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Data-Driven Homologue Matching
for Chromosome Identification

Ronald J. Stanley, James M. KelleiSenior Member, IEEEPaul GaderMember, IEEE and Charles W. Caldwell

Abstract—Karyotyping involves the visualization and clas-
sification of chromosomes into standard classes. In “normal”
human metaphase spreads, chromosomes occur in homologous
pairs for the autosomal classes 1-22, and X chromosome for
females. Many existing approaches for performing automated
human chrom osome image analysis presuppose cell normalcy,
containing 46 chromosomes within a metaphase spread with
two chromosomes per class. This is an acceptable assumption
for routine automated chromosome image analysis. However, W& *%
many genetic abnormalities are directly linked to structural or %i """"" > o
numerical aberrations of chromosomes within the metaphase : 3
spread. Thus, two chromosomes per class cannot be assumed for
anomaly analysis. This paper presents the development of image
analysis techniques which are extendible to detecting numerical g g ogB o
aberrations evolving from structural abnormalities. Specifically, ﬁ § é %% §§§ @ §§
an approach to identifying “normal” chromosomes from selected o " L
class(es) within a metaphase spread is presented. Chromosome
assignment to a specific class is initially based on neural networks,
followed by banding pattern and centromeric index criteria 5
checking, and concluding with homologue matching. Experimen- £g-»52 YT ¥ S 8
tal results are presented comparing neural networks as the sole % %
classifier to our homologue matcher for identifying class 17 within 19 20 21 22 X Y
normal and abnormal metaphase spreads.
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Index Terms—Chromosomes, dynamic programming, homo-
logue, karyotyping, neural networks.

I. INTRODUCTION

ARYOTYPING refers to the visualization and classi-
fication of chromosomes found in metaphase spreads.
Fig. 1 contains a normal female metaphase spread and its
corresponding karyotype. Visually, the chromosome pairs,
known as homologues, appear similar. Normal cells contain
homologues for chromosome classes 1-22, the autosomes,
and the sex chromosome X for a female or paired X and
Y sex chromosomes for a male. In the karyotype above, the
homologues visually appear similar enough to one another as
well as close enough to “typically” normal for the cell to be
considered normal. Thus, there are two criteria in evaluating
Manuscript received June 11, 1997; revised January 8, 1998. This work was
supported by the National Library of Medicine-Cancer Affiliate under training
Grant 5T15 LM/CA07089-04 and by a grant from the University of Missouri
Research Board. The Associate Editor responsible for coordinating the review

of this paper and recommending its publication was M. W. Vanmisterisk
indicates corresponding author.
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Many existing approaches for performing automated chrtesmated chromosome classification using neural networks has
mosome image analysis presuppose a fixed number of chrorachieved isolated chromosome-recognition rates as high as
somes per class, two, and 46 chromosomes within a metaph@s8&% for the Copenhagen dataset, which is considered one
spread for achieving better classification [1]-[5], which is truef the benchmark datasets for chromosome analysis [3], [10].
for normal cells. For routine automated chromosome imagwever, all 46 chromosomes within a single cell are correctly
analysis, this may be a reasonable assumption. However, wlassified in only 12.6% of the cells. The features used in
chromosomes per class cannot be assumed for abnormatityse studies include: normalized area, normalized length, nor-
analysis. Many genetic anomalies are directly linked to strumalized convex hull perimeter, centromeric index, weighted-
tural or numerical aberrations in the chromosome complemedénsity distribution’s (WDD's), standardized density profiles,
The focus of this paper is the development of image analysiad others [3], [9]. The strength of using neural networks is
techniques that are directly applicable to evaluating numerichht they are capable of generalizing the classification function
aberrations evolving from structural abnormalities. Specifirom the data quite well. Neural networks used for chromo-
cally, a method is presented to identify chromosomes frosome classification treat each chromosome encountered as an
selected class(es) within a metaphase spread. The method dagiependent event. neural-network misclassification at the cell
talizes on the principle of least commitment [6], [7] and avoidgvel leads to incorrect chromosome assignment or to an incor-
the two-chromosome-per-class assumption. Chromosome @&t number of chromosomes assigned for the respective class.
signment incorporates neural networks, banding pattern andur technique addresses the problems associated with
centromeric index criteria checking, and homologue matchingeural-network misclassification by using the chromosome
The basic technique is to use as much information as availablith the greatest margin of neural-network confidence victory
to find homologous pairs. For the selected class, the beésthe selected class; satisfying additional banding pattern and
representative or primary chromosome is found within theentromeric index criteria as the prototype for the selected
metaphase spread. Homologue candidates are obtained uslags. The prototype chromosome is matched to candidate
simple criteria. The candidates are matched to the primatjromosomes within the metaphase spread for homologue
chromosome for homologue determination. The homologassignment. Finding other chromosome(s) from the selected
found is rematched using the same process. With the puatass uses the context of the cell and the fact that chromosomes
pose of aiding a cytogenetic expert, making no decision fasually occur in similar pairs.
chromosome assignment is better than an incorrect assignmenin addition to the misclassification case, the two-chromo-

somes-per-class assumption may lead to an incorrect number
Il. BACKGROUND of chromosomes assigned to a selected class. Suppose that
. ) . . .. a metaphase spread has one “normal” chromosome from a

Chromosome misassignment limits the clinical applicatiogy|ecteq class and that the neural network finds two winners for
of automated karyotyping. There is an explicit need to avojle sejected class. Assume that misclassification has occurred
false-poslltlve s (FP’s), assigning chromosor_n(.as.tg a Specifign the assignment of the second chromosome to the selected
class ‘_’Vh'Ch do nqt belong to th"’}t class. Mlnlmlzmg. the FElass. Further, suppose that the patient for which the metaphase
rate directly cont_rlbutes to reducing the false-negative (F'_gbread is analyzed has a type of leukemia that results in a
rate for_ abnormality asse_ssment. He_r_e, a FN refers to a paﬂw%ng number of “normal” chromosomes from the selected
determme_d_ free of a particular condition when the patient h@%ss. In this case, the incorrect chromosome assignment
that condition. o _ , _results in improperly assessing the patient's condition. Our

Several genetic CO.ndItIOI’]S are directly linked to Spec'ﬂr‘hethod attempts to overcome this case with homologue
chromosomal aberrations. For example, acute promyelocylic.hing to the best representative of the chromosome
leukemia has been associated with dlstortu_)ns n o[\e chg r the selected class found within the metaphase spread.
mosome 15 and one chf‘omosorpe 17, leaving one “norm hus, this technique has the capability to analyze multiple
chromosome 15 and one “normal” chromosome 17. Incorrecﬂ%ural-network winners for potential homologue matching.

classifying chromosomes as “normal” class 15, class 17, Ofrpq transportation algorithm has demonstrated chromo-

not assigning “normal” .chromqsomes to those classes.tlg fne classification optimization in other studies [11], [12].
belong to those classes is the difference between appropria transportation algorithm typically utilizes the two-

diagnosing a patient as potentially possessing acute pr0my%ﬂfomosomes—per—class constraint for classes 1-22, two

cytic leukemia or missing the diagnosis. Thus, the techniqgf-ass_x chromosomes, and one class-Y chromosome. Utilizing

employed to identify chromosomes from the selected Cla§§é)lus and slack variables, the transportation algorithm can be

. ) ~98ar
must have high confidence that the chromosomes assIgNERy to accommodate for a variable number of chromosomes
to that selected class belong to that class. Furthermore, RYt o given class. The transportation algorithm was used
only do the chromosomes have to be correctly assigned, Bgt the benchmark for comparison in this study based on

th_e T“”"ber of chromosomes determined for a particular Claéﬁ[imizing feedforward neural-network confidence values for
within a metaphase spread must be correct. chromosome assignment

A. Neural Networks and the Transportation Algorithm B. Chromosome Feature Delimiters

Neural networks have been shown to classify individual There are many chromosome features that have shown
chromosomes with high recognition rates [3], [8]-[10]. Aueapability of identifying and delimiting chromosomes. Most
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Fig. 2. Ideograms for classes 4 and 15 at the 400-band level: (a) class 4
and (b) class 15.
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Fig. 3. Image of chromosome 17’s from various cells. Chromosomes labeled

chromosomes can be classified based on their relative lendthg. 3. and 4 are homologues.
centromeric index, and banding pattern in the context of the
cell. From Fig. 1 notice that chromosome length gradually
declines following from class 1-22. With subtle variationd?’s in & composite image, illustrating the variation in size
among cells, such as preparation technique, size, and chrofd banding pattern for those chromosomes. Incorporating
some morphology, many classifiers use that information Viis knowledge, Zimmermaret al. performed chromosome
normalized-chromosome length for the cell. classification primarily relying on the number of bands [13].

Besides length, the centromeric index provides a significant
amount of chromosome delimiting capability. The centromerc. Homologue Matching and Markov Models
index is commonly defined as the ratio of the chromosome’s

Our approach to chromosome classification incorporates the
short arm g-arm) to the total chromosome length. The ceng, bp P

; i X : owledge that there should be 22 pairs of homologues and the
tromere is usually Iocat.ed n a constricted region algng t@ x chromosomes. Instead of 46 chromosomes, classification is
chromosome contour. Fig. 1 illustrates the unique positions g plified to assigning 22 pairs plus the X and Y chromosomes
centromeres for chromosome classes 4, 7, 15, 20, and _X (bl"l’t(}kthe appropriate classes. Zimmer | established the
arrows). Classes 13, 14, 15, 18, 21, 22, and Y contain aCifymise of matching chromosomes as homologous pairs for
centric centromeres near the top of the chromosome’s shQdsification purposes [13]. Their procedure does not directly
arm. The other chromosome classes, where the centromergyig.nq to classification for numerical aberrations because

closer to the middle of the chromosome, are referred t0 @s,omosomes are homologously paired for karyotyping.
metacentric. The centromere locations, which may occur atPerforming chromosome classification in the context of

unique points along the chromosome, also provides delimiti%gsmme cell is important for analyzing many chromosome
capability. Thus, knowing the centromeric index delimits thg,atures. Chromosome banding pattern comparison within a
set of classes to which the chromosome belongs. cell is an approach to compensate for the variability between
The banding pattern provides important information foge|is. Gregor and Granum investigated chromosome analysis
chromosome classification. Each of the 24 classes POSse$seSrporating Markov networks [14]. Dynamic programming
unique banding patterns. Fig. 2 presents an idealized bandifGne framework of the Markov model has been applied to
pattern for two different classes at the 400-band level, whighromosome analysis [15].
refers to the approximate composite number of bands fOU”dAIthough Markov models have been used with relative
over all chromosomes within a single metaphase spreagiccess, there are several difficulties. First, Markov models
Common band levels include 300, 400, 550, 800, and ZOQ{}e Comp|ex_ There are many parameters which must be
The band level often indicates the degree of condensation gf€brporated into the model, such as transition probabilities
length of chromosomes found within a metaphase spread agfld exclusionary and inclusionary substring probabilities to
therefore, affects certain features, such as length and bandipgcific classes. These parameters detract from the direct
pattern. comparison, which is made between chromosomes within
Unique banding patterns for each class provide for sevetak same cell. Second, substrings are sought out through
band features which are useful for chromosome-classificatioémparing strings from the same class. Again, the Markov
purposes. One of the simplest is the density profile, thgocess circumvents direct cell-specific analysis of chromo-
mean grey level along perpendicular lines to the medigbmes, which is the context wherein anomalies should be
axis of the chromosome, providing a grey-level representassessed.
tion of the banding pattern. Due to variations in prepara- Our approach for incorporating dynamic programming uses
tion technique, sources of the cells, and image enhancemeimtomosomes with high confidence for belonging to the spe-
technigues accompanying image acquisition, it is difficult toific class within the cell of interest as the benchmark for
consistently obtain a generalizable banding pattern for grefyrther comparisons. This accounts for the natural variation of
level chromosome images. Fig. 3 shows several chromosoamomosomes from cell to cell that are considered normal.
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Find chromosomes within metaphase spread through segmentation process
Find medial axis representation for all chromosomes within metaphase spread
Compute features for all isolated chromosomes within metaphase spread
Determine candidate pool for selected class
Eliminate candidates based on banding pattern and centromeric index criteria
IF candidates remain
THEN Determine primary chromosome for selected class
Scale profile(s) of primary and candidate chromosomes
FOR remaining candidates
Use dynamic programming to match the primary chromosome to the candidate chromosomes
Form confidence distribution for candidates from dynamic programming matching scores
FOR remaining candidates
Compute distance measure for size features and centromeric index between primary chromosome and
candidate
Form confidence distribution based on distance measure for candidates
FOR remaining candidates
Compute the final confidence
Take the highest confidence candidate as the homologue
Find neural network winning class for homologue
Determine candidates based on homologue winning class and primary chromosome
Eliminate candidates based on size feature and centromeric index criteria
FOR remaining homologue candidates
Use dynamic programming to match the homologue chromosome to the candidate chromosomes
Form confidence distribution for candidates from dynamic programming matching scores
FOR remaining homologue candidates
Compute distance measure for size features and centromeric index between homologue
chromosome and candidate
Form confidence distribution based on distance measure for candidates
FOR remaining homologue candidates
Compute the final confidence
Take the highest confidence candidate as the matching chromosome
IF matching chromosome is primary chromosome
THEN assign primary and homologue chromosomes to selected class
ELSE
assign primary chromosome to selected class
END IF
ELSE
no chromosomes assigned to selected class

Fig. 4. Algorithm for homologue matching.

Ill. HOMOLOGUE-MATCHING ALGORITHM each connected component of the globally thresholded im-

The goal for the homologue-matching algorithm present@@€; an automated local thresholding procedure was used to
is to make chromosome assignments with high Conﬁden@énltate object separation. Finally, a]l objects were labeled
of correctness. No assignment is considered better than4i'9 connected components analysis [17]. Each segmented
incorrect assignment because FP classifications can lead @@9€ served as the outer boundary for orthogonal line con-
rectly to FN diagnostic assessments for genetic conditiopuction from the skeleton. O_nly isolated chromosomes within
relating to specific chromosomal anomalies. The algorithfi€t@Phase spreads were of interest for this study.
for determining homologues from metaphase spread images .
relating to isolated chromosomes is contained in Fig. 4 andBs Feature Extraction
described in the following sections. Following segmentation and skeletonization, feature extrac-

tion was performed for each chromosome found within the
o metaphase spread image. The features computed and used for
A. Image Segmentation and Skeletonization analysis include: 1) chromosome size (length and area), 2)

The feature extraction process utilizes three program inputentromeric index, 3) banding pattern features including total
The inputs are: 1) the original metaphase spread image, 2) thanber of bandsy-arm bands, andg-arm bands, 4) profiles
segmented image of the metaphase spread image, and 3)atbag the medial axis based on orthogonal lines to that axis,
skeletons determined from the segmented image. Fig. 5 shawsl 5) WDD function values [2], [19] from profiles including
the feature extractor inputs. density and shape.

The segmented images were generated from a three stephe algorithm for extracting features from chromosomes
process [16]. The initial step automatically generated amdthin metaphase spreads was largely based on the algorithm
applied a global threshold to the entire input grey-level imagdescribed in [18]. The actual implementation of the mean
providing an under segmentation of the image. Second, fgrey level or density profile, shape profile, chromosome width
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Fig. 5. Inputs to the feature extractor: (a) original metaphase spread imat

(b) segmented image, and (c) skeletonized image.

chromosomes and used as inputs to a feedforward network for
assigning confidence values to the desired class.

C. Candidate Determination

Once the features were computed for the chromosomes
found within the metaphase spread, candidate chromosomes
from a selected class were determined using confidence values
obtained from a feedforward neural network with scaled WDD
features as inputs. The WDD features have provided high
classification capability in the automated karyotyping system
development at the University of Missouri. Other studies have
shown that the WDD features provided significant discrimi-
nating capability for identifying chromosomes from specific
classes [3], [19]. The weights used in the neural network
for assigning confidence values to chromosomes within the
metaphase spread were obtained from an “optimal” network.
The “optimal” network was obtained using the procedure in
Fig. 6.

The WDD features over the 4200 chromosomes comprising
the training set were analyzed. The maximum and minimum
WDD value for each of the 18 features were determined and
stored in a look-up table. The WDD features computed in the
test metaphase spreads were linearly scaled using the look-up
table created from the training set. This mapped the feature
values into the range-1 to 1.

The WDD features were computed and scaled for each
chromosome within the metaphase spread image and input
to this “optimal” feedforward network. Confidence values for
each chromosome belonging to the class of interest were de-
termined. The initial candidates chosen were the chromosomes
with confidence values greater than zero in the desired class.

D. Candidate Elimination Using Band
Features and Centromeric Index

Other studies suggest that the number of bands and cen-
tromere location provide chromosome classification discrimi-
nating capability [22], [23]. Upon finding the initial candidates,
our research focused on eliminating candidates not possessing
banding pattern representations and centromeres characteris-
tic of chromosomes from the selected class. The banding
pattern representation was based on finding the light-to-dark
transitions in the median filtered density profile. Bands were
segmented by finding the light-to-dark and corresponding
dark-to-light transitions. Light-to-dark transitions are identified
s inflection points (second derivative equal to zero) with
Irst derivative greater than zero. Dark-to-light transitions are
labeled as inflection points with first derivative less than zero.
Dark bands consisted of the profile samples from the light-

profile, and WDD features is extensively described in [19]. The-dark transition point up to but excluding the corresponding
shape profile was computed at each axis point as the sundafk-to-light transition point. Light bands were defined sim-
the grey values at each orthogonal line point multiplied by it&rly.

corresponding squared Euclidean distance from the axis poinBased on the band segmentation, four band features were
divided by the sum of the grey values along the perpendiculdetermined. The four band features were: 1) total bandg; 2)
line [18], [20]. From those features, other attributes includirm bands, 3}-arm bands, and 4) binary band profile. Total
ing the centromere, polarity assignment, and banding pattéyands were computed as the total number of light and dark
representation were computed. The WDD features, derivednds detected. In relation to centromere locatipres;m and

by Granumet al. [2], [19], were computed over all isolatedg-arm bands were calculated. The binary band profile is the
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Obtain 4200 chromosomes with 175 per class from G-banded chromosome image library at the University of Missouri
Compute WDD features based on density and shape profiles for the 4200 chromosomes

Determine maximum and minimum value for each WDD feature

Linearly scale each WDD feature based on maximum and minimum found

Perform an 80-20 jackknife to obtain 133 per class for training set and 42 per class for testing set

Train and test network every 100 epochs until testing classification rate decreased

Obtain “optimal’ network training/testing from previous step for variety of network configurations with one hidden layer
Retrain entire 4200 chromosome image features for “optimal” network configuration and number of epochs to obtain weights

Fig. 6. Procedure for finding “optimal” neural-network weights.

TABLE |
FEATURE VARIATION FOUND WITHIN CHROMOSOME17 DATASET FOR 400-BanD LEVEL
Centrometric index Total bands p-arm bands g-arm bands
Maximum found 0.44 13 6 9
Minimum found 0.18 5 1 3

binary representation of the median filtered density profile &®mologue-matching algorithm utilized the strongest neural-

light and dark bands with dark bands as ones and light bandstwork winner in the selected class as the prototype. Strong

as zeros. neural-network winners in other classes appeared to be po-
The centromeric index is defined as the ratio of the chrtential prototypes for those classes, and, thus, rejected as

mosomep-arm or short arm to the total chromosome lengtitandidates for the selected class. Table | presents the ranges

The short and long arms are determined in relation to tfieund within the database used for validating candidates from

centromere based on a centromere attribute integration afass 17.

proach. Based on the shape and width profiles, there are threln order to facilitate banding pattern comparisons performed

centromere attributes integrated for centromere identificatian.the dynamic programming matching process, polarity must

The centromere should be located in a region of: 1) mitve determined for all chromosomes. Polarity refers to finding

imum width, 2) extreme concavity along the chromosonthe top of the chromosome through identification of ghe

contour, and 3) uniform grey level. A formal discussion o&nd g-arms, designating the top of thearm as the top of

the centromere identification algorithm is presented in [24].the chromosome. The algorithm implemented for assigning
In [22], an approximate linear relationship for the numbgyolarity is discussed in detail in [25].

of bands found with the chromosomes within a given cell was

demonstrated. In order to account for the cell variability and, Primary Chromosome Selection and

band relationship, the range of band features and centromewistching to Candidate Process

index were found over a chromosome image database for th%rom the remaining candidates, the chromosome with the

selected class. Based on the band feature and centromgrc, o margin of victory in neural-network confidence was

index ranges found for the selected class such as chromos Ssen as the reference, prototype, or primary chromosome. If

171in T‘?‘b'e | (Section II-E), candidat'e inclusionary rules Welo candidates remain, no chromosome was assigned to that
determined from the range of variation for those features. class for the cell under consideration. After determining a
primary chromosome and a set of candidate chromosomes,
the remaining candidates were automatically inspected to
The candidates found from the neural network were crodstermine the matching homologue using dynamic program-
validated with the band features and centromeric index rangesng. Recalling the profile determinations from Section IlI-B,
Candidates not possessing band features and centromericeaeh isolated chromosome is characterized by profile values
dex within the acceptable ranges found from the databdseind sequentially at every medial axis point (sample). The
were eliminated from consideration. The ranges used wetesignated starting point for every chromosome was the sam-
maximum and minimum values obtained from the trainingle corresponding to the top of the chromosome, as found
data, as shown in Table I. The band feature and centromauging the polarity assignment algorithm in Section IlI-E. Every
index range constraints were utilized for two reasons: $ample point was characterized with a two-dimensional (2-D)
they incorporated the chromosome classification delimitingector including the scaled profile value and the corresponding
capability of the number of bands [22] and centromeric indeohromosome incremental length value. The total chromosome
as shown in Fig. 1 and 2) they accommodated for variabiliguclidean-distance length was broken into increments between
in normal cells in establishing a baseline for normalcy. Asonsecutive samples, with incremental lengths between medial
an additional user-imposed constraint, candidates found axis points of one ory/2. The sum of those increments
be strong winners by a significant margin, 0.90, in anothgrelded the chromosome length. Fig. 7 illustrates the breaking
class were also eliminated from further consideration. Tl the medial axis lengths into incremental lengths with the

E. Candidate Cross Validation
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> Forj‘:2,‘---,m‘—1:
b c Fori=j4,---,j+n—m
d Fork = j, ---, 4. compute
i
Fig. 7. Digital image grid containing medial axis poinrtsb, ¢, andd. The i Z T,
eight-connected Euclidean distance assigned to acaadhe square root of N N —k
two, and Euclidean distance of one is reservedifoPointd is a reference L = Lery Ty, = W’
point and is excluded from the 2-D vector. =k t

§j,0 = mIn(sj—1 -1+ |27 =yl + |27, = vi))-
corresponding scaled profile values. The grid shown in Fig. 7
ital i : : For j = m:
represents a digital image grid. Poiatandc have incremental ™~ _
lengths ofv/2, and pointh has incremental length of one. Point * = ™

d is used as a reference position and is excluded from the 2-D Fork =m, -, n: compute
vector over the chromosome length. The total length for the i

axis shown in Fig. 7 is twa/2 + 1. For each axis point, b, ; Zxcz
and ¢, there is a corresponding scaled profile value to make = Z z ot = =k

the 2-D vector along the chromosome length. “ — ATy k1

A scaled profile value corresponded to each profile length
increment. With the length increments of one\@, the profile

was scaled mapping the maximum primary profile valug/to Here, s, , is the final cost for matching X to Y. The

and the minimum prpﬂle vglue to zero. Linear scaling Was_‘ﬂsgnamic programming matcher was used to score the primary
to adj_ust the remaining primary profile values and also unh; romosome to all other candidate chromosomes.
to adjust the candidate profile values based on the same linear

factors used in the primary profile. The profiles examined he
were the median filtered density profile, the median filtere
shape profile, and the binary band segmentation profile. ~ After completing the dynamic programming matching on
The matching process was performed between 2-D vectéi candidates, a confidence distribution was formed over
of the primary and each of the candidate chromosoméfél. candid_ate_ to _primary matching scores. The dynamic con-
For our chromosome sequence matcher implemented, fi¢nce distribution (DCD) was formed by the expression:
cost function incorporated deletions and insertions but Ao—(candidate score/highest scorewhere the highest score
substitutions [26]. The shorter of the primary sequence al@S @ssociated with the worst match case.
the candidate sequence in samples was used as the referenlf 2ddition to the confidence distribution formed by the
sequence with the other as the comparator sequence. Qnamic programming scores, a confidence distribution
2-D elements or samples of the reference and compara\f‘(ﬁs for_med from a distance measure relating to the t.hree—
sequences were used without deletion. Deletions, in the contdgensional (3-D) chromosome feature vector containing

of this algorithm, were insertions of comparator sequend&2!ed Ir:ar_lgtr, sdcalﬁd area, and ;palid centror:nerlc |nde>c<i.
elements into the reference sequence. Our method for sco each Isolated chromosome ,W't, In the metaphase spread,
the matching process was as follows: the length, area, and centromeric index were computed. The

1) Let the reference sequence be given ¥ = mean and standard deviation were found for the length, area,

Sm,n = W(Sm—1, k=1 + |27, — Y| + (27, — s [)-

. Confidence Distribution Formations

(v1, y2, -, ym) and the comparator sequence be give%nd centromeric index over all isolated chromosomes within
atsl;)(t 2 (x,ltr;jz? coe) @), Wheren > m, j = 1, -+, m the metaphase spread. The length, area, and centromeric index
- ? ? ? nj — ’ - ? ? '

features for each chromosome were scaled so that the mean

i =1 - n. .
Here, the first component;,, y;, represents the |ength\\llva;:§eogoer each feature was zero and the standard deviation

increment, and the seco ;, corresponds to the scaled .
nd, s, P Based on the scaled length, area, and centromeric indexes,

profile va_llue.* the city block distance was computed over the 3-D feature
2) Deflnea:j as the current comparator element and as . .
the minimum cost of matching the sequenge gs, -- -, vectors between the primary chromosome and the candldat(_a
27" I chromosomes. Using the distance measures between the pri-
to L1y, X2, ", Ls. H . H H H
mary and candidate chromosomes, a confidence distribution
For j = 1: was formed. The distance measure confidence distribution
Fori = 4, ---, 7 +n — m: compute (DMCD) was calculated ast—(candidate distance/maximum
distance.
i The final set of confidence values was determined from the
‘ pr confidence distributions of the dynamic programming scores
. ! A K and the size and centromere distance values as the product of
Tin = Z Lo Eiy = T the corresponding confidence values from the DCD and the
c=1

. . DMCD. The candidate with the highest final confidence value
s1i = eh =yl 4 g, =yl was deemed homologue to the primary chromosome.
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Retain original primary chromosome as a candidate
Find all non-zero neural network confidence chromosome corresponding to winning class of homologue

Apply band feature, centromeric index, and winning neural network margin rules to newly determined candidates
Perform dynamic programming matching between homologue chromosome and its candidates

Find dynamic confidence distribution
Compute city block distance between homologue and its candidates over scaled size and centromeric index features

Find distance measure confidence distribution

Compute final confidence distribution using confidence values from dynamic programming scores and distance measures
Identify best match to homologue as candidate with highest final confidence value

Fig. 8. Algorithm for matching homologue to candidates.

process. The homologue candidates are labelgtiKeeping
the primary chromosome as one of the candidates, aihd “

Ej‘. T; s N e corresponds to the homologue’s best match. Note that the
L4 i A i EE homologues found are matching chromosome 17's. The win-
Be HM M@ I f]F ( 9 9 _

2 % -;in L ning neural-network classes for the primary and homologue
chromosomes, 17 and 16, respectively, cause the candidate
differences in finding the homologue and in rematching the

el g homologue. Table VI presents the primary to homologue-

e& Uy © E kT ip b o i matching confidence values for the dynamic programming

ﬁ&. = rrﬁ ....‘E HE BEE Wy confidence distribution and the DMCD in forming the final

al confidence values. The homologue-rematch candidates and
confidence values are also shown in Table VI. The candidates

are labeled in Table VI in accordance with Fig. 9.

ik} cd p

531: ia B ﬁh . -3 B IV. EXPERIMENTAL RESULTS AND DISCUSSION

.. N o2 ad a3 Three types of experiments were performed to assess the
E homologue-matching algorithm: 1) homologue matching over

s § ...i. Za . Eg an entire image containing the same class of chromosomes, 2)
- . ot 6% homologue matching in the context of metaphase spreads, and

3) homologues chosen as top two neural-network winners.

Fig. 9. Sample image analyzed by homologue matotier: - -, 5: candi- A. Homologue Matching Over Entire Image
dates for finding homologues;: primary chromosome for finding homologue; Containing Same Class

h: homologue (best match to primary)t, - - -, a7: candidates for rematching
homologue;r: rematch to homologue.

The testing conditions were as follows: 1) obtain matching
homologues from four cells, 2) imbed those matching homo-
logues into an image of additional chromosomes which were
from the selected class but were not matching homologues,

The homologue was matched to find its closest fit using ti% apply the homologue-matching algorithm using one chro-
algorithm in Fig. 8. If the best match was with the originamosome from each pair as the primary chromosome, and 4)
primary chromosome, two chromosomes from the selectsdore the algorithm’s ability to find the matching homologue
class were assigned for the metaphase spread. If the Hestthe four cases.
match was not the original primary, the homologues were For the experiment performed, the composite image con-
not matching. For this case, only the primary chromosonsésted of 16 chromosome 17’s from various cells, possessing
of the selected class was assigned for the metaphase sprbadd levels from 400 to 550. There were four homologous
If no primary chromosome was found, no chromosome of thpairs of chromosomes within the composite image. Fig. 3
selected class was assigned for the metaphase spread. contains the image of 16 chromosome 17’s. The homologous
pairs of chromosomes are labeled as pairs 1, 2, 3, and 4 on the
image. The experimental results using each profile for finding

In order to illustrate the homologue-matching algorithnmthe homologues are displayed in Table I, which shows that all
an image example is presented. Fig. 9 contains a karyotyp@mologues were matched. This is an important result for sev-
image analyzed by the homologue matcher. The chromosonreeal reasons. First, matching homologues within the composite
denoted with ¢” are the initial candidates found satisfying thémage of chromosomes from the same class manifests some of
banding pattern and centromeric constraints from Table |, atite differences between cells in preparation technique, banding
label “p” corresponds to the primary chromosome. From theattern, and size. Second, the matching process shows the ca-
t” denotes the homologue or best match to theability to find similar chromosomes. For the 16 chromosome

H. Homologue-Rematching Algorithm

I. Homologue-Matching Example

candidates, #
primary chromosome using the density profile in the matchiig’s contained within the composite image, 14 had neural-
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TABLE I TABLE Il
HOMOLOGUE MATCHING FOR CLASS 17 FROM COMPOSITE IMAGE HOMOLOGUE MATCHING RESULTS FOR55 METAPHASE SPREADS
Homolg pair DM SM BM Cell DM SM BM Cell DM SM BM
1 y y y 1 y y y 29 y y m
2 y y y 2 y y y 30 y i y
3 y y y 3 y i y 31 i i i
4 y y y 4 y y i 32 y y y
, _ — — 5 y y y 33 y i y
DM: Scaled density profile with the size distance measure. 6 34
SM: Scaled shape profile with the size distance measure. M y y Y y Y
BM: Scaled binary band segmentation profile with the size distance 7 y ! ! 35 y y y
measure. 8 y y y 36 y y i
y:  Homologues correctly found. 9 y y y 37 y y y
10 [ i y 38 y y y
i . . 11 [ 39 m
network confidence values which were the winner for class;, 3,/ y ;/ 40 ;’ y 5/
17. The ability to find chromosomes coming from a specific 13 y i y 41 y y y
class is important for karyotyping and anomaly detection. For14 y y y 42 y y y
analyzing chromosomal anomalies, a baseline for comparisor® y y y 43 y y y
must be established. Because chromosomes in a normal ce 5 )|/ ;’ ig ;’ ;’ ;’
occur in pairs or homologues, the ability to disseminate the;g y y y 46 y i y
degree of similarity is important for evaluating chromosomes 19 y y y 47 y y y
within the context of a given cell. For abnormality analysis, 20 i i y 48 y y y
the higher the confidence in the degree of similarity between?! y y y 49 y y y
chromosomes (pairs), the higher the confidence of predictinég 3: 3|’ 3|' g‘f i’/ i’/ 3;
that chromosomes found for a specific class within a given,, y y y 52 y y y
cell are normal. Using a vigorous matching process for homo-,5 i y i 53 i i i
logue assessment enables prediction with high confidence thats y y y 54 i i i
chromosomes for a selected class indeed belong to that clasy y y y 55 [ i [
y y y

and are similar, which is the process of evaluating normalcy.?®
This experiment demonstrates that the baseline is not achievedwm: scaled density profile with the size distance measure.
using only neural-network confidences. SM: Scaled shape profile with the size distance measure.

BM: Scaled binary band segmentation profile with the size distance measure.
y: Correct homologues for chromosome 17 found

. . (two chromosomes assigned).
B. H0m0|09ue MatChmg Usmg Metaphase Spreads i No matching homologues found for chromosome 17

The second set of experiments analyzed the ability of ~ (one chromosome assigned).
) : gues for chromosome 17 found

our system to find chromosomes of the selected class from  (two chromosomes assigned).
metaphase spreads. Chromosome 17 was the selected class.
Using an independent test set, the experimental procedure fol-
lowed for 55 metaphase spreads obtained from the Universifere the primary chromosome was incorrectly determined.
of Missouri library was: 1) input each metaphase spread usifigr the dataset tested, the primary chromosome was always
the algorithm for homologue matching previously describd@und from the correct class, chromosome 17.
and 2) score the homologue-matching results for the densityBesides the 53 cases where there were two isolated 17’s
profile, the shape profile, and the binary band segmentatiofthin the metaphase spread, there were two cases with only
profile. The experimental results for the 55 metaphase spre@#¢ normal chromosome 17 within the cell. These two cases
tested are shown in Table IlI. instantiated the proof of concept process for abnormality

Of the 55 metaphase spreads analyzed for this expeassessment using homologues. In those cells there was a
ment, 53 contained two isolated chromosome 17’s. For tho§anslocation between chromosomes 15 and 17, distorting one
metaphase spreads, g§'“was obtained where the primaryof the chromosome 17’s. This translocation has been associ-
chromosome was properly determined, the correct homologated with a form of acute promyelocytic leukemia. Possessing
was found, and the homologue matched to the primary chi@aly one “normal” chromosome 17, primary chromosome
mosome. An #” was assigned where only the correct primargetermination is expected. However, the primary chromosome
chromosome was found, and the homologue did not matghould have no matching homologue for proper analysis of
the primary chromosome, i.e., the homologue matched tdthe cell, i.e., there is only one chromosome 17 assigned from
chromosome other than the primary. For several cases, the e metaphase spread. Correspondingly, a correct analysis
mary chromosome matched to the correct homologue but tfethe metaphase spread is scored with ari Metaphase
homologue matched to another chromosome, thereby maksmeads (cells) 54 and 55 in Table Il have the single normal
the homologue match incomplete. Am" was assigned for chromosome 17.
cases where the primary chromosome was correctly found buAs part of the algorithm for obtaining the primary chromo-
matched to an incorrect homologue, i.e., chromosome frasnme and candidate chromosomes, the confidence values from
a class other than 17. Also, am:" was assigned for casesthe feedforward network were analyzed. In order to have an
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effective, reliable diagnostic tool, the FP rate must be minimal. TABLE IV
FP's for this experiment are expressed @as$s, meaning TRANSPORTATIONALGORITHM HOMOLOGUE
. . . IDENTIFICATION RESULTS FOR55 METAPHASE SPREADS
incorrect homologues are matched. This becomes important
in abnormality assessment for cases where the anomaly is cell Transport Cell Transport
. . g Homologues Homologues
detected based on numerical aberrations for a specific class:
An “m” corresponds to asserting that a patient does not have ; n 23 );
a specific condition in the case where the condition is present. 5 ;’ 31 y
Future studies will extend the example for cells 54 and 55 con- 4 n 32 y
cerning numerical aberrations involving normal chromosomes 5 y 33 y
9 and 22 in relation to leukemias associated with the Philadel- 6 y 34 y
phia chromosome. The homologue-matching algorithm will be ; n gg y
used to detect a single “normal” chromosome 9 and a single g z 37 z
“normal” chromosome 22 within a metaphase spread. 10 y 38 y
11 y 39 n
12 y 40 y
C. Transportation Algorithm for Assigning Homologues 13 y 41 y
As previous discussed, the transportation algorithm was ig z fé ;’
used as the benchmark for comparison to the homologue- 16 n 44 y
matching approach. The transportation algorithm was used 17 y 45 y
to optimize the feedforward neural-network confidence val- 18 y 46 y
ues for chromosome assignment. The transportation-algorithm ;g ;’ :g ;’
implementation for this study utilized the two-chromosome- 5 y 49 y
per-class constraint for classes 1-22, two class-X chromo- 22 y 50 y
somes, and one class-Y chromosome. Because the homologue- 23 y 51 y
matching algorithm had na priori knowledge concerning 24 y 52 n
the sex associated with the metaphase spreads tested, thezz ; 22 :
transportation algorithm made the sex determination in the 5, y 55 n
chromosome assignment process. The feedforward neural net- 2g y

work used in the homologue-matching algorithm was based - -
. . : Transportation algorithm homologues found were correct.
on a 24-class problem. The cost values incorporated into the (two chromosomes assigned).
transportation algorithm simply took one minus the neural- " Transportation algorithm homologues found were incorrect or incorrect for
. . number of chromosomes 17’s assigned for cell.
network confidence value over the 24 classes for each isolated
chromosome. The transportation algorithm, then, made the best

possible assignments for the isolated chromosomes within the TABLE V
metaphase spreads. CORRECT HOMOLOGUE MATCHING RESULTS FOR55 METAPHASE SPREADS
The results from applying the transportation algorithm over DM sm BM
the same dataset are shown in the Table IV. For each cell,
the transportation algorithm found the correct homologues, Number correcy 49 42 47
denoted ¥%,” or did not find the correct homologues, denoted % correct 89.1 764 855
“n.” For abnormal cells 54 and 55, ﬁnding the correct Single DM: Scaled density profile with the size distance measure.
chromosome 17 is denoted),’" and any other number of SM: Scaled shape profile with the size distance measure.
BM: Scaled binary band segmentation profile with the size distance

chromosome 17's found is denoted.™ From the tabular measure.
results, the transportation-algorithm approach found the correct
homologues in 44 of the 55 metaphase spreads, 80.0% of
the cases. For comparative purposes, the summary resultscise facilitates omitting chromosome assignment to any class
Table Il are shown in Table V. within the metaphase spread. From Tables Il and IV, two
Although the transportation-algorithm approach has beehromosomes were assigned to class 17 for all 55 metaphase
successfully applied to chromosome recognition, there @preads tested. Thus, the automated analysis of the cells
several pitfalls. First, the transportation algorithm assumes thevided for normal class-17 homologues. The homologue-
chromosomes within the cell are normal for classification pumatching algorithm provides a cueing capability with the
poses. Cells 54 and 55 contained one “normal” chromosorimgleterminate case that further analysis of chromosomes from
17 and one “abnormal” chromosome 17 (also one “normaihe selected class is appropriate. This further analysis can be
chromosome 15 and one “abnormal” chromosome 15), but therformed within the framework of the karyotyping process.
transportation algorithm assigned the normal and abnorn&dcond, there is a difference between numerical aberrations
chromosome(s) based on their cost values to some clasihin a cell and abnormal chromosomes within a cell. Down’s
The chromosome assignment was made without regard to Sydrome involves a trisomy 21, three “normal” chromosome
normalcy of the chromosomes within the metaphase sprea@$'s within a metaphase spread. Through the use of surplus and
Using the principle of least commitment and the indeterminaséack variables, the transportation algorithm has the capability



STANLEY et al: DATA-DRIVEN HOMOLOQUE MATCHING FOR CHROMOSOME IDENTIFICATION 461

TABLE VI
CONFIDENCE SCORES FORDYNAMIC PROGRAMMING AND DISTANCE MEASURE FORPRIMARY TO HOMOLOGUE MATCH AND REMATCH
FOR FIG. 9. @LUMNS 2 AND 6 CONTAIN THE DCD OVER THE REFERENCE CHROMOSOMETO-CANDIDATE MATCH. COLUMNS
3 AND 7 CoNTAIN THE DMCD OVER THE REFERENCE CHROMOSOMETO-CANDIDATE MATCH. COLUMNS 4 AND 8 CONTAIN
THE FINAL CoNFIDENCE VALUES (DCD x DMCD) IN THE MATCHING PRoCESs * DENOTES THE WINNING CANDIDATE

Primary to Homologue Match Homologue Rematch
Final Final
DCD DMCD Confidence DCD DMCD Confidence
cl 0 0 0 al 0 0 0
c2 0.35 0.266 0.093 a2 0.657 0.861 0.565
c3 0.583 0.507 0.296 a3 0.557 0.378 0.21
*c4 0.801 0.913 0.731 *ad 0.723 0.884 0.639
c5 0.789 0.816 0.644 a5 0.661 0.9 0.595
ab 0.738 0.713 0.526
a7 0.719 0.787 0.566

to accommodate for the numerical aberration in class 2df. karyotyping, this corresponds to avoid matching homo-
However, the surplus and slack variables cannot be udedues that do not match and using supplemental analysis
for discerning the normalcy of a particular chromosom®f the metaphase spread to find the ultimate chromosome
i.e., structural abnormalities in relation to the correspondirgjassification.
homologue. Using a prototype of a selected class within the
metaphase spread, a benchmark for normalcy is generated

and applied to metaphase spread with respect to the selected

class. The database of normal chromosome features is utifhe experimental results from the homologue-matching
lized for establishing the benchmark in finding the prototypalgorithm were better for the density and binary band represen-
and its homologue. Because of chromosome variations d@éon profiles than for the transportation-algorithm approach.
to preparation technique and natural variations within a0t only did the homologue-matching technique achieve better
between people, ideal prototype generation is difficult. THESUlts for those profiles than the transportation-algorithm ap-
data-driven approach accommodates for the variability aR§each, many of the mistakes made by the homologue method
allows chromosome assignment to be performed within tH¢ere recoverable. From Table Il refers to an incomplete
context of the cell. Third, the primary reason for implemenflomologue match, where only the primary chromosome is
ing the matching procedure is to accommodate a variafgsigned to the seleqted class.for. cells containing t\{vo normal
number of chromosomes per class, particularly in relation §romosomes, honoring the principle of least commitment. In
anomaly analysis. Although the transportation algorithm h#€ case of normal cells, no assignment is made for the second

the capability for accommodating for a variable number (ﬁhromosome of the selected class, allowing further analysis for
in thore informed assignment. For abnormality analysis, @n “

gans that the algorithm was unable to detect an expected
j:iomologous pair for the selected class, necessitating further

V. CONCLUSION

study assigned two chromosomes 17’s for all 55 metaph

spreads tested. Using the feedforward neural network in tmetaphase spread analysis. In other words, i&séts a flag

dem with a matching process places tighter constraints pn . .
. or potential abnormality presence.
the classification of chromosomes from a selected class. Thi . i
. . : . n addition to recoverable mistakes, am™ from Table IlI
is evident in the homologue-matching results from Table V .
is an unrecoverable error. This means that at least one chro-

for the density profile (DM) and binary band Seglrnentatlorrr]msome is incorrectly assigned to the selected class. From

) y o 0 "
profile (.BM) W'th 89'1@ and 85.5% correct rgcogmtlon ratesan abnormality perspective, an unrecoverable error results in
respectively, in comparison to the tranqurtatlon-glgor|thm 30°EN classification leading to a potential negative diagnosis
proacr_\.of 80.0%. The homologue—matchlng algorithm has t at a patient possesses a specific condition. Notice that
capability to account for a variable number of chromosome;;n,, is absent in the experimental results for the density

and to omit chromosomes out5|de' the expe'ctgd range fOE)r"il)file extension of the homologue-matching algorithm. For

normal chromosome from class assignment within @ metaph@$g experiments performed, this means that the mistakes made
spread. Finally, the homologue-matching scheme addresggs recoverable. Encouraging results have been obtained for
concerns beyond correct classification. The principle of leagts selected class, 17. Further experiments in karyotyping

commitment extends the decision making process, makigfy anomaly assessment will test the homologue-matching
decisions in extremely confident cases or delaying decisigiyorithm robustness.

in nebulous cases. For the homologue-matching algorithm
presented, in the context of diagnosing an abnormality on the
basis of chromosomal numerical aberrations, not assigning a
chromosome to a specific class necessitating further analygdid C. Lundsteen, A. M. Lind, and E. Granum, “Visual classification of

. . . banded human chromosomésKaryotyping compared with classifica-
for the metaphase spread is better than making an incorrect

; Rl ; : tion of isolated chromosomes&nn. Human Geneticsjol. 40, no. 1,
assignment and missing the diagnosis completely. In terms pp. 87-97, 1976.
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