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Cell Biology in Discovery and Early 
Development

Cell Biology in Discovery and Early 
Development

• Perturbation (chemical, genomic, other) of living cells 
and detailed study of effect on phenotype

Human-like, complexity, price

Simplicity, through-put
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High Throughput AssaysHigh Throughput Assays

• High and UH density plates
(96 / 384 / 1536 wells)

• Cell culture in each well
receives specific treatment

• Traditional large scale assays 
measure single output from 
each well – gross average of 
cell population 
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Microscopy: Studying Cell PhenotypesMicroscopy: Studying Cell Phenotypes
• Cell morphology
• Nuclear morphology
• Organelles and internal

structure
• Cell membrane
• Quantification of protein

abundance
• Location and translocation
• ….  

Measured features are diverse and may be numerous (100s)
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• HCA/S data are rich in: 
1. breadth – multiple diverse features of each cell

2. depth – allows simultaneous examination of  
numerous individual cells 

• Used in compound screening to lead optimization, as well
as target discovery, target validation and safety

High Content Analysis/ScreeningHigh Content Analysis/Screening
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No HGF
(Clumped Population)

HGF Treated
(Scattered Population)

Cell Population-based AnalysisCell Population-based Analysis

Comparison of internuclear
distance mean, standard deviation, 
and calculated percentage of 
scattered cells in control and HGF-
treated wells.471555HGF treated

5.91639Control

% Scattered 
Cells1

Spacing SOI 
Std. Dev. 
(pixels)

Spacing SOI 
Mean 

(pixels)

1Scattered cells calculated using SOI population-based method.

Chan et al. J. Biomol. Screen. (2008) 13:847-854

Distribution of SOI Internuclear Distance Among
HGF-Treated and Untreated Cell Populations
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Characterising Distributions
with Quantiles

Characterising Distributions
with Quantiles

• Summary description of 
distribution by sequence 
of quantiles and 

• Spread: d = q(90) – q(10)
q(0.1)=-1.28

q(0.75)=0.67
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Characterising Distributions
with Quantiles

Characterising Distributions
with Quantiles

• Summary description of 
distribution by sequence 
of quantiles and 

• Spread: d = q(90) – q(10)
q(0.1)=-1.28

q(0.75)=0.67
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GR-GFP nuclear translocation
(primary effect)

- Dexa + Dexa

GR-GFP
DNA
F-actin

Nuclear foci formation
(secondary effect)

Example: Small Molecule Screen for 
Receptor Translocation

Example: Small Molecule Screen for 
Receptor Translocation

• 1536 well format imaging assay
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Small Molecule Screen: GoalsSmall Molecule Screen: Goals

• Develop hit selection method based on known 
control compounds

• Find the most relevant features

supervised classification
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Growing a (Random) ForestGrowing a (Random) Forest

Training Data:
M1, M2, M3, M4, M5, M6, M7, M8, M9, M10
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Growing a (Random) ForestGrowing a (Random) Forest

Training Data:
M1, M2, M3, M4, M5, M6, M7, M8, M9, M10
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Growing a (Random) ForestGrowing a (Random) Forest

Training Data:
M1, M2, M3, M4, M5, M6, M7, M8, M9, M10

M1  M2  M2  M3  M4  
M4  M5  M6  M9  M10

M1  M2  M3  M6  M7  
M7  M9  M9  M10 M10

M1  M2  M3  M3  M4  
M5  M5  M8  M8  M10

M2 M3 M4 M4 M5 
M5 M5 M6 M7 M9

… ...
Draw random samples

T1 T2
T3 TN

… ...

Tree Growing Algorithm
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Ensemble Prediction with a ForestEnsemble Prediction with a Forest

This guy is 
active!

I say 
“inactive”!

Looks  active 
to me…

I guess it’s 
inactive.

I know it’s 
“active”!

Looks sort 
of active…

N

N
H NH2

O

F
F
F OH

As active 
as can be!
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Random Forests:
Our Swiss Army Knife

Random Forests:
Our Swiss Army Knife

• The Random Forest classifier
– is a powerful and flexible classifier that has 

excellent prediction performance on data from 
diverse areas

– has internal feature ranking/selection for the task 
at hand

– handles well large number of variables even 
when correlated

– provides probability estimates of class 
membership



Example: Feature Importance (RF)Example: Feature Importance (RF)
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across the 
distribution
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Example: Feature Importance (RF)Example: Feature Importance (RF)
Strongly 
separating
feature seen 
across the 
distribution

Feature 
separating
In the upper tail
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GR: Scores for A# Compounds (Random Forests)
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GR: Scores for A# Compounds (Random Forests)
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Example: Exploratory Study of Cell 
Signaling Pathway

Example: Exploratory Study of Cell 
Signaling Pathway
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Cell Signaling Pathway: 
Cell Sub-populations 

Cell Signaling Pathway: 
Cell Sub-populations 

log(Integrated.Inner.Intensity.W2, base = 2)
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Capturing Cell Sub-populations with 
Mixture Models

Capturing Cell Sub-populations with 
Mixture Models
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A plate with little 
separation 
between 
negative and 
positive controls

A plate with good 
separation 
between negative 
and positive 
controls

Composite Q-Scores for Multiple 
Controls and Channels

Composite Q-Scores for Multiple 
Controls and Channels
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Composite Q-Scores for Multiple 
Controls and Channels

Composite Q-Scores for Multiple 
Controls and Channels

• Compute the q quantile (e.g. 90th percentile for 
effects in right tail of distribution) for the controls and 
each sample well on a plate

q1 = {qsample – qpos1} / {qneg – qpos1}

q2 = {qsample – qpos2} / {qneg – qpos2}

• Compute q-scores for each of the fluorescence 
channels and combine according to goal of study
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What have we used?What have we used?

• Summary of distributions using quantiles enabling 
comparison and additional analysis

• Mixture modelling of cell sub-populations for 
extraction of relevant parameters

• Supervised classification based on stochastic 
ensemble training and prediction for hit selection

• Composite scores that correspond to biological 
processes 
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Take Home MessageTake Home Message

• No two studies are the same: need array of statistical 
methods, simple as well as complex, and a flexible 
approach to carefully match the tools to the scientific 
questions.
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Thank YouThank You
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