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Background: Comparative genomic hybridization (CGH)
is a relatively new molecular cytogenetic method that
detects chromosomal imbalances. Automatic karyotyping
is an important step in CGH analysis because the precise
position of the chromosome abnormality must be located
and manual karyotyping is tedious and time-consuming. In
the past, computer-aided karyotyping was done by using
the 4',6-diamidino-2-phenylindole, dihydrochloride (DAPI)-
inverse images, which required complex image enhance-
ment procedures.

Methods: An innovative method, kernel nearest-neighbor
(K-NN) algorithm, is proposed to accomplish automatic
karyotyping. The algorithm is an application of the “kernel
approach,” which offers an alternative solution to linear
learning machines by mapping data into a high dimen-
sional feature space. By implicitly calculating Euclidean or
Mahalanobis distance in a high dimensional image feature
space, two kinds of K-NN algorithms are obtained. New

feature extraction methods concerning multicolor infor-
mation in CGH images are used for the first time.
Results: Experiment results show that the feature extrac-
tion method of using multicolor information in CGH im-
ages improves greatly the classification success rate. A
high success rate of about 91.5% has been achieved,
which shows that the K-NN classifier efficiently accom-
plishes automatic chromosome classification from rela-
tively few samples.

Conclusions: The feature extraction method proposed
here and K-NN classifiers offer a promising computerized
intelligent system for automatic karyotyping of CGH hu-
man chromosomes. Cytometry 48:202-208, 2002.
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Comparative genomic hybridization (CGH) is a rela-
tively new molecular cytogenetic method that detects
chromosomal imbalances (1). In CGH, two genomic DNA
samples are hybridized simultaneously in situ to normal
human metaphase spreads and detected with different
fluorochromes. The intensity ratio of the two fluorescence
signals is a measure of the copy number ratio between the
two genomic DNA samples. CGH has great potential for a
broad range of applications and has made a great impact
on the analysis of tumor chromosomes.

Karyotyping assigns each chromosome to one of 23 or
24 classes (22 autosomes and a pair of sex chromosomes).
This is an important step in CGH analysis because the
precise position of the chromosome abnormality must be
located before the quantity of the intensity ratio imbal-
ance can be calculated. However, manual karyotyping is
tedious and time-consuming. Great efforts have been
made to develop computer-aided chromosome classifiers.
Two aspects of karyotyping are crucial. One is the design
of the classifier and the other is the set of features used in
the classification.

Conventionally, biologists do manual CGH chromo-
some classification by checking the color metaphase im-
ages. However, computer-aided karyotyping of CGH meta-
phases uses only the 4’ ,6-diamidino-2-phenylindole, dihy-
drochloride (DAPD-inverse images, which are similar to
G-banded images. In this way, all sophisticated methods
for G-banded chromosome classification can be directly
used for DAPI images. Computer-aided karyotyping treats
DAPI-inverse images as G-banded images (2-5). Therefore,
many of the classification methods used in Giemsa-stained
chromosome images are applicable. A thorough review of
chromosome classification is provided by Carothers and
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Piper (0). In general, a human chromosome is character-
ized by its size, centromere position, and banding pattern
(7). Other methods for chromosome feature extraction
include the “knock-out” algorithm (8), principal compo-
nents analysis (PCA; 8,9), Kohonen network (10), and
wavelet packets (11).

G-banded images have clear banding patterns that ap-
pear as bright and dark bands on the chromosomes. The
banding patterns of DAPL-inverse images are similar to
G-banded images, but they are far less clear than the
G-banded patterns. As a result, automatic chromosome
identification is difficult in CGH analysis. This may also
explain why the success rate of CGH karyotyping has
rarely been reported. Image enhancement has to be used
to make the banding patterns clearer. The highest success
rate achieved by such a method so far is about 90% by
Vysys (unpublished data). When only DAPI-inverse images
are used for katyotyping, useful information for identify-
ing the chromosomes is lost. For example, the multicolor
information provided by CGH images is used by cytoge-
neticists to locate the centromeres of the chromosomes,
but this information cannot be revealed completely by
DAPI image alone. Only a few studies have been published
on multicolor karyotyping (12,13). For example, spectral
karyotyping (SKY; 12) and multicolor fluorescence in situ
hybridization (M-FISH; 13) are not suitable for CGH anal-
ysis. Four-color CGH (14) is concerned with quality con-
trol, not karyotyping. To our knowledge, the only attempt
to utilize color information for karyotyping CGH images
was made by Kou et al. (15). However, we use a different
approach in this study.

In this study, we use multicolor information of CGH
chromosomes for chromosome feature extraction and
multistep classification. A novel intuitive learning method,
kernel nearest-neighbor (K-NN) algorithm, is applied to
automatic chromosome classification. The “kernel ap-
proach” has received much attention from researchers in
the machine learning field because of the rapid develop-
ment of the support vector machine (SVM). The kernel
approach can be studied in a general way and extended to
different learning systems. In this study, the conventional
nearest-neighbor algorithm is extended using the kernel
approach. Simple substitution of kernel distance for norm
distance leads to the common K-NN algorithm. Consider-
ing sample distribution and using the kernel PCA (KPCA)
technique, the K-NN algorithm with kernel Mahalanobis
distance (KMD) is achieved ultimately. The two K-NN
algorithms are new applications of the kernel approach
and have not been used for solving the pattern analysis
problems of the real world. A high success rate (91.5%)
was obtained by applying a combination of the two K-NN
algorithms. The classification result suggests that the K-NN
algorithms can be used efficiently for real-world pattern anal-
ysis problems, especially nonlinear small-size problems.

MATERIALS AND METHODS
CGH and Image Acquisition

All CGH images were provided by Dr. Tommy Gerdes
(University of Copenhagen, Copenhagen, Denmark). The

images are of the size 748 X 573 and are in TIFF format,
containing three-color channels, each with 256* resolu-
tion. The red, green, and blue channels represent Texas
Red, fluorescein isothiocyanate, and DAPI, respectively.
Details about the CGH slide preparation and image acqui-
sition were described by Kirchhoff et al. (3). There are 71
metaphase images with 23 classes (22 autosomes and a
pair of X chromosomes) because the target metaphase
was obtained from a karyotypically normal female (3).
Some metaphase images are incomplete, containing less
than 46 chromosomes.

The original classification of the chromosomes was de-
termined by Dr. Mingrong Wang and Ms. Xin Xu, both of
whom are biologists at the Institute of Cancer Research,
the Chinese Academy of Medical Science (Beijing, China).

Digital Image Preprocessing

Preprocessing of the CGH images was accomplished
using the software developed by Dr. Liang Ji (the second
author) and Ms Jiang Ni (Dept. of Automation, Tsinghua
University, Beijing, China), named “CGH analyzer” imple-
mented on an IBM-compatible PC, manufactured by Leg-
end Grove, Beijing, China, with the AMD Athlon 500-MHz
processor and 128 MB RAM. Critical steps involved in
karyotyping include the following: (1) the RGB image is
transformed into a gray image by calculating the average
of the three components; (2) the chromosomes are seg-
mented according to the method described by Ji (16); (3)
the segmented chromosomes are used as masks to select
chromosomes from the original color images; (4) the me-
dial axis of each segmented chromosome is determined by
using the Hilditch skeleton (17); and finally, the red and
blue signals are measured along each normal of the medial
axis to obtain integrated density profiles.

Chromosome Feature Extraction and
Normalization

Generally, the chromosomes in a metaphase are divided
into seven “Denver” groups, labeled A to G, and a pair of
sex chromosomes. Ten features extracted from the shape,
banding pattern, intensity, and color information are used
for chromosome classification. The extracted features
were selected based on information provided by human
experts and by the manual classification process.

Two shape-related features are length and centromere
index. Length is obtained easily by measuring the length
of the medial axis of each chromosome. Because different
metaphases may have different scales, they should be
normalized to make the lengths in different metaphases
comparable. The standardized length Len is defined by the
following formula,

Len =L/L

where L is the length of the chromosome and L is the
average length of the metaphase.

Conventionally, the second-order moment along the
medial axis of the chromosome in the DAPI-inverse image



204 YU AND JI

. ,'"1( A=
b
2! 2L

Image P Cormesponding DAPI Image

Fic. 1. Comparison of image P and DAPI image.

is measured and the position of the smallest extreme is
obtained as the centromere position (7). However, some-
times this does not work well. In contrast, the centro-
meres in a CGH metaphase are recognized easily due to
the block of Cot-1 DNA used in the hybridization. Very
low red and green signals appear at the centromere posi-
tions and the pericentromeric areas appear blue. That is, a
linear transformation takes place among the red, green,
and blue images:

P=B—-(R+G)/2

where R, G, and B represent the red, green, and blue
signals, respectively, and P is the result of the transforma-
tion. The image P is important for extraction of other
features. Figure 1 shows an example of image P and the
corresponding DAPI image for comparison.

In the image P, along the medial axis of each chromo-
some, the mean density profile is calculated and the po-
sition of the maximum is recognized as the centromere
position. Occasionally, the P values in the whole chromo-
some are zero or negative. In this case, the centromere
position will be found by using conventional method. The
centromere separates a chromosome into two arms. The
long and short arms are called q and p, respectively. Let Z,,
and L, be the lengths of the p and q arms, respectively.
The centromere index Centro is defined as:

~

P
Centro = I
There are seven banding pattern-related features extracted
as below. One is the mass of the pericentromeric area,
Peri. Mass is the sum of total intensity values in a specific
region of an image. The pericentromeric region is defined
as the region around the centromere in the P image,
where the mean density profile decreases from the max-
imum to 80% of the value. The standardized result is the
mass value divided by the median mass value of the meta-
phase, denoted by Peri.

Four features represent the rough information of the
banding pattern. Let d, and d,, be the integrated density
profiles of red and blue signals, respectively. The ratio d =
d,/d, is then determined, and d,,,., represents the median
value in the d profiles. Let n,, n, represent the number of

points whose values are greater than dmed in the p and q
arms of the d profile, respectively, and let Dos,, pos,
represent the center of gravity of the n, and n, points,
respectively. Then, four features are defined as following:

_ny o _ pos, _ pos,
Jar =3t Jor=73" fpe="pF fae ="

q

q

Another band-related feature is /D, which described the
intensity balance of the q arm in the DAPI image. The q
arm of a chromosome in the DAPI image is divided into
two halves lengthwise. The median intensity values of
each half is calculated as Top,,., and Bottom,,,, The
average gray value gray, of the chromosome in the DAPI
image is used for standardization. fD is defined as:

Topmed - BOttommed
gray,

/D

Similar to fD, mpq represents the intensity difference
between the p and q arms in the DAPI image. It is calcu-
lated as:

|Tp - Tq|
m i —
= gray,

where T, and T, are the average intensity values of the
p and q arms in d,, , respectively.

A color-related feature, »2b, the ratio of the red and the
blue signal, is also used. Let mass, and mass, be the
masses of the chromosome in the red and blue images and
let gray,, gray,, be the average gray values of the chromo-
some in the red and blue images respectively. The stan-
dardized feature is denoted as:

mass, - gray,
r2b=———"""—
mass,* gray.

Multistep Classification Process

Two-step classification is used in automatic karyotyping
to imitate cytogeneticists. The chromosomes are divided
into 10 groups, which are A-1 (1#), A-2 (2#), A-3 (3#), B

Table 1
Feature Combinations

Sequence no. of

classified

Group Feature chromosomes

First step Len, Centro, Peri A-1(1#), A-2(2#), A-3(3#),
E-16(16#), B, C+X, D,
E (17,18), F, G

B fqr (4#, 5#)

C+X Len, Centro, Peri, fpr,  (6#~12#, 23#)

fqc, fpc

D Peri, fD, r2b (13#~15%)

E Len, Centro, Peri, r2b (17#, 18#)

F Peri, mpq, r2b (19#, 20#)

G Len, Centro, Peri, r2b 21#, 22#)
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(4#, 5#), C+X (6#-12#, 23%), D (13#-15%), E-16 (16%), E
(17,18)(17#, 18#), F (19#, 20%), G (21#, 22%), and then
they are assigned to a specific class. The number (or
numbers) in parenthesis denotes the class to which a
chromosome belongs. Because A-1, A-2, A-3, and E-16 are
already specific classes, only six groups remain to be
classified in the second step. The feature combinations are
shown in Table 1.

K-NN Algorithm for Classification

Kernel approach. People often use a “generalized
linear classifier” to enhance the common linear classifier.
As Figure 2 shows, it is impossible to distinguish the two
sets using a linear classifier in the original feature space.
By using certain nonlinear feature mapping, the two sets
are linearly classifiable in a high dimensional image space.
However, in many cases, the dimension of the image
feature space is much larger than that of the original space
and is too large to perform operations, such as the inner
product.

The kernel approach offers a solution to calculate the
inner product in a high dimensional image feature space
without increasing the number of parameters. It provides
one of the main blocks of SVM and has peaked the interest
of researchers in the machine learning field (18). Besides
linear learning machines, the approach has been extended
to other learning systems, such as KPCA (19,20), and has
shown much promise. Consider a case of mapping an
n-dimension feature space to an m-dimension image fea-
ture space:

Sfeature mapping N

) ‘Pm(&))";c € Slv 4’(52) € SZ

o= (xy, -

= (@i(x), -+

where §, is the original #-dimension feature space and S,
is the new m-dimension image feature space. X is an
arbitrary vector in §;, $(X) is the corresponding image
vector in S,. ¥ is an arbitrary nonlinear mapping function
from the original space to a possibly high dimensional
space S, and ¢;, 7 = 1. . .m are feature mapping functions.

A kernel denotes a function K, such that for all x, y € S,

wi(a,0) = (0, 3. 3:) = (xlz’xlxl'xl?)

I \_‘D A
P =

Elrigilul Featune %u‘!

Image Feature Space

Fic. 2. From common linear classifier to generalized linear classifier.

K(x, y) = W(x), 6(p))

where (X, ) denotes the inner product of X and .

The definition of the kernel implies that the inner prod-
uct in the new image feature space can be computed
without actually carrying out the mapping . A specific
choice of kernel function might then correspond to an
inner product of samples mapped by a suitable nonlinear
function . According to the Hilbert-Schmidt theory, K(X,
) can be an arbitrary symmetric function that satisfies the
Mercer condition (18). Three kernel functions are com-
monly used (18): polynomial kernel: K(x, ) = (1 + (X,
PNP; radial basis function (RBF) kernel: K(X, ) =
exp{—|X¥ — y||*/c?); and sigmoid kernel: K(x, ) =
tanh(a(X, ) + B). p, 0, a, and B are adjustable parame-
ters of the above kernel functions. For a sigmoid kernel,
only partial parameters are available (18).

K-NN algorithm. The NN algorithm is an intuitive
classification algorithm (21). It assigns a test sample to the
class to which the nearest training sample to it belongs. A
norm distance metric, such as Euclidean distance (ED), is
used to determine which training sample is the nearest to
the test sample. Suppose that the NN algorithm is imple-
mented in a high dimensional image feature space, the
norm distance in such a space should be computed, i.e., a
feature mapping is applied as above. The square of the
norm distance in the image feature space can be decom-
posed into the sum of several inner products and can be
obtained by applying the kernel approach (22).

When the kernel norm distance is computed as above
and the NN algorithm is applied in the image feature
space, a K-NN classifier is obtained. Extensions of the
conventional NN algorithm, such as a multineighbor NN,
edited NN, can find corresponding versions of the K-NN
algorithm (22).

KMD and the K-NN algorithm. In distance-based
learning systems, besides the ED, the Mahalanobis dis-
tance (MD) is commonly used (23). The MD takes into
account the distribution of samples. Suppose there are
some samples y,;, i = 1...M (column vectors) in an 7n-
dimensional feature space, p is the center vector of sam-
ples (mean value), the centered samples x;i = 1.. .M is
denoted as:

LM
“‘:szi

The ED and MD between the two samples can be calcu-
lated as follows:

EDZ(JZ: 5’]) = (5/1 _j{i)r(j/i _5/_;‘) =(x; — ';Cf/)r (x; — 5"/)

MDZ(in’ 37]) = (371 - )7]')T C; (_)7; - _)7])
=(x,— -;Cj)T C;l(-;"i - ij)

where
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is the covariance matrix of centered vectors. It describes
the location and dispersion of the population.

By definition, C, is a real symmetric and positive
semidefinite matrix. Considering that C, is a positive def-
inite, a new form of the MD distance can be obtained
based on specific data set. Equation 1 is an orthogonal
decomposition of C, and Eq. 2 is the new form of MD.

C.=VAVT Ie))

MD*(X, y) = (X = )'VATVI(x — y)
— (&V_J*}V)TA—l(SCV_)jV)
= (VAT (=3 (VAT = 3")
@

where X, y are arbitrary n-dimensional vectors in feature
space and x", " are the corresponding projections onto
the eigenvector matrix V = [v,,. .. ,0,]. The ith element
of X is the corresponding projection component onto v,,
V' A™! is the diagonal weighting matrix with rank 7. The
ith diagonal element is VW and A, = 1.. .n are eigen-
values of C,.

Equation 2 associates the MD with PCA. PCA is a pow-
erful technique for extracting structure. It is an orthogo-
nal transformation of the coordinate system in which the
data set is described. The projection values in the new
coordinate system are called principal components (PC).
The orthogonal eigenvectors that span the PC space are
called PC axes. PCA describes some intrinsic geometric
properties of the specific data set. If each coordinate axis
of the PC space is weighted by the reciprocal of the
square root of the variance, the PC space is normalized. In
the normalized PC space, PCs are orthogonal and all have
unit variance. Equation 2 shows that the MD in the orig-
inal feature space is equivalent to the ED in the normalized
PC space. We can select some of those “useful” PC axes by
eliminating PC axes that have zero or nearly zero eigen-
values and we can calculate the ED in the selected nor-
malized PC space. This means that matrix V (Eq. 2) does
not need to be square and the rank of VA™' does not
need to be n. The above calculation procedures can be
formulated in a way that inner products are exclusively
used (24), which implies that the kernel approach can be
used here.

KPCA is a kernel version of linear PCA (20). It is an
orthogonal transformation of the coordinate system in a
potentially high dimensional image feature space using
the kernel approach. KPCA does not concern PCs in the
original feature space, but PCs in the image feature space
that are nonlinearly related to the input samples. If the MD
is calculated in an appropriate nonlinear image space, the
high-order correlations of a specific data set may be elim-
inated. The K-NN algorithm with such a distance metric

might obtain better results. As indicated above, the MD is
equivalent to the ED in a selected normalized linear PC
space. By applying KPCA, the KMD can be introduced
(19). In summary, the KMD can be calculated by selecting
the kernel function and calculating the centered kernel
matrix K (20); diagonalizing K and obtaining all the
eigenvalues and eigenvectors; selecting some eigenvec-
tors as orthogonal basis vectors of a new KPC space
according to a certain criterion; computing all KPC of
each sample, i.e., projections onto the selected eigenvec-
tors, and normalizing all KPC, i.e., divide KPC by the
square root of corresponding eigenvalues; and alculating
the ED between projections of different samples in the
selected normalized KPC space.

The K-NN with KMD provides a novel kernel-based
learning system. By performing KPCA and normalizing the
selected KPC space, the distribution of samples of each
class might be reshaped to an approximate unit hyper-
sphere, which makes K-NN more applicable and powerful
especially in classification problems with samples highly
overlapping in the feature space.

In Step 3, the criterion for selection of eigenvalues after
performing KPCA should be set to get satisfactory results. In
this study, the min-max-ratio (MMR) is used as an eigenvalue
selection criterion. A predetermined ratio is set, which is the
smallest eigenvalue in the selected set divided by the largest
eigenvalue in the whole set. For example,

min ()
JESelectedSet

MMR = ————
max (\;)
i€EWholeSet

Any eigenvectors will be eliminated if the ratio of the
corresponding eigenvalue to the largest one is smaller
than the MMR.

RESULTS

We used 71 metaphases. The training set comprised 51
metaphases selected randomly and the test set comprised
the remaining metaphases. Due to the absence of chro-
mosomes, some metaphases comprised 45 chromosomes
or less. Therefore, there were 2,273 samples in the train-
ing set and 893 samples in the test set. In addition, there
were 23 classes.

We used a combination of common K-NN and K-NN
with KMD to accomplish classification. Parameter selec-
tion is an important step in the classification procedure of
K-NN algorithms. The following K-NN algorithms and pa-
rameters were used for experimenting.

First step

Common K-NN, polynomial kernel, p = 10, three neigh-
bors

Second step

B: K-NN with KMD, RBF kernel, ¢ = 1, MMR = 10~ °, nine
neighbors

C+X: common K-NN, polynomial kernel, p = 2, seven
neighbors
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Table 2
Success Rate of the First Step

Table 4
Actual Success Rates of the Second Group*

Training data Test data Error data Success rate (%) Group Total no. Error data Success rate (%)
2,273 893 24 97.31 B 80 7 91.25
C+X 310 40 87.10
D 114 8 92.98
E (17,18) 80 2 97.50
. . _ o _5 F 82 14 82.93
D: K-NN with KMD, RBF kernel, ¢ = 0.5, MMR = 10/, G 71 2 97.18

five neighbors

E (17,18): common K-NN, polynomial kernel, p = 1, one
neighbor

F: K-NN with KMD, polynomial kernel, p = 1, MMR =
1073, 15 neighbors

G: K-NN with KMD, polynomial kernel, p =
1073, 25 neighbors

The above algorithms and parameters were experimen-
tally determined. Because the K-NN algorithms will re-
shape the distribution of the samples, they are sensitive to
the training samples. The parameters, including the num-
ber of neighbors, are very dependent on the training set.
Considering different features have different data range,
all data were normalized to [0,1] before classification.
The success rate of the first step is listed in Table 2. Table
3 shows the original success rate of the second step. The
experiment in Table 3 was done separately to evaluate
algorithms used for different groups in the second step. In
this experiment, some types of data (B, C+X, D, E [17,18],
F, G) were selected from the whole data set to form six
new pairs of data sets. For example, to test the perfor-
mance of the algorithm and the parameters used for group
B, the chromosomes of 4# and 5# were selected from the
original training and test sets to form new training and test
sets. The new sets contained only 4# and 5# and the
features were selected as shown in Table 1. The success
rates of the six groups after the multistep classification are
shown in Table 4, i.e., the algorithms described above
were applied to the resulting groups of the first step. The
success rate of the first step is shown in Table 2. Table 5
includes the final overall success rate of all experiments.
The overall success rate using the conventional NN algo-
rithm is also listed in Table 5 for comparison.

Figure 3 shows a representative example of chromo-
somes that are assigned incorrectly by the algorithm. The
example shows that the pattern of overlapping chromo-
somes was not restored perfectly, which may lead to

Table 3
Original Success Rates of the Second Step*

Training Test Error Success rate

Group data data data %)

B 198 79 5 93.67
C+X 789 310 38 87.74

D 299 117 6 94.87

E (17,18) 199 78 0 100

F 194 77 6 92.21

G 194 76 1 98.68

*Use the original data.

*Use the results of the first step.

unsuccessful classification. Most incorrect samples are
chromosomes overlapping in the original color images.

DISCUSSION AND CONCLUSIONS

This study proposes a straightforward and effective fea-
ture extraction method for CGH karyotyping. Different
from the chromosome classification approaches that use
enhanced DAPI-inverse images for classification (2,5), the
method presented here makes full use of the R, G, and B
signals in the original CGH images to determine the cen-
tromere position and to generate integrated density pro-
files. Simple and robust features are then extracted.

A novel kernel-based algorithm, the K-NN algorithm,
was also employed to accomplish the classification. The
K-NN algorithm is a new application of the kernel ap-
proach and has two forms. By substituting the kernel
distance for the norm distance and introducing KPCA,
common K-NN and K-NN with KMD can be achieved,
respectively. The K-NN algorithm is an extension of the
conventional NN algorithms. It inherits the good ability of
generalization and is especially suitable for small-size clas-
sification. Because the K-NN algorithm has many varia-
tions, such as edited and multineighbor K-NN, and the
kernel approach depends on the selection of kernel func-
tion as well as the parameters, the K-NN algorithms should
be examined thoroughly for a specific problem. The so-
lution still depends on experimentation. There has been
no ideal theoretical guidance yet. Once a suitable combi-
nation of K-NN algorithms and kernel parameters is set
according to a specific training data set, this classifier will
achieve satisfactory success rates and good ability of gen-
eralization.

In this CGH karyotyping problem, we used a multistep
classification strategy. A combination of the common
K-NN algorithm and the K-NN with KMD algorithm was
used for classification. We selected suitable variations of
the K-NN algorithms and parameters of kernel function
according to distribution of the samples in the training set

Table 5
Overall Success Rate After Two Steps

Training Test Error Success rate

Algorithm data data data %)
K-NN 2,273 893 76 91.49
Conventional NN 2,273 893 138 84.55
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Fic. 3. Representative example of incorrectly assigned chromosomes.
Arrows indicate the incompletely restored pattern, which leads to incor-
rect classification (left). The chromosome in the original CGH image,
which overlaps with other chromosomes (right).

by experimenting. Finally, a high success rate of 91.5%
was obtained.

However, there is a room for improvement in chromo-
some classification. Because the selection of the kernel
parameter and the K-NN variations lack sufficient theoret-
ical guidance, better results may be found after more
experiments. The normal human karyotype consists of 22
pairs of autosomes and a pair of sex chromosomes (6). A
simple context-sensitive classifier based on the number
constraint of the homolog chromosomes in a metaphase
may improve the success rate (25). A lot of overlapping
chromosomes are found in the metaphases. The patterns
in the overlapping regions cannot be restored completely
by the segmentation method (16). We should improve the
segmentation method rather than the classifier alone. In
addition, further image enhancement of CGH images be-
fore feature extraction may improve the success rate.
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