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Cellular Phenotype Recognition for High-Content
RNA Interference Genome-Wide Screening

JUN WANG,* XIAOBO ZHOU, *?* PAMELA L. BRADLEY, *®SHIH-FU CHANG,*
NORBERT PERRIMON, ®* and STEPHEN T. C. WONG"?

Genome-wide, cell-based screens using high-contesg¢rsing (HCS) techniques and automated fluoresa@icroscopy gen-
erate thousands of high-content images that coataenormous wealth of cell biological informati@uch screens are key to
the analysis of basic cell biological principles;tsas control of cell cycle and cell morphologywéwer, these screens will ulti-
mately only shed light on human disease mecharasiipotential cures if the analysis can keep ulp thié2 generation of data.
A fundamental step toward automated analysis df-b@ntent screening is to construct a robust platfior automatic cellular
phenotype identification. The authors present mésaork, consisting of microscopic image segmentadiah analysis compo-
nents, for automatic recognition of cellular phepety in the context of the Rho family of small GTézado implicate genes
involved in Rac signaling, RNA interference (RNAiasvused to perturb gene functions, and the corrdsmpoellular pheno-
types were analyzed for changes. The data uséé iexperiments are high-content, 3-channel, fluoresceicroscopy images
of DrosophilaKc167 cultured cells stained with markers thatvadsualization of DNA, polymerized actin filamengd the
constitutively activated Rho protein R&c The performance of this approach was tested @asiggjular database that contained
more than 1000 samples of 3 predefined cellulangiypes, and the generalization error was estimagied) a cross-validation
technique. Moreover, the authors applied this agbrémanalyze the whole high-content fluorescemames oDrosophilacells
for further HCS-based gene function analysisu¢nal of Biomolecular Screenir08:29-39)
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INTRODUCTION

FLUORESCENCE MICROSCOPY IMAGES OF CELLStained to
reveal complex cellular structures, such as cytdatre,
are considered to be “high-content” images due ® léige
amount of information they contain. These imagesatnumer-
ous bhiological readouts, including cell size, celibility, DNA
content, cell cycle, and cell morphology. With suctvealth of
biological information in high-content images, stists now
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high-content screening, RNA interference, microscapiage segmentation, phenotype feature extractidn a

perform high-content screens (HCS) in disease dgignand
prognosis, as well as drug target validatiéithe application of
high-throughput screening (HTS) procedures couplittal auto-
mated microscopy to generate large quantities gii-bontent
image data can be used to identify genes or smalitqules
involved in a particular complex biological process

A gene’s function can be assessed by analyzingatities
in a biological process caused by absence or disrumf
that gene. IrDrosophilacells, specific and reproducible loss-
of-function phenotypes can be generated by thetiaddof
gene-specific double-stranded RNA (dsRNA), whichsesu
reduction or elimination of target gene expres&igra process
known as RNA interference (RNAiAutomated fluorescence
microscopy then allows unattended acquisition dfiased cel-
lular images in large quantity. A rate-limiting facin realizing
the full potential of cellular and molecular imagistudies is
the ability to automate the analysis of the largenber of
images generated in such screens because cursaidgtists
have to resort to the slow manual analysis of cempheno-
types. Thus, a major advance in the field of HCS ld/doe to
automate the extraction of patterns and converhtimo cel-
lular signatures that can be used to answer inadeiptogical
guestions.
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Automating HCS image analysis could allow functiona
analysis of complex cellular processes that regof@mation

about individual cell$.In a small-scale screen using manual

analysis of fluorescence microscopy images, we obsgen
wide range of phenotypes with affected cytoskeletghniza-

tion and cell shapg® Genome-wide screens, however, produce

huge volumes of image data not amenable to mamadyss.
Thus, without the aid of proper automated imageyaigtech-
niques, it becomes intractable to characterize nodogfcal phe-
notypes quantitatively and to identify genes arelr tdynamic
relationships on a genome-wide scale. Therefoie cititical and
urgent to develop automated, reliable, and fast ndsttmidentify
and quantify cellular phenotypes as the basis fovraputerized
image scoring system.

A robust high-content, image-based genome analystera
using image processing and pattern analysis teobsitequires
an automated informatics framework that includesfttiowing
components: cellular segmentation, cellular morphokogd tex-
ture feature extraction, cellular phenotype clasaiion, and clus-
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FIG. 1. The information-processing pipeline of the automeéllular
phenotype analysis system for high-content scrge(tfiCS) mainly
consists of image segmentation, cellular featunraetion, feature selec-
tion and reduction, and phenotype classification.
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tering analysisKig. 1). In this article, we investigate image-based

cellular phenotype recognition for large-scale, Feghtent RNAI
screening. First, individual cells are identified sggmentation
using the deformable modednd the watershed method using

CellProfiler 2 Then, we scrutinized the geometric properties and

appearance of 3 distinct cellular phenotypes baetihg 5 types
of features—namely, wavelet features, moment feagtti@slick

co-occurrence features, region property features, paodlem-

specific shape descriptors. To improve the clasgién perfor-
mance and reduce the computational cost, we useshetig
algorithm to select a subset of the most discritiviedeatures.
Finally, 4 different classification models were ted to predict
the phenotypes of test cells. We validated thesiflaswith HCS

image data of Rho GTPase activityDmosophilacells. In the
phenotype identification experiments, the classi@ierrectly

recognized 87.94%ormalcells, 67.41%spikycells, and 70.10%
ruffling cells (detailed description of the predefined plygmes in

the “High-content images of Rho GTPase activity” sadtion)

and achieved an overall accuracy of 76% on all éhptypes.
Considering the complexity and diversity of celtutdnenotypes
in the fluorescence images, this is acceptable dooge-wide
analysis. Moreover, during the study on gene exjmes$snction

analysis using RNAi HCS, the gene effects are etediaased on
the statistical properties on a population of cglishe whole
screen, which is much more robust than phenotypeseptation
of individual cells.

MATERIALS AND METHODS

High-content images of Rho GTPase activity

Rho proteins are required for the cytoskeletalgaoization
critical to cell shape change and migration, as a&lnany other
cellular processes in multiple cell typeExtensive work in

30 www.sbsonline.org

mammalian cell culture systems using dominant negand
constitutively active mutant forms of the Rho piofeac demon-
strated the contribution of Rac to specific cytdestet structures,
uch as lamelld.Moreover, Rac is required for the invasive
behavior of breast cancer cells and is thus anritapioplayer in
cancer metastasiTo identify novel downstream effectors that
mediate Rac cellular responses, we have developeosaphila
cell-based assay for GTPase function that can & inscombi-
nation with high-throughput RNAIi technology to samefor
dsRNAs that block GTPase activity. Specifically, wse the
DrosophilaKc167 embryonic cell line, which consists of small
(10 pm) and uniformly round cells. Visualizing the actin
cytoskeleton with phalloidin staining reveals dittfilamentous
actin (F-actin) cytoskeletal structure in Kc167lebnly small
puncta and nonuniform cortical expression are seen.

To facilitate HCS, we generated a construct comgini
sequences encoding a GFP-Rafusion protein under the tran-
scriptional control of a copper sulfate (Cug@nducible pro-
moter on the same plasmid with a hygromycin rescetagene.
We used dsRNA specific to predictBabsophilagenes to elicit
the RNAI response, which mimics loss-of-function atigns in
the targeted gertéTo perform the screen, dsRNAs were robot-
ically arrayed individually in 384-well plateBrosophilacells
were plated in each well, where they were takerhepdsRNA
from the culture media. After 3 days of incubat&in25 °C,
Rac*? expression was induced with 0.75 mM CyS@ 24 h.
The cells were then fixed in 4% formaldehyde arainsd to
visualize DNA and actin using ,8-diamidino-2-phenylindole
(DAPI) and fluorescently labeled phalloidin, respesdt.

Two or 3 images per well in each of 3 channelgguiblet
[UV], fluorescein isothiocyanate [FITC], and tetraimdtrho-
damine isothiocyanate [TRITC]) were acquired byoadted
microscopy with a Universal Imaging AutoScope, addifE300
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FIG. 2. An example of the fluorescence microscopy imageages are taken in 3 channelsbsophilaKc167 cells stained with #-
diamidino-2-phenylindole (DAPI) to visualize DNA)(and tetramethyl rhodamine isothiocyanate (TRIT&)eled phalloidin to visualize F-
actin p); these cells also express a GFPYR4asion protein €). The 3-channel merged color image is showd.in

fied and quantified automatically. Cells with thermal pheno- a b (o

type have a smooth contour, and the actin intemsithe cell

body is evenKig. 3a). Cells with the spiky phenotype have FIG. 3. DrosophilaKc167 cells have different cellular phenotypes:
actin-rich, spike-like protrusions at the periph&fig. 3b). For  (a) normal, p) spiky, and ¢€) ruffling. The upper row is the image of
the ruffling cellular phenotype, cell body size nerieased and the F-actin channel, and the bottom row is the miergsor images;
actin accumulates with variable intensity and patdig. 30). green is F-actin and red is DNA.

inverted fluorescence microscope, using & 4r objective.
A single focal plane of the highest intensity waesen automat-
ically by the focusing software within the Metamionprogram.
An example of the 3-channel RNAI fluorescence insagged for
cytological profiling is shown irFigure 2. The DNA channel
shows the nuclei of cell§ig. 28). The actin channel reveals the
cytoskeletal structure, used to determine the mdoglyoof cell
bodies Fig. 2b). Because relatively little visual information is
available from the GFP-R4€ channel Fig. 20, cytological pro-
filing was based on analyzing cell shapes in tha ahannel.
Each image was visually examined to determinedaf deBRNA
altered the cell morphology induced by Rac

The prominent 3 cellular phenotypes observed in éissay
have specific morphological characteristics that ba identi-

Fluorescence image segmentation ) ) ) o
detailed shape and boundary information of indigicaells. The

The first step to automating the identificationceflular phe-  DNA signal is fairly strong, protruding from a redatly uniform
notypes in high-content images is to partition in@ages into  dark background; thus, nuclei are easily segmenied bis-
regions that correspond to individual cells. Segatem of these togram thresholding technique. This approach ctiyreegments
fluorescence microscopy images consists of 2 Stéjesfirst step  most isolated nuclei, but it is unable to segmemthiong-together
is to extract individual nuclei from the DNA chairand the sec- or overlapping nuclei. Therefore, we applied a veted algo-
ond step is to extract the individual cell bodiesng the F-actin  rithm to separate attached objects, as presenté&hbg et al?
channel. The entire segmentation procedure shouddide  Although nuclear segmentation is straightforwardpjgiasmic
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FIG. 4. Two examples of the segmentation of imagePmisophilaKc167 cells: & F-actin staining with no segmentatiob) fnanual seg-

mentation, €¢) deformable model segmentation, adl CellProfiler

segmentation remains a challenging task due togityevariation
and cellular phenotype diversity.

A large array of segmentation algorithms have lmrel-
oped in the past 30 years; however, there is ne-sfathe-art
technique that segments fluorescence microscopgemwith
robust performance and tolerable computation €d3tn our
work, we used 2 recently developed segmentatiomiqubs, a

segmentation.

complex images is always desirable, we argue ttzgoreable
performance in phenotype classification may beirade by
combining existing segmentation results with inrieeatech-
niques of feature extraction, selection, and machéaening
methods. We validate such approaches with expetahersults
described in the following sections.

deformable model by Xiong et 4hnd the watershed method Phenotype feature extraction

implemented in CellProfiler,* both of which were specially
designed for segmenting fluorescence cellular image

The validation of image segmentation results iadift as it
is expensive and time-costly to create a grourid segmentation
result. In our work, we validated the segmentatiesuits in 2
aspects: 1) comparison of the 2 automated comeatanitjues and
2) comparison with manual segmentation resultsli@tizely, we
can draw some general conclusions about the 2 atedmethods
from this study. First, both methods work well tgsent the
normal cellular phenotypes. The reason for thssitiehe smooth
shape and even intensity distribution of fluoresedn cells with
the normal phenotype. Second, the performance bfrbethods
is degraded when processing cells with complicaédures
and boundaries. The spiky phenotype, with its jaggytour, is
especially difficult to segment accurately. Thirchem cells are
close to or touching each other, the CellProfilenethod gener-
ates fragmental boundaries, whereas the deformalddelm
method captures accurately the complex bounddr@sth, the
CellProfiler
method, which is computationally costly. An examgbenparing
the segmentation results is shownFigure 4. Although both
automated methods are capable of segmenting mésyappro-
priately, neither automated method is capable afedisng all
cell boundaries. Although more accurate segmentaifosuch

32  www.sbsonline.org

As stated earlier, HCS images contain a varietyhefiptypes.
In our study ofDrosophilaKc167 cells, the most prominent cel-
lular phenotypes were categorized as normal, spildyraffling.
Automated phenotype identification relies on featextraction,
the most critical step for pattern recognition feats. Even for a
single cellular phenotype, the overall shape anca@mce can
be quite different because the cells could befferdint stages of
a certain phenotype. To capture the geometric @peéasance
properties, we extracted 5 types of features: wavelures,
Zernike moments features, Haralick features, regiopgaty fea-
tures, and phenotype shape descriptor features.

Wavelet features The discrete wavelet transformation
(DWT) has been adopted to investigate image cheniatits in
both scale and frequency domains. In our work, waieg 2
important wavelets techniques, the Gabor waVekd the
Cohen-Daubechies-Feauveau wavelet (CDF9/1), extract
phenotype texture.

method is much faster than the deformable model The Gabor wavelet features were developed by Mattjun

and M&’ and are formed by a set of multiscale and multidaie
tion coefficients to describe texture variationamimage. The
Gabor wavelet features have been used as thedesigmature
for numerous image analysis applications, such asgém
retrieval, segmentation, and recognitidéf. As defined by
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Region Features for {|
3 Cell Phenotypes Shown in Figure 3

Normal

This table confirms that the phenotype differentey be best captured by com-
pactness and roundness.
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Experimental Results o
and PCA Features

NBC,% LDA,% KNN,% SVC, %

62.68 74.26 65.90
62.29 76.08 65.75
61.21 74.67 64.83

59.84 64.90 60.73
60.26 65.33 60.96
53.37 68.15 59.80

All 5 types of features with 214 attributes arecusghe principal component anal
sis (PCA) features are obtained using PCA to rethueelimensionality to 12, 18,
and 48, which conserves respectively 85%, 90%, and &88tgy. GA, genetic alg
rithm; NBC, naive Bayesian classifier; LDA, lineasdiiminant analysis; KNN, K
nearest neighbors; SVC, support vector machineifieass

ifici 86.44 90.65 .
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Normal Spiky i

86.94 3.21
12.74 67.41

i 14.08 15.81 .

ensitivity and Specificity o
henotypes (jn Percentages)

Normal Spiky i

86.94 67.41
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