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ABSTRACT and touching of chromosomes. This is one of the major
Since the birth of chromosome analysis by the aid offactors that hinders automating the analysis. There have
computers, building a fully automated chromosome analysifeen numerous segmentation (decomposition) methods de-
system has been the ultimate goal. Along with many otheveloped to automate the analysis process in conventional
challenges, automating chromosome classification and sefjanded chromosome images. Among them, some methods
mentation has been one of the major challenges especial@nly handle touching cases and some handle both cases
due to overlapping and touching chromosomes. In this papavith a limited success. Most of the methods utilize only
we present a novel decomposition method for overlappinghe geometry information of chromosome clusters such as
and touching chromosomes in M-FISH images. To overcomegurvature, skeleton, and convex hulls [3], [4]. The geonetr
the limited success of previous decomposition methods thdtased methods only analyze the boundary shape of a chro-
use partial information about a chromosome cluster, wénosome cluster. Even though the boundary shape contains
have incorporated more knowledge about the clusters inttch information about the cluster formation, there are ynan
a maximum-likelihood frame work. The proposed methodcases that the boundary information itself is not sufficient
evaluates multiple hypotheses based on geometric inform&uch as a touching of two chromosomes by their short
tion, pixel classification results, and chromosome sized, a sides or long sides forming a long chromosome or a thick
a hypothesis that has a maximum-likelihood is chosen aghromosome. These touching cases can be easily discerned
the best decomposition of a given cluster. About 90% ofvhen the pixel memberships are presented by two distinctive
accuracy was obtained for two or three chromosome clustergglors as in M-FISH. When the pixel classification accuracy
which consist about 95% of all clusters with two or moreis high, the color information itself may be sufficient foeth
chromosomes. chromosome segmentation. Schwartzkopf et al. [5] proposed
a maximum likelihood decomposition method using the
pixel classification results and chromosome size for M-
I INTRODUCTION FISH images. Authors compared their results to that of
Multicolor fluorescencein-situ hybridization is a com- commercially available software (Cytovision), and repdrt
binatorial labeling technique developed for the analydis othat much better results are achieved for touching cases and
human chromosomes [1], [2]. To be able to distinguish 24ess reliable results for overlapping cases. When only the
human chromosomes (22 somatic chromosomes and X amglors are used, touchings or overlaps of the same kinds of
Y sex chromosomes), a minimum of 5 fluorophores are use¢hromosomes can not be segmented, and the segmentation
Each chromosome is stained with a unique combination oiccuracy heavily relies on the initial pixel classification
fluorophores so that every chromosome is uniquely idenaccuracy. Thus the both information, geometry and pixel
tified. An extra fluorophore, DAPI (4’6-diamidino-2-pheny! classification results, have to be merged in order to achieve
indole dihydrocloride), is counterstained to all chrommes.  better segmentation results.
M-FISH provides color karyotyping (visualization of chro-
mosomes in a specific format) by assigning a pseudocolor In this paper, we present a novel decomposition method
to each pixel based on the spectral combination, and thusr overlapping and touching chromosomes that utilizes the
allows simultaneous analysis of numerical and structuragjeometry of a cluster, pixel classification results and €hro
abnormalities of whole human chromosomes. mosome sizes. We also introduce basic elements of overlap
Automatic segmentation of partially occluded and/orand touching cases. These basic elements yield hypotheses
touching objects is an extremely challenging task. Chroef possible overlapping and/or touching cases. Given a
mosome images are inherent with the partial occlusiorluster, multiple hyptheses are evaluated and the mody like



hypothesis is chosen as the correct decomposition. Most of clusters are formed by combinations of basic
elements. Given a cluster, we also define the landmarks such
II. METHODS as cut points ¢'p), cross points Xp), and end pointsKp)
Il-A. Foreground-background segmentation and pixel N the skeleton and on the boundary of the cluster as shown
classification in Fig. 2. There exists aXp that is connected to afip, and

an Ep connects two boundary segmentsGiven { Ep, X
M-FISH images have six channels. Each channel contai p Y S¢d {EpXp}

. . X ) N¥nd twobs, the closest points dis from theXp are the cut
the intensity of a corresponding fluorophore. Since eacg(

h : iquel ined X ) binati oints associated with th&p. A cluster can have multiple
chromosome is uniquely stained, an intensity combinatio s and eachXp has three or four cut points. Once all

across 6 channels is unique for each chromosome. Chromgs., |\ ymarks are found, all possible decompositions are
somes are reliably segmented automatically from the baCkévaluated

ground by utilizing the spectral, signal intensity, and edg

information. To utilize the spectral information, 6-feggu The cross shape cluster has 5 cases: case 1 is an over-
2-classk-means clustering method is used. This clusterinq P NS .
ap of two chromosomes, case 2 is a touching of four

method is preferable to the maximum-likelihood method . ;
. . L A chromosomes, case 3 is a touching of two chromosomes,
because it does not require training. It groups six dimen-

. ) o . ; and case 4 and 5 are touchings of three chromosomes
sional data into two classes while iteratively regroupihg t : :
. ! ..o . (see Fig. 1). Two chromosomes are found by connecting
data points until the class means converge. Its classditati

results are similar to those of the maximum-likelihood sias {Cp1—Cpd, Cp2—Cp3} and{Cpl —Cp2, Cpd —Cp3} for
S - ) . case 1. Four chromosomes are found by connedtirigl —
fier since they both utilize the same information. In general

. - . . . Xp—Cp3,Cp2 — Xp — Cp4} for case 2. Case 3 has two
chromosome intensities are brighter than the ne|ghbormglf)bcasepS wﬁere twg chré)m};)somes are found by connecting
background, although the background surface is not gipball '

uniform. When object intensity is brighter than the neighbor ;gg tlh;r)ig ;ecﬁi}éf;);;geacna;s’ a';g(’r:]fe*aXp ";gﬁ;l};:;(;; 4 and
ing pixels, adaptive thresholding is an effective segméenma : 9y bp

method. This method effectively separates chromosome{ss' Case 4 has two subcases and case 5 has four subcases. In

from background. Due to its simplicity and effectiveness, otal, there are ten hypotheses to evaluate in cross case.
adaptive thresholding is widely used for chromosome image

segmentation. However, when a number of pixels in the The T shape cluster has 3 cases: case 1 Is a ‘°“°h'T‘9
of two chromosomes (three subcases), case 2 is a partial

foreground are darker than neighboring foreground pixels; | ¢ h h b q 3]
adaptive thresholding creates holes inside the chromasom@”/€Map o two chromosomes (three subcases), and case 3 is
touching of three chromosomes. In total there are seven

Laplacian of Gaussian (LoG) edge detection on the DAP .

channel provides nice closed boundaries of chromosom potheses to evaluate in T case.
that correspond well to human perception. However, it also ) .
picks up unwanted artifacts from the backgroukdneans We define a cluster that does not have a cross point
clustering, adaptive thresholding, LoG edge detection, an®S | shape cluster which may have touchings of the same
a global thresholding methods are combined to achieve %hromosomes or different chromosomes. The | shape cluster
final segmentation result. A composite threshold image i§@S an arbitrary number of cases. The number of segments
obtained after voting among those 4 methods. For exampl@'€ determined by the number of concave points on the

a pixel becomes foreground when a majority (3 out of 4) aré)_oundary. There are two end points in | shape clus.ter that di-
foreground. vide the boundary into two segments. Concave points across

After the chromosome segmentation, only the chromogach boundary are connected and the minimum number

some pixels are classified using an unsupervised classific§ Pairs of which have minimum distances determine the
tion method called fuzzy-logic classifier [6]. final number of chromosome segments. Givérsegments,

2¥-1 combinations are evaluated. If three segments are
found, for example, then there are four possible chromosome
II-B. Elements of clusters formations:{1-2-3}, {1-2, 3}, {1, 2, 3}, and {1, 2-3}, i.e.

We define a group of connected pixels as a cluster. Thus,ig words, all three segments form a chromosome, segments
cluster may be formed by one chromosome or multlple ChI'Oj_ and 2 form a chromosome and Segment 3 form another
mosomes. Whether a cluster is formed by one or multiplehromosome, and so on. For | shape clusters that are formed
chromosomes, every cluster is subjected to evaluation. by different chromosomes but have no obvious concave

We define three sets of basic elements for clusters 3soints, chromosome segments are determined by the pixel

follows (see Fig. 1) classification results (color). An area with a homogeneous
1) Cross shape cluster color forms a segment. Again, givel/ segments2—1
2) T shape cluster combinations are evaluated. Thus, a total(®¥ + 2)/2

3) | shape cluster hypotheses are evaluated for an | shape cluster.
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Fig. 1. Elements of clusters

Ep1 The class-conditional probability density functions fdares
O ) are defined as
2
b, b 1 1 Si — s
1 ;) = _ - 2
cos] | e ) . p(s|w;) m@@:ﬂp( 2( - ) ) 2
Ep4< . }Epz
N J
3] | T2 ) ) The class parameterg,; ando; (1 < i < 24), are calcu-
¢ : lated from Advanced Digital Imaging Research’s M-FISH
P image database (available ®&tt p: // wwv. adi res. cont 05/
\Ei: = Proj ect / MFI SH_DB/ MFI SH_DB. sht i ).
(a) Landmarks (b) Boundary segments p(si|lw;)P(w;) in eq. 1 is the posterior probability function
without the normalization factor in Bayes rul®(w;) acts
Fig. 2. Landmarks of a cluster - Definition as priors forw;, and its value is high when most of pixels

in chromosomei are classified as; and vice versa. The
posterior probability function gives the likelihood thab a

[I-C. Evaluation of the hypothesis unknown chromosomeé belonging tow; by its size and

of them is composed of single or multiple chromosomes. Th
likelihood of a hypothesis is calculated by

halssification results. The total likelihood of a hypotlsdasia
roduct of the posterior probabilities. Among all hypotbhes

e one that has the maximum likelihood is chosen as the
correct decomposition of the cluster.

Given a cluster, there are a number of hypotheses and eaf

N
pn = HP(SiWi)P(%‘) 1) IIl. RESULTS
=1
Chromosomes are first segmented from the background
where, using the segmentation method explained in Section II-
N. = number of chromosomes in a hypothesis A. Then chromosome pixels are classified using a fuzzy-
P(w;) = ]Qf logic classifier [6]. Given a cluster, the landmarks on the
w; = most popular class in chromosome boundary and skeleton are computed as shown in Fig 3, and
N; = number of pixels belong ta; in chromosome the cluster is decomposed into multiple hypotheses and the
N.; = number of pixels belong to chromosore likelihood of each hypothesis is computed by eq. 1. When
s; = Nei normalized size of chromosonie there are multipleX ps, hypotheses are evaluated at eAgh

NT ! . . . . . .
Nr = total number of chromosome pixels in an imageconsecutively. After decomposing at &llps, the maximum

p(si|w;) = class-conditional probability density function likely hypothesis is chosen as the best decomposition of the
for chromosome size; given classy; cluster.



Nce | NC | Nwp | Accuracy [%]

1 428 0 100

2 47 5 89

3 9 1 89 (a)
>4 3 1 67

Table 1. Decomposition resultsVcc = number of chromo-

somes in a clustetNC = number of clusters, andyp = ‘
number of wrong decomposition (®) t »
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Fig. 3. Landmarks of a cluster - Real case > ’ ¥ ’
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We have tested our algorithm on 12 images from ADIR’s
M-FISH image database. A total of 487 clusters were evalu-

ated. Outstanding results were obtained as shown in Table I.
Among 487 clusters, most of them were single chromosomes 0 /} / / '.

and they were all correctly identified instead of breakirg in

multiple chromosomes. Among clusters that have 2 or more

chromosomes, about 95% was less than three chromosome Cluster Segmentation result
cases. About 90% of accuracy was obtained for those cases.

Fig. 4 shows decomposition results of various clusters. ]
Fig. 4. Segmentation results. (a) Cross case, (b) T case, (¢)

| case, (d) T and | case, (e) Cross and T case, and (f) Cross
IV. CONCLUSION and T case

We have presented a new decomposition method for
overlapping and touching M-FISH chromosomes. Previous
chromosome decomposition methods utilized partial infor-
mation of chromosome clusters resulting in a limited suc-
cess. A cluster was better decomposed by incorporating moF
knowledge. Multiple hypotheses were formed based on color
and the geometry defined by the basic elements of a cluster, ) : :
and then evaluated based on the pixel classification results Analysis and Machine Intelligence, vol. 19, no. 11, pp.
and chromosome sizes. A hypothesis that has a maximum- 121_2_122“2’ 1997' L
likelihood is chosen as the best decomposition of a give . F'a,,”g’ Intell|gent.s.plltt|ng In the chromosome do-
cluster. About 90% of accuracy was obtained for two or main,” Pattern Recognition, vol. 22, no. 5, pp. 519-532,
three chromosome clusters, which consist about 95% of al| 1989. . . .
clusters with two or more chromosomes, and 100% accura ] W. Schwartzkopf, A. Bovik, and B. Evans, "Maximum-

was obtained for clusters with a single chromosome. I|keI|h_qod_ technlque_s for — joint segme_ntatlon-”
classification of multispectral chromosome images,

|EEE Transactions on Medical Imaging, vol. 24, no. 12,
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