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ABSTRACT

This paper introduces a fully automatic chromosatassification algorithm
for Multicolor or Multiplex Fluorescence In-Situ Hyidization (M-FISH)
images using Gaussian mixture model technique. $HFlis a recently
developed cellular imaging method for rapid detectiof chromosomal
abnormalities, where each chromosome is labelech Wit dyes and
counterstained with DAPI florescence stain. Thebfam is modeled as a 24-
class 6-feature pixel-by-pixel classification tasteatures are composed of
dyed-image pixel brightness. By conducting expentseon ADIR M-FISH
database, we demonstrate that our proposed Gausdidnre model based
approach yields significantly better results over Bayesian classifiers which
assume a single Gaussian probability distributarM-FISH data.

I. INTRODUCTION

Chromosomes are made of DNA molecules which carfgrination necessary for
development and function of an individual. Each nmalr human cell has 46
chromosomes. Close analysis of chromosome imaged jmformation such as the
chromosomal abnormalities which are important iagdobsis of cancers or genetic
disorders (Verman and Babu 1995). Historically,ochosomal abnormalities have been
examined using Giemsa banding approach. Howevere thre marker chromosomes or
structural abnormalities that cannot be decipheaogdG-banding. To mitigate this
problem, in the mid 90s Multicolor or Multiplex Fdtescence In Situ Hybridization, or
M-FISH, was developed for rapid and high resolutgmomosomal analysis. M-FISH
images are captured using a fluorescent microsdopthis method, chromosomes are
labeled with multiple dyes or colors. These dyes @rromosome-specific so that each
type of chromosome appears in a different colore{@er 1996)(Castleman 1996). M-
FISH uses a five color dye template to produce dtitepiectral image. A sixth
flouorescent DNA stain called DAPI is also utilizéd display all the chromosome
images. Thus an M-FISH image set consists of sages. The gray levels of each image,
also known as color karyotyping, can be used dsifesifor chromosomal classification.

In this paper we describe a statistical methodcfassification of M-FISH images
called Gaussian mixture models, or GMM. The in@rs M-FISH chromosome images,
and the target classes consist of 22 asexual clvmmes (autosomes) and two sex
chromosomes. The rest of this paper is organizefbllsvs. In sections Il and Il the
GMM model and a method for its application to M-HRISlassification are explained.
Section IV presents our experimental results onatbk-established ADIR database, and
section V concludes this paper.



Il. PIXEL-BY-PIXEL GMM CLASSIFIER

In this study, M-FISH chromosome labeling problesnconsidered as a pixel-by-
pixel statistical classification task with six ineghannels as features. Each pixel is
assigned a 6-tuple feature vector whose elemeattharintensities of the corresponding
color channel of the M-FISH image. Given a manualtg-classified set of images, a
class label is assigned to each pixel (training fizditure extraction).

The suggested Gaussian Mixture Model (GMM) is agived sum of Gaussian
probability density functions (PDF), which is cafmbf providing a more flexible and
thus possibly a more accurate model of the M-FI&tdge data. The GMM PDF is
defined as
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where p is the mean vector, is the covariance matrix,. is the weight of
component ¢, an@ is a Gaussian PDF defined as:
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In theory, with a sufficient number of componerasy continuous density function
can be approximated with arbitrarily high accuracy.
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Maximum Likelihood Estimation

One way of constructing a classifier is through dittanal probability density
functions. In such a case, initial class modeldiEa can be performed using training
data. However, adjustment of model parameters resjsome measure of goodness, i.e.,
how well a proposed class probability distributiiis the observed data, which will be
described next.

Assume that there is a set of independent samples{X,..., %} drawn from a
single distribution described by a probability dgn&inctionp(x; ), where is the PDF
parameter list. The likelihood function

N
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yields the likelihood of the data X given a distrilon described by parameters The
goal is to find a set of distribution-defining pareters ¢ that maximizes the data
likelihood

g = argmaxL(X; g) @

Equivalently, we can maximize the logarithm of L X; )= Inp(X; ), which
is called the log-likelihood function and is eagicompute.

EM Estimation

Expectation Maximization (EM) algorithm is an itéve method for calculating the
maximum likelihood distribution parameters (Demp4t®77). It is usually used when an
analytical solution is not feasible, such as theedar Gaussian mixtures with unknown
means and covariances. The following is a brie€dpgson of the EM algorithm.

Given a training set with known and unknown feadurdenote all the known
features by X and unknown features by Y. The eximrt step of EM finds the
following
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where ' is a previous estimate of PDF parameters, addscribes an updated estimate.
L is the likelihood function given in (4] yields the likelihood of the data, including the
unknown featurey, given the current estimate of the distributiordascribed by'. The
maximization step is to maximizg( ; ') with respect to

g™ - argmaxQ(q;q') ©)

Log-likelihoods can be processed using the aforgioeed EM algorithm. One
needs to repeat the above steps until a convergeitegon for the log-likelihood, such
as a limit in the incremental change of parametersmet (Duda 2001). For EM
covariance components, we used K-means clusteridgcavariances of the entire data
set. Weights were set to one.

The known dataX is interpreted as incomplete data. The missing fais the
knowledge of which component produced each sadpl&or eachX, there is a binary
vectory, = {¥n1-.., %.a» Wherey, .= 1 if the sampl@ is produced by componeatand
zero otherwise. The complete log-likelihood camtbe written as
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The expectation step is to compute the conditiexpkctation of the complete data
log-likelihood, i.e. the Q-function, giveX and the current estimatéof the parameters.
Since the complete data log-likelihoodUaX, Y; ) is a linear function of the missing
the conditional expectation (X, Y; ) can be derived and substituted into
W  E[Y|X, ]. Therefore

Q(9.9") ° E[InL(X,Y;q)| X,qg'] =InL(X,W;q) ®)
where the elements of W ar_e defined as _
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The probability can be calculated using the Bages |

p.P(X, IC;q")
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wherep; is the a priori probability of' estimate andv, . is the a posteriori probability
wheny,. = 1 givenx, In other wordsw, is the probability thak, is produced by
component (Figueiredo and Jain 2002).
The maximization step is used next to estimateridigion parameters for the
c-component mixture of Gaussians with arbitraryas@nces such that

W, =

n,c

(10)

i+1 _ 1 N
c N nzlwn,c (11)
N
Xy Wh e
i+l _ n=1
m = (12)
Whe

n=1



N
j+1 jH1NT
Wn,c(xn - /72 )(Xn - /72 )
i+l — n=1
St = N (13)
Wn,c
n=1 -
The above new estimates are used to f'@i'cf . If a convergence criterion for
equations (12) or (13) is not satisfied, the iteratcontinues withi i+1;and

equations (11) through (13) are re-evaluated wéth astimates (Duda 2001).

Ill. METHODOLOGY

We used the supervised classification method deesttiin Section Il for detection of
human chromosomes from M-FISH images. As mentiopadier, the 46 human
chromosomes consist of 22 pairs of homologous autes (sex-neutral chromosomes
with similar evolutionary origins but different fations), and 2 sex-determinative
chromosomes, constituting to 24 types (classes).civsidered image background and
chromosomes’ overlaps as two further classes. indd-FISH set consists of six image
channels, each pixel was represented by six featwith each feature being the
gray-scale value of the corresponding color chanfiberefore, a 6-feature, 26 class
GMM classifier was used to perform a pixel by piaassification. The data was
obtained through our collaboration with Advancedjifail Imaging Research (ADIR)
(http://lwww.adires.com/05/Project/MFISH_DB/MFISH_DdAtml). An example of an
M-FISH image set is shown in Fig 1.

The ADIR database has manually segmented and f@aisgnages, which can be
used for training and testing purposes. An exarapthe class-map is shown in Fig 2 (a).
We used these manually processed images as grouthdd determine the accuracy of
our classification technique. We trained and test@dGMM classifier on six channel M-
FISH image data sets.

IV. CLASSIFICATION RESULTS

A total of six M-FISH sets of images were classifiEach set has 333,465 pixels. A
class-map was generated for each classificatiopubuf pseudo-coloring scheme was
used to represent each chromosome class in an.image

We calculated the overall accuracy of our approdmh comparing the
aforementioned class-map to the ground-truth pexvid the database. Table | shows the
classification accuracy obtained for each M-FISI{ ae well as a comparison with the
naive Bayesian classifier presented in (Wang anstl€aan 2005). Fig 2 shows the
class-map along with the results of classifiermgsine and two mixtures GMMs for
M-FISH A0502XY.

V. CONCLUSIONS

This paper introduced a classification method fofFMH images. Our GMM
pixel-by-pixel classification of six input featuregith 26 output classes provided an
overall classification accuracy of 89.18%, with aticeable improvement over the
Bayesian classifier reported in (Wang and Castleg®0%). The promising results of this
method can eventually translate into improved axyiof M-FISH technique for cancer
and other relevant disease diagnosis.



(@) Cy5.5 (b)Cy5

(c) Orange spectrum (d) Green spectrum

(e) Texas Red (f) DAPI
Figure 1: A set of M-FISH images for AO502XY

TABLE |
Pixel-by-Pixel Classification Rate Percentage forS  ample M-Fish Images
|
Training/Test Bayesian GMM
Image Set
V1301 49.2528 85.4887
V1303 70.2981 88.5952
V1304 47.9901 85.3376
V1306 87.7719 90.2275
V1308 56.1503 93.4524
V1309 50.7460 91.9689

Average 60.3682 89.1784




(a) Original class-map

(b) Detected using one-mixture GMM (c) Detect ed using two-mixtures GMM
Figure 2: Classification results for M-FISH image A 0502XY
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