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Abstract: The manual process of ordering of chromosomes (karyotyping) is long, tiresome and prone to errors. Automated classification of
chromosomes in one of the appropriate 24 classes has therefore emerged as a thrust area of research. Researchers have studied the important features
of the chromosomes which play a significant role in karyotyping of chromosomes and reports success of neural networks as promising classifiers.
Perceptive vagueness in the texture of the chromosomes, however, encourages use of fuzzy classifier for efficient classification. This research
initially revalidates the performance of neural network and fuzzy system individually, to examine the dominant features for each and every Denver
group and sub-group and further presents a two-stage classification process to resemble manual approach of generating a karyogram. The proposed
novel and intelligent approach initially identifies the best features for every class / subgroup and further utilizes them to build a modular Neuro-
Fuzzy classifier for organizing the chromosome as per a standard karyogram. The proposed algorithm is validated using a publically available
database comprising of 90 metaphase images (4320 segmented chromosomes). The results conforms the efficacy of the algorithm by achieving
improvement by 2 % in overall performance of the proposed hybrid classifier and thus offers a practically deployable solution to the issue of manual
karyotyping.
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I. INTRODUCTION

Chromosomes are the genetic carriers of the human body [1, 2]. Karyotyping is the procedure of envisaging and sorting the
chromosomes within a cell during the metaphase stage of cell division [3, 4]. It is an indispensable assignment in cytogenetics for the
diagnosis of genetic disorders [5]. Manual process of classification of chromosomes is tedious and prone to human errors [6]. It still
faces lot of challenges and therefore is a long standing issue in the domain of medical image processing [7]. The task of generating the
karyogram can actually be envisioned as a pattern recognition problem demanding recognition of the features and further
classification of chromosome in its respective classes( 24 classes with seven main groups called as Denver groups: A-G and 24
subgroups ) [8, 9]. Literature describes overall prevailing features of the chromosomes considering the entire classification problem.
Various approaches based on Hidden Markow Model [HMM] [8], pairing of chromosomes [9], Rough Set theory [10], incremental
learning [11, 12] are explored in literature for the task of chromosome segmentation and classification [13]. Moreover, fuzzy based
system [14, 15] and neural network based approaches are also reported in the literature with. encouraging results. It is however also
essential to identify the specific prevailing features for every class. This is imperative when designing an automated system which
duplicates manual behavior and approach of generating a karyogram. The classifier designed considering this approach is expected to
intelligently perform the task of karyotyping in two stages. The first stage will involve classifying the chromosomes in major Denver
Groups and next stage will classify the chromosomes in the respective subgroups. A hybrid approach combining both best results of
neural networks and fuzzy is proposed to exploit the fuzziness in the features of the subgroup as described in section Il. Section 11l
details the experimental results and the best dominant features selected for the proposed two stage classifier. Paper concludes with the
discussion section.

Il. PROPOSED METHODOLOGY

Literature reports various algorithms for feature extraction [16, 17] of features like band profile [18, 19], dominant points [20,21]
and shape representation [22] for the polarity free [23, 24]classification of chromosomes. A rule based classification system [25,2]
has delivered encouraging results and is in line with the process of manual classification. Literature reports use of many features and
feature extraction methodologies to identify the class of the chromosomes. This experimentation presented in this research considers
individual features and various combinations of all the features to finally identify the features that achieve highest classification
accuracies. The features considered as listed :

F1: Centromeric Index

F2: Length of Chromosome
F3: Total number of bands
F4: Intensity

F5: Area of the Chromosomes
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F6:  Perimeter of chromosome
F7:  Number of Bands above centromere
F8:  Number of bands below centromere
F9:  Wavelet Coefficient -1
F10: Wavelet Coefficient — 2
F11 Ratio of larger arm to the shorter arm

Multilayer Perceptron model with back propagation algorithm is used for the neural network based classifier. A Fuzzy based
classifier with Mamdani model is used and Gaussian membership function is used. Implementation of Gaussian membership function
requires specification of mean and deviation. The mean and the deviation value of the feature vector were decreased to half of the
original values. The next section details the experimental results of individual classifiers and results of the proposed modular approach
using both NN and Fuzzy classifiers.

I1l.EXPERIMENTAL RESULTS OF CHROMOSOME CLASSIFICATION USING HYBRID CLASSIFIER:

The database used for experimentation consists of segmented chromosome from publically available Biolab database. Matlab R2012b
was used for the experimentation. The results of the neural network and fuzzy engine are summarized below.

() Classification using NN networks:

Multilayer Perceptron model with back propagation algorithm is used for the neural network based classifier. The experimentation
involves approximating the various factors of NN to identify the best feature vector. A two stage classifier is build to initially identify
the Denver group of the segmented chromosome at the input and further has seven neural networks to categorize the segmented
chromosome in its approximate sub-group. Table I details the various combination of the features and the neurons experimented to
achieve the best results. Fig. 1 depicts the best results achieved for each group and sub-group and number of neurons in the hidden
layer. A target of 100 epochs was set along with other parameters.

Table | : Neural Network based classifier for automated karyogram generation
{GA : Group A ; GB : Group B ; GC : Group C ; GD : Group D ; GE : Group E ; GF : Group F ; GG: Group G}

Denver Group GA GB GC GD GE GF GG
Featu | e Fl1toFl1l |e FltoF1l |¢ FltoFl11 . F1to F11 . F1to F11 . F1 to| e FltoFll e F1 to
res . FltoF6 |e FltoF6 |¢ FltoF6 e  Excluding | ¢  Except F8 F11 e FltoF6 F11
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F11 F8, F9 F9,F10,F11 F1 F8,F9, e Excluding g F8 to
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Neuro 5, 20,30 20,25,30,35 20,30 ,50,100 20,30, 50,100 20,30, 50 20,3050, 100 | 20,30,50,100
nsin | 20,25,30,35,37,
hidde 40,100
n
layer

IJCRT1802235 I. International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org 1832


http://www.ijcrt.org/

www.ijcrt.org © 2018 IJCRT | Volume 6, Issue 1 February 2018 | ISSN: 2320-2882

ggag 9543 = s34y 9356 9867

36.78
20 20 20
No. of Neurons

674 7132

20

38288

All Features ‘ "
o
N
o

g 9 g @ & ? 8 o
¥ - & S = s ) o]
g 2 - 2 s g P
5 5 ! & = 8 - &
u [ [ - W 2 =] v
— — — ~ ] TE% - =
< < < e 3.. v fo) g
- - - g
- - o= 30 o o
) = 0 %2 z w
g~ 22 v 9 %
= ® e K 5
® d 8 3 e}
o & - 3
w 8 o il
a 8 fre] =
8 >
% w
o

Denver Groups DA(1-3) DB(4-5) DC(6-12) DD{13- GE(16-18) DF(15-20) DG(21-
15) 22)

® No. of Neurons  ® Classification Accuracy

Figure 1: Best results using neural network based approach

(i) Classification using Fuzzy Systems

A fuzzy engine is developed using a Mamdani model and Gaussian function as a membership function to develop a rule-base
classifier that exploits the fuzziness of the overlapping feature of the chromosomes. The various combination of the features is
explored even to test the developed fuzzy classifier . The results signify the usability of only first six features F1 to F6 for efficient
decision making and classifying the chromosome in its respective class. The best results are depicted in Figure 2.
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Figure 2: Classification results using fuzzy classifier (Mamdani Model and Gaussian Membership function)
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(iii) _Classification using Hybrid approach (Neuro - Fuzzy)

The performance of the neural network and fuzzy classifier vary for each subgroup or class. This research proposes a novel
approach combining the best classifiers for the overall procedure of automated generation of a karyogram. Figure 3 indicates the
results of the proposed hybrid classifier. A fusion of the NN and fuzzy modules at classifier levels is unique contribution of this
research which delivers encouraging and improvement in the results. The proposed approach demonstrates increase in the true
positive value and the classification accuracy by 2 % as depicted in Figure 3. The proposed novel modular neuro-fuzzy classifier
offers an encouraging approach for AKS. Table Il details the achieved enhancement in classification accuracies achieved using
developed hybrid classifier
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Figure3. Comparison of ANN and Fuzzy Classifiers
Table 11 Confusion Matrix obtained using Neuro-Fuzzy approach
Class | 1 | |mo| v| v | vi|vil| viOo| IX| X | XI | XIT| XIII | XIV | XV | XVI| XVII | XVIII | XIX | XX | XXI | XXII

1 13| 24 ( 1 |12 5|00 0 o000 0 0 0 0 0 0 0 0 0 0
I 2 1140 3 |29 (16| 0 |0 1 0|1 00 0 0 0 0 0 0 0 0 0 0
Ior | 0 | 25 |100| 36 | 27 | 3 21201 0|0 0 0 0 0 0 0 0 0 0 0
v 0] 3 511430 8 | 9 |11 | 10| 5] 3 1 1 1 0 0 0 0 0 0 0 0 0
v 0] 3 6 | 8 |133| 0 | 4 6 |12 [12] 6 1 1 2 0 0 0 0 0 0 0 0
VI 0] 2 |0 42|14 |55|45| 29|11 00 5 0 1 0 0 0 0 0 0 0
vio | 0| 0 D17 |19 | 12 | 47| 57 |37 4| 0| O 1 1 6 0 0 0 0 0 0 0
VI | 1 0109 | 5|3 32|68 44|17 2|0 4 8 |13 1 0 0 0 0 0 0
X 0| 0|0 |8 |10 1|0 | 16|68 26| 9|0 3 6 |24 1 2 0 0 0 0 0
X 00 L2 (811010 (557]|17]1 5 § (221 0 0 0 0 0 0 0
X1 o0 |0 |11]|6 |04 8 |20 |51 | 44| 9 | 11 |14 |26 2 0 0 1 0 0 0
XIt (0| 0| 0] 3 6 | 1 1 T |23 |48 | 5121 | 13 [ 19 (10| O 0 2 0 0 0 0
Xmr| o 0|0 1 0111 4 5 6| 2| 4 1] 142 26 | 3 0 2 12 0 1 0 0
Xv|io| 0|00 |0 1[4 2 11110 2 9 (120 11| 2 5 17 0 1 0 0
Xijolojo210]2]1 0 3112 4] 3 3|29 |02 6 20 25 4 1 0 0
XNI| 0| O0O|O]O|O0O]O|O 0 1|21 1 8 9 | 20 | 87 | 30 0 131120 i
XNimyp oo jojojoyfofo 201201 00 3 5 151 % | 106 7 24 |18 0 2
Xvigf o | 0|0 O[O | O] O 3 1 1 010 8 11120 1 14 890 T 151 0 0
XIX|(0|O0O|O]|]O|O0O]O(O 0 o0 0] 0 5 3 4 112 | 11 16 |118| & 1 34
X |0|O0]JO0|O0O]O0O]O]O 0 0101 0 0 1 2| 20 3 10 | 131 3 12
XXT({o|OjO]JO|O}]OfO 0 0|10 0] 0 0 1 0 6 3 14 | 17 | 87 2
XXIryo|{ojojojoyfofo 0 o000 0 2 0 1 2 34 1371 82

1V. DiscussioN AND CONCLUSION

A two level classification approach is presented in this research work for automated karyotyping. Artificial neural network and fuzzy
classifier have been explored in this research. Literature reports various features for the organization of the chromosomes. However,
this research presents rigorous experimentation to examine the usability of all the features for each Denver group and sub-group and
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identifies the dominant features responsible for the decision about the ordering of the chromosomes in a karyogram and further uses it
in two-level classification approach. First level of classification involves grouping of the chromosomes in the main Denver Group
(macro level) and the next stage classifies the chromosomes in the sub-groups (micro level). The true positive (TP) value achieved for
the Denver class is 71 %, whereas the value of TP ranges from 92% to 99 % for sub-group classification. This two level classification
process resembles the procedure of manual karyotyping and thus leads to increased classification accuracies. The novel hybrid
approach combining the neural network and fuzzy classifiers based on the best accuracies obtained for the respective groups,
outperforms the individual results, leading to encouraging increase in overall TP by 2% ( 84 correctly classified chromosomes).
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