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Abstract

Advanced microscopy and corresponding image analysis have evolved in recent years as a compelling tool for
studying molecular and morphological events in cells and tissues. Cell-based High-Content Screening (HCS) is
an upcoming technique for the investigation of cellular processes and their alteration by multiple chemical or
genetic perturbations. The analysis of the large amount of data generated in HCS experiments represents a
significant challenge and is currently a bottleneck in many screening projects. This article reviews the different
ways to analyse large sets of HCS data, including the questions that can be asked and the challenges in interpret-
ing the measurements. The main data mining approaches used in HCS are image descriptors, computations,
normalization, quality control methods and classification algorithms.
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Introduction

Cell biologists are the psychiatrists of the cellular world.
They observe cell “behavior” through a microscope. The
microscopes are a boon to cell biologists. The daily work of
cell biologists is based on microscopy. Particularly, fluores-
cent microscopy has enabled multifaceted insights into the
detail and complexity of cellular structures and their func-
tions for well over two decades. As an essential prerequi-
site for a systematic phenotypical analysis of gene func-
tions in cells at a genome-wide scale, the throughput of mi-
croscopy had to be improved through automation. Along
with the introduction of the first automated fluorescent im-
aging systems in the late 90’s the term ‘High-Content Screen-
ing” was coined and introduced. HCS is defined as multi-
plexed functional screening which is based on imaging mul-
tiple targets in the physiologic context of intact cells by ex-
traction of multicolour fluorescence information. There are
a number of advantages of HCS over other screening tech-
nologies. First of all, cell-based assays reflect high physi-
ological relevance particularly with regard to drug screen-
ing the response is not limited to a single target but rather to
a whole cell containing thousands of targets. Putative cyto-
toxic (side) effects are discovered early on. Secondly, single

cell analysis reflects the heterogeneity of cell populations
as well as their individual response to treatment. Simulta-
neous staining in 3 or 4 colors allows the extraction of vari-
ous parameters from each cell quantitatively as well as quali-
tatively such as intensity, size, distance and distribution (spatial
resolution). The parameters might be referenced to each
other, for example the use of nuclei staining to normalize
other signals against cell number, or particular parameters
can verify or exclude each other. Hence, HCS is well known
methodology to generate low false-positive and false-nega-
tive results.

An essential factor for the success of high content screen-
ing projects is the existence of algorithms and software that
has made invaluable contribution to the various scientific
fields and which can reliably and automatically extract in-
formation from the masses of captured images. In general,
nuclei are identified and masked first. Then areas around
the nuclei are determined or the cell boundaries are searched
to mask the cell shape. Dyes that stain not only chromo-
somal DNA in the nucleus but also mRNA in the cytosol
help to identify the shape of cell. Nuclei may be counted
along with extraction of additional parameters such as shape,
size, substructures like spots, or intensity. Subsequently, the
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Figure 1: The key steps necessary for conducting a data flow of high-content image based screening. In this figure the
pipeline depicts the essential steps for conducting a data flow of high-content image based screening that comprise instru-
ment management (logistic — booking systems), data acquisition using automated microscopy, automated image processing,
normalization together with quality control, data storage using relational databases, archiving on tape storage system, data
analysis including data modeling and visualization for hit definition and as last step bioinformatics. Highlighted parts in this

figure are our focus of discussion in this paper.

masks are laid over the image(s) of the other channel(s)
and signals within the masks are measured. Most of the
advanced automated microscopes are delivered with pro-
prietary image analysis solutions for a broad range of bio-
logical events. For popular assays at the sub-cellular level
such as cell cycle analysis (mitotic index), cytotoxicity,
apoptosis, micronuclei detection, receptor internalization,
protein translocation (membrane to cytosol, cytosol to
nucleus, and vice versa), co-localisation and cytoskeletal
arrangements has became very easy to perform using HCS.
The morphological analysis at the cellular level such as neu-
rite outgrowth, cell spreading, cell motility, colony forma-
tion, or tube formation, ready-to-use scripts are available
and need only some fine-adjustment for the particular cell
line and/or conditions of the assay. Besides the packages
provided by the microscope suppliers, a number of com-
mercial and open source products are available that can be
used alternatively.

RNA interference (RNAI) has become a method of choice

for functional genomics studies in vertebrates and inverte-
brates. RNA. refers to the biological process by which short
interfering RNA (siRNA) after incorporation into the RNA
induced silencing complex (RISC) degrades complemen-
tary messenger RNA (mRNA) sequences. Presently avail-
able analysis methodologies for large-scale RNAI data sets
typically rely on ranking data and are based on single image
descriptor (feature) or significance value (Boutros et al.,
2004; Moffet et al., 2006; Kittler et al., 2004). HCS data
analyses focus on the identification of highly active siRNAs,
which typically fall within the top 1% of the assayed activi-
ties, and ignore much of the remainder of the data set. Fur-
thermore, these strategies do not exploit redundancies in
genome-scale libraries, which typically contain 2—4 siRNAs
per gene. Thus, it is difficult to systematically identify genes
for which multiple sSiRNAs are active across a screen, which
do not fall within an upper threshold (that is, moderately
active siRNAs). As a complete HCS experiment might in-
volves up to hundreds of plates, therefore the image pro-
cessing result sets can vary greatly in size. As the cost of
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Name

Description

Source

HC/DC

HC/DC ia a modular and extendable data
exploration platform for data mining of large
datasets, developed at University of Konstanz with
the collaboration of KNIME, that enables the user
to visually create data pipelines, analyse the
datasets and get the information from data in the
form of result.This software offers the functions
like library handling, quality control, workflow
management and support machine learning and
statistics. It integrates computational service of
well known Weka data mining environment and
R-Projects.The architecture of HC/DC is based on
the KNIME platform and the Eclipse plug-in
framework.

http://hcdc.ethz.ch

Spotfire

Spotfire is an interactive data visualization and
analytical tool that enables screeners to graph very
large datasets for the purpose of identifying
outlying data points (e.g. hits)and for comparing
datasets.It is very fast and has intuitive user
interface.It has connectivity to ISIS host and
provides various structure related analyses.It
integrates computational service for R-Project,S-
PLUSL and connects SAS files.

http://www.spotfire.com

Batelle Visua

Batelle Visua is visual data mining tool with
intuitive  user interface that mines in
multidimensional space with very large sets of
numerical,categorical,chemical and textual
data.This software supports function like, feature
extraction(relativity tool),dimensionality reduction
for visualization, cross-platform
compatibility(runs under Solaris, Windows and
Linux).It has OmniVizl plug-in interface for user
scripts and tools

http://www.omniviz.com

R-Project

R is an open source statistical analysis software,
similar to S-plus that provide a wide variety of
statistical (linear and nonlinear modeling, classical
statistical tests, time series analysis, classification,
clustering etc.and graphical techniques can be
considered as a different implementation of S
which was developed at Bell Laboratory .It
compiles and runs on a wide variety of UNIX,
Windows and Mac OS platforms. For
computationally intensive tasks, C, C++ and
FORTRAN code can be link with this and called
at runtime.It can be easily extended via packages.

http://www.r-project.org
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Insightful

Insightful is a highly scalable data mining
workbench for new data miners and skilled
analytic professionals that support the entire data
mining life cycle. It is value added implementation
of S language originally born in Bell’s laboratory
that provides modules and packages for specific
applications like clinical
trails,wavelets,optimization etc.lt has many
features of R-Packages and extended features for
robust and nonparametric multivariate
analysis,graphics,etc.

http://www.insightful.com

Umetricsis

Umetricsis is the leader in software for design of
experiments and multivariate data analysis for the
individual user as well as for on-line continuous
and batch processes.Umetrics adds value to
business by bringing out the valuable information
from the data.An Enterprise platform comprises
unlimited use of MODDE and SIMCA-P (soft
independent modeling of class analogies
products), software validation reports, technical
supports and manuals to all users.

http://www.umetrics.com

Mathworks

The Mathworks leads very important role in
computational  biology, complementing the
MATLAB and Simulink applications for the life
sciences that customers already rely on to import
data, analyze and visualize data, model biological
systems, communicate results, deploy applications
and increase computing performance. It functions
for integrating MATLAB based algorithms with
external applications and languages, such as C,
C++, Java, COM and Microsoft Excel.

http://www.mathworks.com

Partek

Partek software is highly optimized for incredibly
fast computations to today’s large scientific
experimental data. This is a software for data
mining and knowledge discovery based on
statistical methods, data visualization, neural
networks, fuzzy logic and genetic
algorithms.Partel offers several software solutions
for different applications.For example,Partek
Genomics Suite,Partel  discovery suite,Partek
screening solution,Partek QSAR solution etc.

http://www.partek.com

CellMine

CellMine is developed specifically for HCS
application. It is web based instrument agnostic
software for storing and mining cell-based assay
data. It integrates screening data with images and
facilitates linkage to complementary discovery
data and compound information.It unlocks the
value of cell-based assays by facilitating improved
lead selection and optimization. CellMine is built
on Biolmagene’s 3i specially designed for image
management solutions for the life science
industry.

http://www.bioimagene.com
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AcuityXpress

AcuityXpress is the cellular informatics software
for the Total Imaging Solution from Molecular
Devices and it has been specifically designed to
address the needs of high content data analysis at
enterprise level.lt integrates image acquisition,
image analysis and informatics. This integration
enables direct linkage of data analysis with the
original images.

http://www.AcuityXpress.com

Genedata

Genedata software solutions enable scientists to
process, integrate, analyze, and manage large and
complex experimental data sets generated by high
throughput  technologies.  Solutions include
Genedata Phylosopher for target discovery and
integrative biological data management, Genedata
Screener for automated high throughput screening
and high content screening, and Genedata
Expressionist for biomarker discovery and
personalized medicine. Genedata is privately held,
with headquarters in Basel, Switzerland.

http://www.genedata.com

Pipeline Pilot

Pipeline Pilot is the famous graphical workflow
programming software from SciTegic/Accelrys.
This software is based around a powerful client-
server platform that lets you construct workflows
by graphically combining components for data
retrieval, filtering, analysis, and reporting.
Different client interfaces to the Pipeline Pilot
platform enable you to work in the environment
that best suits your needs. Pipeline Pilot is
designed to meet critical requirements of the
informatics professional: an agile development
environment, fast and secure deployment, minimal
maintenance costs, and application extensibility.

http://www.scitegic.com

Cluster/Treeview

Cluster and TreeView are programs that provide a
computational and graphical environment for
analyzing data from DNA  microarray
experiments, or other genomic datasets. The
program Cluster organizes and analyzes the data
in a number of different ways.TreeView allows
the organized data to be visualized and browsed.
Although it is the standard for hierarchical
clustering and viewing dendrograms,this software
also creates self organizing maps and performs
principal-components analysis.

http://rana.lbl.gov/EisenSoftware.htm

GeneCluster 2.0

GeneCluster 2.0 is a software package for
analyzing gene expression and other bioarray data,
giving users a variety of methods to build and
evaluate class predictors, visualize marker lists,
cluster data and validate results. It includes
algorithms  for building and testing supervised
models using weighted voting and k-nearest
neighbor algorithms, a module for systematically
finding and evaluating clustering via self-
organizing maps, and modules for marker gene
selection and heat map visualization that allow
users to view and sort samples and genes by many
criteria. GeneCluster 2.0 is a stand-alone Java
application and runs on any platform that supports
the Java Runtime Environment version 1.3.1 or
greater.

http://www-genome.wi.mit.
edu/cancer/software/genecluster2/gc2.html

J Comput Sci Syst Biol

Volume 2(4): 219-239 (2009) - 223

ISSN:0974-7230 JCSB, an open access journal



Journal of Computer Science & Systems Biology - open Access
www.omicsonline.com

Review Article

JCSB/Vol.2 July-August 2009

RELNET

RELNET (Relevance Networks Software) is a
software tool that allows genomics and
bioinformatics researchers to construct relevance
networks from their gene expression data. The
software is written in Java, and a license for the
source code is also available. There are three main
advantages to using relevance networks: Negative
associations are shown, Disparate data types can
be included in the same analysis (i.e. clinical,
expression, and phenotypic), Multiple connections
are allowed for each gene.

http://www.chip.org/relnet

CellHTS2

CellHTS2 is a software package implemented in
Bioconductor/R to analyze cell-based high-
throughput RNAI screens.The cellHTS2 package
is the new version of the cellHTS package,
offering improved functionality for the analysis
and integration of multi-channel screens and
multiple screens.

http://www.dkfz.de/ signaling/cellHTS/

Weka

Weka is a collection of machine learning
algorithms for data mining tasks. The algorithms
can either be applied directly to a dataset or called
from your own Java code. Weka contains tools for
data pre-processing, classification, regression,
clustering, association rules, and visualization. It
is also well-suited for developing new machine

http://www.cs.waikato.ac.nz/ml/weka/

learning schemes.

Table 1: Some freely available software for High Content Screening analysis.
Many commercial life sciences workflow products make heavy use of open source and publicly available software for pre-
and post-processing analysis of screening data. Those software can be used to perform the all the analytical techniques

described in this article. Some of them are listed below.

SiRNA continues to drop, it is clear that HCS has become
more integral to the drug discovery process. In addition to
the obvious use of functional genomics in basic research
and target discovery, such as finding siRNA which target
genes in significantly different patterns across samples, there
are many other specific uses in this domain. To investigate
patterns a good data mining package is require. Many free
and commercial software packages (Table 1) are now avail-
able to analyse HCS data sets, although it is still difficult to
find a single off-the-shelf software package that answers
all questions related to RNAI silencing. As the field is still
young, when developing a bioinformatics analysis pipeline,
it is more important to have a good understanding of both
the biology involved and the analytical techniques rather than
having the right software. This article reviews the different
ways to analyse HCS data, and will concentrate on select-
ing the appropriate method for the particular data analysis
step.

Data Normalization

HCS has already proven to be a successful method to
deliver more relevant information simultaneously in one ex-
periment, rather than delivering a single readout in a series
of sequential experiments (Johnston and Johnston, 2002;
Giuliano et al., 2003; Taylor et al., 2003; Monk, 2005). A
prototype scenario might be the series of simultaneously
available readouts obtained from a cellular assay. One pa-
rameter identifies cells (i.e. membrane dye at first wave-
length), another determines the stage of mitotic change (e.g.
fragmented and condensed nuclei at a second wavelength)
and a third parameter classifies the apoptotic stage using
morphological criteria at a third wavelength. Certainly, these
analyses can already be performed almost automatically with
very high throughput.

The hypothesis underlying HCS data analysis is that the
measured image descriptors for each single siRNA repre-
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Figure 2: Location of controls on a 384-well plate. In a screening process, the designed biological assay is performed by
using a robot to add the cells and specific reagents (siRNA) to each well, which already contain different oligonuceotide or
control. After incubation or other required manipulations, fluorescence images are acquired for every well by automated
microscope. These raw data represent the images of each oligonucleotide or control against a specified target. (a) Generally,
in a siRNA experiment, 256 different oligonucleotide (blue) are stored in the middle of a 384-well plate and wells on the first
two and last two columns are left empty (b) Ideally, controls should be located randomly among the 384 wells of each plate.
Only the first two and the last two columns are typically available for controls. Despite this limitation, edge-related bias can be
minimized by alternating the sixteen positive controls (red) and the sixteen negative controls (yellow) in the available wells,
such that they appear equally on each of the sixteen rows and each of the 4 available columns.

sent its relative number of observed objects to the fluores-
cence image. A well-defined and highly sensitive test sys-
tem requires both quality control and accurate measure-
ments. Within-plate reference controls are typically used
for these purposes (Fig 2). Controls help to identify plate-
to-plate variability and establish assay background levels.
Normalization of raw data removes systematic plate-to-plate
variation, making measurements comparable across plates.
Systematic errors decrease the validity of results by either
over or under estimating true values. These biases can af-
fect all measurements equally or can depend on factors such
as well location, liquid dispensing and signal intensity. Al-
though recent improvements in automation can minimize bias,
and thereby provide more reproducible results, equipment
malfunctions can nonetheless introduce systematic errors,
which must be corrected at the data processing and analy-
sis stages.

Interpretation of experimental data is often improved, when
it can be compared with results from earlier experiments
(run). Normalization is the process that is prerequisite for
comparability which ensures that data can be compared ‘out
of the box’, and the details of the experiments are known so
that, they can be considered during the comparison. An el-
ement of this normalization process is shown in FIG. 3a and

FIG. 3b: a common source of false-positives or false- nega-
tives are plate patterns (i.e. systematic errors that shift the
assay signal depending upon the position of the sample on
the plate). In this case for normalization global global nor-
malization median centering has been used which multiplies
each image processing parameter by a constant such that
the median value is zero (for log-transformed ratios). This
type of normalization method tends to decrease distances
between siRNA by moving patterns from each end of the
scale toward the center.

Number of normalization steps should be carried out to
eliminate low-quality measurements of the data, to adjust
the measured image descriptors, and to select siRNA that
significantly give a target effect. The experimental design
and usage of biological and/or technical replicates affects
the choice of the normalization methods. Generally, normal-
ization removes all non-biological variation introduced in the
measurements. This can be achieved either by using self-
consistency methods like global normalization (describe later
in this section), linear regression, LOWESS (Locally
Weighted Linear Regression), or by using quality elements
such as self-normalization, controls. Depending on the ex-
periment, normalization is used in different ways. It has to
be distinguished between within-run normalization, paired-
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Figure 3: Data normalization as a prerequisite (tool) for successful use in a broader project-spanning context: an example. In
a) and b): a common source of false-positives or false-negatives are plate patterns (i.e. systematic errors that shift the assay
signal depending upon the position of the sample on the plate). Mean centering has been used as normalization method.
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Figure 4: This figure depicts (left) log2-transformation and (right) the mean of intensity curve of a time series in normal
(blue) and logarithmic space (magenta).
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oligonucleotide normalization for dye-swap pairs, and mul-
tiple-siRNA normalization (scaling between plates). In each
case one can use all siRNA on a plate or a set of control
SiRNA as the set of genes used for normalization. The data
for each siRNA are typically reported as image descriptors
(example: number of cells) or as the logarithm of those de-
scriptors. The descriptor ratio is simply the normalized value
of the parameter for a particular sSiRNA oligonucleotide in
the query sample divided by its normalized value for the
control.

Here, we will present an example of data normalization
based on RNA.i screens in cultured human cells, combining
reverse transfection by siRNA cell arrays and automated
time-lapse fluorescence microscopy. Measured siRNA to
be a true hit is a function of at least two factors (Malo et al.,
2006): the siRNA true hit and random error. Symbolically,
one simple additive model might be y, = .+ . where
¥;, is the observed raw measurement obtained from the
well located on row i and column j on the p™ plate, ip is
the “true’ hit and is the effect of all sources of error.
Assuming no bias, the ;,’s are assumed to have zero mean
and a specified probability distribution (e.g., normal). An-
other simple model isy, = , +r_+¢c + , whererand
c represent plate-specific row and column artifacts, respec-
tively, and i represents remaining sources of error. Fur-
ther we will illustrate two most used in HCS normalization

approaches.
Logarithmic Transformation

Almost all results from HCS experiments are image de-
scriptors. That means, that positive controls and siRNA hit
should be represented by a range of 1<x;<+8, whereas nega-
tive controls are represented by a range of 0=x,<1. To over-
come this discrepancy the data is usually transformed into
logarithmic space, whereas the upregulated siRNAs are
assigned to positive and down regulated siRNAs are as-
signed to negative (Fig 4).

A second property of this transformation is that the data
is represented in a more “natural” way. In most cases the
logarithmus dualis (log2) is used instead of logl0 or
logarithmus naturalis (In), because of the better scaling
and the more natural understanding of differences between
positive and negative values.

Mean or Median Centering

A simple but efficient method is ‘median’, which is used
to quantify the spatial-trend structure of an assay plate, and
enables predicting systematic deviations from the expected
spatial or timely behavior of the experimental parameters.
Approaches that are more advanced than the simple me-

dian polish approach, which are shared by many software
packages, have proven successful: methods such as global
parametric models that model the experimental data with
the assumption that one model, one global image descriptor
value, is applicable and valid for the complete data set. These
methods are well-suited for characterizing the general shape
of signal drifts. At present many published HCS series con-
sist of a large number of cancer samples, all compared to a
common reference sample (positive/negative control) con-
sist of a collection of cell-lines. It is advantageous to make
screen with one plate only having controls and use it as
independent reference between replicates and runs. In such
situation control is independent from the real replicate/run
and the analysis is preferred to be independent from the
image descriptor observed in the control and that is exactly
what can be achieved by mean and/or median centering.
After applying this procedure the values of each single SIRNA
reflect the variation from some property of the series of
observed values such as the mean or median (FIG. 5). It
makes less sense in one replicate/run where the control is
part of the experiment, as it is in many time courses. It is
important to know about upregulation or downregulation of
oligonuceotide and the distance of sSiRNA from each other,
since this procedure tends to decrease distances between
siRNA by moving patterns from each end of the scale to-
ward the center (Fig 5).

Centering the data for wells/plates can also be used to
remove certain types of biases, which have the effect of
multiplying ratios for all sSiRNA’s by a fixed scalar. Mean or
median centering the data in log-space has the effect of
correcting these biases. However, since in clustering only
distances between siRNAs or image descriptors are used,
absolute values play a less important role in the comparison
of two siRNA/descriptors. Therefore siRNA are classified
as similar even if for one parameter (example: number of
cells) are not the same for each siRNA, labeling efficiency
and image acquisition parameters (Fig 6). One way to keep
track of differences between replicates is the use of house-
keeping siRNA or external controls. These control SiRNA
are siRNA, which affects on the cell are invariant in re-
spect of the investigated biological process, i.e. number of
cells should be the same in each replicate. Therefore they
can be used for normalization procedures.

Systematic Errors and Quality Control

HCS operates with samples in microliter volumes that are
arranged in two-dimensional plates. A typical HCS plates
contain 96 (12x8) or 384 (24x16) samples. The quality con-
trol and normalization procedure in primary HCS screens is
mainly performed by automatic routines. Quality of mea-

J Comput Sci Syst Biol

Volume 2(4): 219-239 (2009) - 227

ISSN:0974-7230 JCSB, an open access journal



Journal of Computer Science & Systems Biologyopen Access

WwWw.omicsonline.com Review Article  JCSB/Vol.2 July-August 2009

Number of cells
. o

Number of cells
o

Figure 5: (left) Number of cells of 2 SiRNA, one is a comtrane is observed candidate (hit). (right) Numbfecells after
mean centering: both curves are identical, i.edit@nce between them is 0.
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Figure 6: (left) Two equal control siRNA with constant numlmé cells in well in an ideal (blue) and real (reatp) in
different replictes. (right) The distances betwdentwo controls are the same, even though thdwbselues are differ-
ent.

surements has a number of advantages, includiregtobj poorly developed compared to those dealing with
ity, reproducibility and ease of comparison acres®ens. microarrays. There are various sources of systeneadi
Random and systematic errors can cause a misietarpr  rors. Some of them are mentioned in the articlHaluer
tion of candidates as a hit. They can induce eitheleres- etal., 2002):

timation (false negatives) or overestimation (falgsitives)
of measured parameters. Various methods dealihgjwél-
ity control are available in the scientific liteva¢. These
methods are discussed in details in the papersefHgal.,

2002; Gunter et al., 2003; Brideau et al., 2003962002, . Errors in liquid handling and malfunction of pifest can

» Systematic errors caused by ageing, reagents eapo
tion or decay of cells can be recognized as snioerials
in the plate’'s means/medians.

Zhang et al., 1993, 1995). However, statisticahwes that also generate localized deviations of expected eiita
analyze and remove systematic errors in HCS asmays ues.
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