata.csv', index=False)

» The metadata file can be exported to a .hpdd file that can be used by the D300 printer. The stock concentraion



Branch: master + | datarail [ datarail [ examples [ create_plate_layout.ipynb Find file = Copy path

ﬂ smkartik included relevant lines of code and documentation to export design to... do2gas3 4 days ago

1 contributor

145 lines (144 sloc)  4.53 KB < | E Raw Blame History | [J

The example script below demonstrates how a randomized plate layout can be generated from
an initial description (see input_file.csv) of the experiment

In [ ]t import pandas as pd
from datarail.experimental design import process assay as pa
from datarail.experimental design import plot plate layout as ppl
from datarail.experimental design import hpdd utils as hu
tmatplotlib tk

The input file (see input_ file.esv) should be broad description of the drugs and their concentrations and should contain the
following co. ans

agent : lists the names of drugs. Combinations are to specified as comma seperated sirings. For example -
‘agent1, agent2'

max_dose__um : lists the highest dose for each agent.

num_doses : lists the number of doses for each agent.

role : lists the intended role for each agent ' treatment', or ‘'positive_ control’

num_replicates : lists number of times the dosing schme of a drug (or a combination) is replicated on the
same plate.

equivalent : O if the combination should comprise of the full cartesian product. 1 if only equivalent doses
make up the combination

The plate levz! “e (see plate_id.cesv) should provide a description of plate level metadata. It should contain the following columns

oarcode: list of barcodes (plate identifiers)
cell_line: name of cell lines in each plate ([comma seperated names)
timepoint: time point corresponding to each plate. Set 1o time0 ctrl for plate that should be used as



create_plate_layout.ipynb

|

4.53 KB < = Raw

## Read in the plate level metadata file

dfp = pd.read csv('plate_id.csv')

# Construct and design file

pa.randomize wells(dfp, exclude outer=2) 9 Metadata table

dfr.to csv({'single agent design layout.csv', index=False)

ppl.plot summary(dfr,

## Plot and visualize layout of plates

y==» Treatment layout

'single agent design layout.pdf'

# Load file containing information on stock concentration for each agent

# Note that column names for the file should be 'name' and 'stock concentration'.
# Stock concentration should be provided in micromolar.

master =
€Y smkartik

In [ ]t
In [ ]:

dfr
In [ ]:
In [ ]:

dfs
In [ ]:

hu.export hpdd(dfr, dfs,

pd.read csv('stock concentration.csv')

# Export design specs to hpdd format

'single agent design layout.hpdd') 9 Treatment file

equivalent . U Il e COrmoirguun snouia COrmprise ail Y eguivdlenLl auses

make up the combination

e U Gartesidn prodauci, I Qrl

The plate level file (see plate_id.esv) should provide a description of plate level metadata. It should contain the following columns

barcode: list of barcodes (plate identifiers)
cell_line: name of cell lines in each plate (comma seperated names)
timepoint: time ooint corresponding 1o each plate. Set 1o time0 ctrl for plate that should be used as

Find file Copy



Set up library plates for pin transfer for large
scale experiments

Manual layout of drugs on source plates Randomized Library Plates
HE B E N lll=

Use controls to O6barcode



Use other automation for pilot, follow -up and
smaller experiments

Home Advanced Current Protocol

° S & Cut Wells O Paste E @

[l Copy Wells Paste Special
Run Undo Set Titration |Targeted | Synergy Quick Enzyme PCR Normalize Randomize = One Al
- Copy All Wells Value Titration Plate  Profile M - Plate  Plates
Clipboard View
Fluids = Plates = -—— +
AURKA
0.16 pl ) _
Plate 1 - 171108_DDD_69 Additional volume: 60 uL  DMSO limit: 2%

D
0.50 pL ¢

Etoposide

1584l ©é

Normalization 1Il]




Design steps to improve reproducibility

A Randomization of the treatments across multiple
technical replicates

A Standardize nomenclature, barcode plates

A Control for plate bias (across day 0 plate; positive &
negative controls across treatment plates)

A Robotic treatments with the D300 or pin transfer
A Exclude edge wells whenever possible



Randomization can mitigate edge effects
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Running the experiment

Treatment file

(D300/pin transfer) _
-3 Microscope Runnl_ng
or scanner  experiment
Experiment ¢ and measure
I readout
| Unprocessed

result files



Experimental design is complete. Now what?

A Grow (happy) cells

A Seed cells at appropriate densities in multi-well plates
A Deliver drugs to multi-well plates

A Stain and fix cells

A Image cells

A Extract quantitative data from images

L




Cell seeding

A Seed plates at an appropriate density from parent
plates in log-phase growth

A Use automation if possible
A Barcode plates to keep track of them




Cell seeding density influences growth rate...

Average division rate
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..which influences the dose response
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Drug delivery via pin transfer

A For simultaneous delivery of many drugs

A For large scale experiments (many cell lines,
conditions)

A Facilitates reproducibility




Drug delivery via digital drug dispenser

A For accurate delivery of a few drugs

A Pilot experiments- to identify appropriate doses

A Follow-upex peri ments, Ohito
A Drugs that cannot be prepared in DMSO

\Y



No automation? Use serial dilutions

Transfer Transfer Transfer Transfer Transfer
700 nL 700 nL 700 nmL 700 nL 700 nL

NN N NN

1200 nL 400 nL 400 nL 400 nL 400 nL 400 nL
1000 nM media media media media media
drug in media

® -




and multichannel pipettes

1000nM 636nM 405nM 258nM 164nM 104nM
drug in media  drug drug drug drug drug




Dye-drop assay reagents

A Minimally-disruptive, reagent-sparing cell staining
and fixation protocol

- labeling&

- labeling& detection
detection sz
S g
molecular : molecular 2
j S robes 3 ¥
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Dye-drop assay protocol

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




Plate washer

A Uniform and controlled aspiration and liquid
dispensing

A Is repeat washing really that bad?



Repeat washin can r es.

PBS wash x 1 PBS wash x 2
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Image acquisition

A Operetta microscope with plate hotel, barcode

reader & robot
I Automated data collection for 40+ plates

e




mage acquisition

Imaging 6 fields of viev@ 10x
capturesalmostthe entire well
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Can | just count live cells?

GR value

100

Increased cell death (%)



Strengths and limitations of the dye  -drop assay

A Imaging based

I Best suited for adherent cells that grow in monolayer
culture

A Image analysis can be time consuming

A Can go back and visually inspect imaging data

A Potential for multiplexing, immunofluorescence
Reagent sparing

Distinction between cytotoxic and cytostatic effects

To To I

Fate of live cells unknown



Other common dose response assays

A CellTiter-Glo etc.
I Simple, no wash protocol
I Luminescence read-out, simple analysis, rapid results

I Treatment-induced changes in metabolic activity of cells can
skew results

A Measurement of confluency

I Inaccurate
I Treatment-induced changes in morphology can skew results
Staurosporine Vincristin
g 1 1
S 08 08
= 06| 06
'% 04 04
E 02} 02
0 0
3 2 1 0 3 2 1 0
Concentration (uM) Concentration (uM)

Fixed OptiPrep Live CTG




Example of artefact with a CDK4/6 inhibitor
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Take away messages

A Include a t=0 plate

A Optimize conditions, be consistent

I Seeding density per cell line
I Dose range per drug
I Duration of the assay

A Automate as much as possible




Data processing

Well annotations Plate information

Microscope
or scanner

v

Unprocessed
result files

Protocol 2:
Processing
data files

—» Quality control




Data analysis

Annotated file

1

Y

Protocol 3: Normalized file

Evaluating \
sensitivity 2 Dose-response
metrics plots
7

Sensitivity metrics




datarail [ datarall { examples [ Merge columbus output with plate and well level metadata files.ipynb

ﬂ smkartik updated merging data and plotting gr metrics script. abfibcs 4 days ago

1 contributor

577 lines (576 sloc)  16.5 KB o | B Raw Blame @ History ]

In [l1]: from datarail.experimental design import merge data metadata as mdm
import pandas as pd
import gr50

Load columbus output, metadata and plate info files. Ensure that column heading are as shown in the below example input files

In [2]: dfo = pd.read table('columbus cutput.tsv')

dfo.head () Raw quantified image data
Out[2]: barcode | date Row | Column | well | cell_count__total | corpse_count | cell_count__dead | cell_count
0| MH1_01 | 2016-06-06 12:34:56 | 3 3 C03(511.0 32.0 12.0 489.0
1| MH1_01 | 2016-06-06 12:34:56 | 3 4 c04 (511.0 30.0 12.0 499.0
2| MH1_01 | 2016-06-06 12:34:56 | 3 5 C05 [ 526.0 32.0 12.0 514.0
3| MH1_01 | 2016-06-06 12:34:56 | 3 6 C06 [484.0 38.0 15.0 479.0
4| MH1_01 | 2016-06-06 12:34:56 | 3 7 cO7 [507.0 28.0 13.0 494.0
In [3]: dfm = pd.read csv('example metadata.csv') .
dfm.head|() Metadata from design
Out[3]: agent | concentration | role | well | randomization_scheme | timepoint | barcode | cell_line
0| MNaM | NaN MNaMN|CD3 |0 timeQ_ctrl | MH1_01 |CL_1
1| MNaMN | NaN MNaM | C04 |0 timeQ_ctrl | MH1_01 | CL_1

2| NaN |MNaN NaWN | CO05 [0 timeQ_ctrl [ MH1_01 | CL_1



In [7]:

In [8]:

In [9]:

In [10]:

In [11]:

In

1:

Generate counts file in the format required by the GR calculator Normalized count table

df counts = mdm.generate GRinput(dfcw)

Compute GRvalue GR values

df grv = gri0.compute gr(df counts)

Compute summary GR metrics Summary GR metrics

df grmetriecs = gr50.gr metrics({df grv)
from datarail.experimental design import plot gr dose response as plot

plot.plot dose response(df grv, df grmetrics) Summary p|otS



Analysis output files

cell_line
Hs578T
Hs578T
Hs578T
Hs578T
Hs578T
Hs578T
Hs578T
Hs578T
Hs578T
Hs578T
Hs578T
Hs578T
Hs578T
Hs578T
Hs578T
Hs578T
Hs578T
Hs578T
Hs578T
Hs578T
Hs578T
Hs578T
Hs578T
Hs578T
Hs578T

Hs578T
HeCT7QT

treatment
AZD1775
AZD1775
AZD1775
AZD1775
AZD1775
AZD1775
AZD1775
AZD1775
AZD1775
AZD1775
AZD1775
AZD1775
AZD1775
AZD1775
AZD1775
AZD1775
AZD1775
AZD1775
AZD1775
AZD1775
AZD1775
AZD1775
AZD1775
AZD1775
AZD1775

AZD1775
A70A177C

concentratio cell_count

0.001
0.001
0.001
0.00316228
0.00316228

0003 Normalized count table

0.01

0.01
0.03162278
0.03162278
0.03162278
0.1

0.1

0.1
0.31622777
0.31622777
0.31622777
il

1

a
3.16227766
3.16227766
3.16227766
10

10
1N

3161
3398
3493
2768
2742

2108
2268
1595
1742
1727
1527
1339
1662
1178
1077
1304
1013

944
1030

830

839
1028

485

439
ccT

3837.666667
3837.666667
3837.666667
3837.666667
3837.666667

3837.666667
3837.666667
3837.666667
3837.666667
3837.666667
3837.666667
3837.666667
3837.666667
3837.666667
3837.666667
3837.666667
3837.666667
3837.666667
3837.666667
3837.666667
3837.666667
3837.666667
3837.666667

3837.666667
2027 cocceT

cell_count__ctrl cell_count__time0 time

875.2694805
875.2694805
875.2694805
875.2694805
875.2694805
875.2694805
875.2694805
875.2694805
875.2694805
875.2694805
875.2694805
875.2694805
875.2694805
875.2694805
875.2694805
875.2694805
875.2694805
875.2694805

GR metrics

875.2694805
875.2694805
875.2694805
875.2694805
875.2694805

875.2694805
Q7C 27cOAQNE

72
72
72
72
72
72
72
72
72
72
72
72
72
72
72
72
72
72

72
72
72
72
72
72

72
-9

GR values



