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Development of Combined Genetic and I maging Approaches for Differentiation of
Cutaneous Malignant Melanoma and Benign M elanocytic Nevi

ABSTRACT: The morbidity and mortality rate is reduced by pa&ume and exact diagnosis
of melanoma, which is the deadliest type of skinceas. Timely identification of melanoma
needs extremely complex and subjective test andrdafry samples. It is not insignificant
even for experienced dermatologists to identifylat@f concentration must be given. Finding
the difference between melanoma and mole is alsassue in the accuracy of clinical
diagnosis of melanoma. Especially, early diagno$isutaneous melanoma is very hard for
experienced dermatologists. Even though a lot eaded imaging techniques and clinical
diagnostic algorithms such as dermoscopy and th€[RABule of dermoscopy respectively are
available, clinical diagnosis of melanoma becomey ¢hallenging. The accuracy is an issue
of distress (estimated to be about 75--85%) esihecrth obligue pigmented lesions.
Quantitative and objective evaluation of the slkasidn is achieved by the above methods
with respect to the subjective clinical assessm&nteffective diagnosis can be achieved by
reducing the viewer variability’s found in dermaigists’ examinations. In order to improve
some of existing methods and budding new technigoesase accurate, fast and reliable
diagnosis of cutaneous melanoma. In this papereréifit types diagnostic system of
melanoma namely, preprocessing feature extractemture selection and classification is
explained. The results of feature selection weptinozed from advanced classes of
classification techniques; namely, Two weighkedearest neighbok{NN) classifiers K = 1,
30), a decision tree (DT), and the Random Fore$i) (&gorithm are employed. Support
Vector Machine has been very effective in compbesed melanoma diagnosis studies in the
literature.

Keywords. Classification, composite biomarkers, Cutaneousali@na, dermoscopy
and feature selection.

1- INTRODUCTION

Skin is the very sensitive and sensory part of Ibleely that acts as protective layer of
our body against the environmental pollutions. Skats as regulator of the human body
temperature and transmitter of the sensation fgelia the brain. Melanoma is a Skin cancer
which is not common disease such as other skinecanypes. This is a very dangerous
disease and anyone can get melanoma at any tilinkegins in the melanocytes which are in
our skin. This cancer has some other names suamadignant melanoma and cutaneous
melanoma. But some melanomas do not make melamncan appear pink, tan, or even
white. Melanomas can occur anywhere on the skinptare likely to start on the men’s trunk
and on the women'’s legs. Melanoma is almost curabies early stages like basal cell and
squamous cell cancers. But it is easy to spreauthter parts of the body if not caught early
unlike basal or squamous cell cancer. Rossi etask lhdemonstrated that [1] Cutaneous
Melanoma (CM) is a complex multifactorial diseasecduse of both environmental and
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genetic factors are involved in this cancer matafigsn [1]. CM is serious neoplasm,
derived from melanocytes, that accounts for most s&ncer deaths.

The complexity of cellular metabolism and regulgtpathways obstructs the formulation of
melanoma mechanism as it has been shown by Duntmaéf{2. Thus, though the derivation
of gene signatures for various cancers, e.g., bi@asolon cancer exist, a similar progress
remains mysterious for malignant melanoma. Potintihis could be attributed to the
intricate nature of the molecular basis of CM, vithiequests neatly stratified epidemiological
cohorts to address effectively the issue of theh higeterogeneity of the disease. In any
case, genomic studies are limited by the shortdgsimilar melanoma cohorts, collecting
and maintaining frozen tumor tissue thus rendemgege expression profiling studies of
melanoma relatively scarce.

Melanoma is the most destructive and deadly formslah cancer. Jemal et al [3] have
revealed that distant metastases Patients hawegdar survival rate of 16% and a median
survival of four to six months. Until very recentlgnelanoma has been identified by the
chemotherapy and other therapeutic attempts. Henvehe discovery that 40%-50% of
melanomas harbor activating BRAF mutations as shoyiirlaherty et al [4] prompted the
development of selective BRAF inhibitors. Sosmaaldb] have monted that the first specific
ones were the lead compound PLX4720, and the pleakmeetically superior
PLX4032/vemurafenib [6]. In order to identify gentst confer resistance to a melanoma
drug called PLX-4720 is generally used. Drugs a$ ttype work well in patients whose
melanoma cells have a mutation in the BRAF gend, dancer cells that survive the
treatment can grow into new tumours, allowing thaaer to recur.

A great example of appropriate melanoma models ifferent steps of preclinical
development is the extraordinarily quick bench-ealdide history of this drug. Oncogenic
BRAF with PLX4720 or PLX4032 resulted is Targetedhietr results inhibition of growth
and invasion of three-dimensional melanoma sphsramio a collagen matrix and causes
tumor regression of melanoma xenografts withoudl@vwte of toxicity [6]. This was mirrored
in phase Il and phase Il patient trials and haslly lead FDA-approval of vemurafenib;
however, despite these unprecedented response naggtesonset of resistance is a major issue
as it has been shown by Chapman et al [7].

Melanoma model system has a vital property is tRatteration of their proliferative,
migratory, and invasive properties of melanomascellhe selection of the model system
which is used to study melanoma cell has the cépato retain features of the primary tumor
can as well as tumor growth. Winnepenninckx etaalehshown that [8] genomic studies and
gene expression profiling studies of melanoma mnitdd by the lack of similar melanoma
cohorts, collecting and maintaining frozen tumastie [8]. In [8], Winnepenninckx et al
studied patients to identify 254 genes, which esgion was related with metastatic
dissemination of cutaneous melanomas. Lately, Raskial. [9] used transcriptome profiling
of primary melanomas, metastases, and normal s&mples. They revealed that the
transcription factor HMGAZ2, previously unrecognizéd melanoma pathogenesis, is
significantly up-regulated in primary melanoma andtastases. Many significant emerging
biological pathways and gene targets are identifieanelanoma and reported by Dutton-
Regester K. and N. K. Hayward [10].
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Ogorzatek et al [11] have revealed that the hunmaerpretation of image content can be
subjective and superior programmed techniques seel in the diagnostic process. In this
context, expert computer systems have been propaseadternatives to the naked-eye expert
prediction. The extracted dermoscopy image feataresassociated with color in various color
spaces (RGB, HIS, CIELab) and are used for autami@sion characterization [12]. Other
common features are associated with asymmetry amdeb that also used for automated
lesion characterization. The statistical and adedratassification methods like support vector
machines [13] and neural network [14] have alsonbapplied. Korotkov et al [15] have
presented a comprehensive review of image analgsimiques and computer based systems
used for the early detection of CM appear.

So, the final goal is to provide a holistic destop of the disease through the inter-
connections of predictive models which are defiaedifferent scales into systemic networks.
This survey is used to study the associate macpis€M disease descriptors, i.e., imaging
features from dermoscopic examinations, and lowlldsiological information, i.e., gene
expression, to CM disease status and compare itifeirmation content. Though several
numbers of methods have been proposed based oe @nadysis and existing methods for the
diagnosis of melanoma lesions using notions froentthditional visual inspection, the ultimate
goal is the derivation of a compressed set of im@adeatures, which filters out most of the
confusing part from the initial imaging descripsat. In addition, the resulting compact set of
imaging features would be characterized by redwmedputational cost. However, it is also
important to consider issues of the existing meshoeih the factors, such as ease of use, data
interpretation, cost, and applicability issues,hisas genetic manipulation and drug delivery,
when selecting a model systeNimunkar et al. [16] applied wavelet transform wtiramid-
structure on a set of 28 images to differentiattanmma from dysplastic nevi. A vector of 34
features is formed by the decomposition of lumimaolor channel into three levels and
different statistical ratios such as energy, entradc. This was ultimately reduced to five
features using statistical analysis. Patwardhaad 7] proposed an adaptive wavelet-based
tree-structured method on a set of 60 images fassdication of melanoma. The average
energy, maximum energy and fractional energy ratiese used, where a vector comprising
231 features is created by the decomposition ofifante image into three levels. Then, a
bimodal distribution was applied to select thos&tudees through statistical analysis based on
population mode. As a result, the process yieldexddptimal features.

Moreover, Garnavi et al [18] have proposed a waMedsed texture analysis method for
classification of melanoma. The method appltese - structured wavelet transform on
different color channels of red, green, blue anchihance of dermoscopy images, and
employs various statistical measures and ratiowawelet coefficients. Feature extraction and
a two-stage feature selection method, based onmnand correlation were applied to a train
set of 103 images. The resultant feature subsets agplied to four different classifiers:
support vector machine, random forest, logistic ehdcee and hidden naive bayes to classify
melanoma in a test set of 102 images, which ra$uten accuracy of 88.24% and ROC area
of 0.918.

Manousaki et al [19] have used an approach thaphesmeters of geometry, color and color
texture as independent covariates for selectmglanoma from melanocytic nevi. For
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early melanoma diagnosis, experienced detowgts have an accuracy of 64-80%

using clinical diagnostic criteria, usually the B&D rule, while automated melanoma

diagnosis systems are still considered to be exyatial and serve as adjuncts to the naked-
eye expert prediction. In an attempt early melanahi@gnosis establishes a mathematical
model with a melanoma probability and it is usedd&velop an image processing program

with the aim to separate melanoma from melanooia.

In the work of Ganster et al [20], a melanoma redogn system that involves image
processing, segmentation, feature calculation atetson, as well as k-NN classification has
been presented. A system for the computerized sisalpf images obtained from
epiluminescence microscopy (ELM) has been develdpeenhhance the early recognition of
malignant melanoma. As an initial step, severaldissgmentation algorithms together with a
fusion strategy are used to find the binary maskhef skin lesion. A shape and radiometric
features as well as local and global parametersaloelated to describe the malignancy of a
lesion. Feature selection is performed by the apptin of statistical feature subset selection
methods. The final KNN classification delivers agavity of 87% with a specificity of 92%.

In addition, Alcén et al [21] also have presendéedautomatic imaging system that combines
the outcome of the image classification with coht&rowledge such as skin type, age,
gender to improve the classification accuracy. hteint and benign lesions are classified
through an automatic system for inspection of pigtaé skin lesions. A personal risk factor is
calculated by the image processing system for featutraction, classification, and patient-
related data decision support machinery. It has l®wn that our algorithm is capable of
recreating controlled lighting conditions and cotieg for uneven illumination. A robust
segmentation algorithm has been developed. As @treke features are scale and rotation
invariant. Therefore, the distance at which theitdigmage was taken is of no significant
importance as long as the size of the featuretefest can be resolved on an imaging device.

Tittmann et al [22] have developed a novel two-fiacy approach for noninvasive
evaluation of cancerous tissue with optimum deptll eesolution. Thickly sliced tissue
detects the relative attenuation (C-scan mode swghmlifference with relatively limited
resolution by the usage of 50 MHz frequencies. Thaispect zones can be identified
accordingto a quantitative criterion. The selection of suspemes is used for preparation of
thin, transversal slices from within the originalick slices. A very-high-resolution (@m)
cell is obtained at around 600 MHz on these trarsstesections and adjacent sections are
prepared for histological study in parallel. Thechiique's feasibility and potential are
demonstrated on both normal and cancerous (melgnskira tissue. Specimens isotropy is
experimentally verified to ensure that conditionsrevcoherent for use of a 5-layer, angular
spectrum model made to simulate longitudinal véjottiat is evaluated from semi quantitative
V (z) data.

Moreover, Rahman et al [23] have reported thatail®mated melanoma recognition of the
dermoscopic images based on image retrieval is dgrm®ntent and multiple expert fusion. In
this context, the ultimate aim is to support theisien making by retrieving and displaying
the relevant past cases as well as predictingntiageé categories (e.g., melanoma, benign and
dysplastic nevi) by combining outputs from differenlassifiers. However, the most
challenging aspect in this domain is detection tdsson among the healthy surrounding skin
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and the lesion-specific local image features isaex¢d. A lesion is detected through threshold
-based segmentation method on the intensity imggesrated from two different schemes.
For the fusion-based image retrieval and classiioa the lesion-specific local color and
texture features are extracted and representechenfdrm of the mean and variance—
covariance of color channels and in a combinedufeaspace. The performance is evaluated
by using both the precision-recall and classifaatccuracies. In order to do cancer research,
clinical data (age, sex, size, or grade of tumae,siimage extracted features) can be
incorporated with gene expression data from miceyaexperiments. The skin tissue is taken
as a uniform or homogeneous medium. Neverthelassskin tissue is inhomogeneous with
multilayered structure. It consists of two primdayers that include a bottom layer — the
dermis, and a top layer — the epidermis.

In the most of the work identification the multinsdddatasets which are biomedical data
from different sources is not considered. Multimodatasets is used in the context of
personalized medicine and health data managemaéeir Weightage is strengthened in the
case of multi-factorial diseases, like CM, whicke gromoted by interplay between genetic
factors and the environment. Linking different deta help toward a holistic approach of the
disease, and for the evaluation and comparison asiows subsets of markers (genetic/
environmental factors, imaging features).

In addition the classification accuracy will be wedd if most of the irrelevant features in the
features set are not removed. The selection of imyafgatures which depends on the gene
signature provides added value to the bias powéneotelected imaging features. All of these
problems are solved and motivated from the all abeork. In addition, Valavanis et al [24]
have reported information about gain ratio measerdm and exploration of the gene
ontology tree, is used to identify a set of 32 urglated genes with a essential role as
regards molecular regulation of melanoma, in whibk different pathological states are
correlated heavily with expression across samgleese genes do the uncorrelated imaging
features selection based on their ranking whicimesde according to mutual information
measurements to the selected gene expression v@eaess and imaging features which are
selected were used to train various classifiers tdoalld distinguish malignant samples from
malignant melanoma samples. In this classificatitesk, imaging features were
outperformed by the genes subset selected heraigedtmuch denser information on the
expression of CM compared to the latter.

2. EXPERIMENTATIONRESULTS

The incorporated dataset which is formed fromo different sources (microarrays and
imaging), which are described as follows. The hodblogy which is used to produce the
dataset by using data imputation methods is desttrib

2.1. Microarrays Data and Preprocessing:

Gene expression profiling dataset was found irgtree expression omnibus [25-26], GDS1375.
RNA was cut off from 45 primary melanoma, 18 benggm nevi, and 7 normal skin tissue
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specimens and used for gene expression analygsAffymetrix Hu133A microarray chip was
used for expression profiling and contained 22 p@bes. The mean gene vector relating to the
normal skin categories was subtracted from @fllicate vectors of the other two categories
followed by global normalization and log tramshation of gene expression values.
Differential expression ratios were calculated bydihg the each category signal intensities by
the respective normal category’s gene value. An F@Rnultiple testing adjustments, p-value
0.001 and two-fold change thresholds were appked thus, 1701 genes were statistically
preselected.

2.2. Imaging Data: The imaging dataset consists of skin lesion imagts972 instances of
nevus skin lesions and 69 melanoma cases. Thres tfpmaging features were calculated as
follows: border Features, color features and tedtteatures which are based on ABCD rule
of dermatology, C rules, and D rules respectivl§j[ Finally 31 features were produced (one
feature was removed due to having zero variatioosscthe samples).

2.3. Integrated Dataset:

Moutselos et al [28] have reported that microagagt imaging datasets are unified into single
datasets with the use of missing value imputaticgthiods. Before this method, the dataset
corresponded to a sparse matrix containing 110$ksnfbenign or malignant samples, either
from microarray data or imaging data) and a totall632 features (gene expression or
imaging features). Missing value imputation uses algorithms: uniform data imputation and
bootstrap data imputation [25]. The uniform impigatis conducted by uniform sampling
within the range of each feature per class, andbihetstrap imputation is performed by
independent bootstrapping of each variable sepgna¢e class, until all the missing values are
replaced. Each algorithm was applied three timesaatotal of six datasets were derived. All
of the derived datasets has dual scope: 1) applistits to enlighten the interrelations of
imaging features and genes and their impact tdatget variable (malignant versus benign)
toward the selection of narrowed subsets of imaggadures or genes, and 2) estimate more
broadly the selected subsets of features when ibmputlassification algorithms. Four
classifiers were constructed and evaluated in texhgeneralization in all six datasets each
(three uniforms and three bootstrap). Specificallyy weighted k-Nearest Neighbor (k-NN)
classifiers (k = 1, 30), a Decision Tree (DT), ahd Random Forest (RF) algorithm were
used. Their performance was measured using thoss-oralidation resampling. Sensitivity
(Sen) measurements (true positive/(true positifalse negative) for each of the two classes
in all six datasets and in order to compare thecsetl genes subset and imaging features
subset, mean values were calculated. GOR evendgssnéMF and BP aspects) resulted in
total of 179 genes found in the original list ofO17differentially expressed genes. Out of
this subset of genes, 32 genes had an IG ratibeindp 20% of all 1701 genes. These genes
comprise a gene signature underlying CM manifastatbased on the available gene
expression profiling data. Correlation redundangjesrrelation coefficient| > 0.8) were not
found in the gene set. Every incremental genesesusitarting from the first ranked gene based
on IG ratio up to all 32 genes, was calculated rab#te variation content of the disease status
and corresponds to measurement of TV > 0.8. Daatiesd [29] have shown that their analysis
reveals mutations in two regions of the BRAF kindsenain. Mutations are very similarly
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distributed in cancer cell lines and primary caac@&hey [29] have demonstrated that the total
of 89% of mutations are within or immediately adjacto the activation segment, a region of
10-30 amino acids bounded by almost invariant DRGAPE maotifs.

Table 1 Sensitivity measurements (%) for malignant and benign classes for classifiers

using 32 selected genes
(Gorevenge AND | G Ratios): Three(;,ross-validation Resampling
and M ean values

RF RF DT DT 3C-NN | 3C-NN | 1-NN 1-NN | Se
malignant| benign | malignan benign | malignamn benign | malignant | benign

Ser Ser t Ser t Ser Ser Ser

97.12 10C 95.12 10C 96.12 10C 98.13 10C | Boatstrag
97.12 10C 94.71 10C 96.12 10C 96.42 10C | Boatstrag
9¢.17 10C 9381 10C 96.12 10C 92.12 10C | Boatstrag
98.13 10C 9381 10C 96.12 10C 97.21 10C [ Uniform1
98.15 10C 10C 10C 96.12 10C 98.36 10C [ Uniform2
98.36 10C 92.38 10C 96.12 10C 98.36 10C [ Uniform3
98.008 10C 94.971 [10C 96.12 10C 97.93 10C [ Mear

The total variation criterion is used to reduce tlhmensionality of the set of selected
genes set. In total four gene or imaging featums)sets were derived by the
methodologies previously described: 1) Thirty-twengs has the gene signature
(functional analysis and IG ratios), 2) ten imagiegtures selected based solely on
information content to disease status (IG rati8%)prioritization which depends on list
of genes has a TV > 0.8 using Ml values, is appitegelect ten imaging features which
are selected by the GA- based selection schemdouisubset of features were input to
the classifiers used here. Sensitivity results tlee two classes (malignant, benign)
obtained for all six instances of the Integratethsiet and mean values, are presented
for these four features subsets in Tables 1, @an@,4, respectively.

Table 2. Sensitivity M easurements (%) for malignant and benign classesfor
classifiersusing ten imaging featur es selected based solely on | G ratios: three cross-
validation resampling and mean values

RF RF DT DT 3C-NN [ 3C-NN | 1-NN 1-NN | Se
malignant| benign | malignan benign | malignan benign | malignant | benign

Ser Ser t Ser t Ser Ser Ser

30.58 96.12 44.32 9312 |O 10C 25.16 92.53 | Boctstrag
26.21 97.81 44.18 9418 |0 10C 26.18 92.13 | Boctstrag
30.18 96.18 5181 9524 |0 10C 3312 93.13 | Boctstrag
16.28 97.63 42.03 9416 [1.63 9821 [17.32 91.62 | Uniform1
11.23 9841 35.18 9518 [5.13 9015 |[2258 90.61 | Uniform 2
18.36 97.21 34.18 9314 [7.02 92.01 [21.08 91.58 | Uniform 3
22.14 97.22 41.95 9417 [2.29 9856 [24.24 91.93 | Mear

Results in Table 1 show that top %enes are abyeetd very good performance metrics.
Classification accuracy will be high, when selectgenes are input to the well

Performed 1-NN and RF classifier. Sensitivity measents for the malignant class are
ittle worse than the corresponding benign class thrs shows the abundance of benign
samples in the integrated dataset. When combirgsaglts in Tables 1, 2, 3, and 4, it Is
obvious that performance metrics obtained herehbytop genes, are much higher than



the ones obtained when imaging features are fedtimglassifiers. Regarding the use
of imaging features and the classifiers’ perfornganthie much greater abundance of
benign samples in the integrated dataset providest gffect here. Thus, along with the
lower information content of imaging features, thiassifiers perform moderately when
recognizing malignant samples.

Table 3. Sensitivity measurements(%) for malignant and benign classesfor
classifiersusing ten imaging featur es selected based on prioritizing I maging features
to the 26 selected genes (gorevenge, |G ratios, TV >
0.8): three cross-validation resampling and

mean value
RF RF DT DT 3C-NN [ 3C-NN | 1-NN 1-NN | Se
malignant| benign | malignan benign | malignan benign | malignant | benign
Ser Ser t Ser t Ser Ser Ser
14.36 99.10 37.18 9312 |O 10C 5145 93.12 | Boctstrag
16.71 98.16 44.25 9¢17 |O 10C 64.12 93.33 | Boctstrag
18.18 97.12 42.13 9524 |0 10C 54.39 94.06 | Boctstrag
12.21 98.32 36.25 9416 [1.63 9021 [21.46 90.13 | Uniform1
7.03 9941 42.13 95.4z |5.13 99.0¢ | 21.46 90.1% | Uniform 2
1C.36 98.35 40.28 9418 [7.02 98.01 [2215 91.10 | Uniform 3
13141 9841 40.37 95.215 [ 2.29% 98551 [39.171 91.978] Mear

Table4. Sensitivity measurements(% ) for malignant and benign classesfor
classifiersusing ten imaging featur es selected by the GA selection scheme: three
cross-validation resembling and mean value

malignant | benign | malignan| benign | malignan benign | malignant | benign
Ser Ser t Ser t Ser Ser Ser

22.32 98.26 45.18 9413 [14.36 9812 |49.23 96.13 | Boctstrag

2C0.13 98.18 38.13 9318 [15.12 98.04 |36.18 95.94 | Boctstrag

15.13 97.21 38.18 9436 | 1053 9812 14313 94.84 | Boctstrag

6.18 99.18 36.92 9415 413 9818 [31.40 95.18 | Uniform1
11.16 90.31 32.45 93.337 | 9.42 9832 |36.51 94.36 | Uniform 2
12.12 99.41 33.14 93.03 | 7.02 96.01 |[3518 94.37 | Uniform 3

14.506 98.591 | 37.33 93.697 [ 10.096 |9896 | 38.605 95.136| Mear

CONCLUSIONSAND FUTURE WORK

Cutaneous Melanoma diagnosis, skilled dermatolgdiave an accuracy of 64—80% using
clinical diagnostic criteria, but automated melaaondiagnosis systems are still
experimentally considered and served as adjunctsgmaked-eye expert prediction. In an
attempt recent work of Cutaneous Melanoma diagnaseloped an image processing
program to differentiate melanoma from gene sampléh a mathematical model. In this
paper the most significant systems for the autodhdetection of malignant melanoma and
begin melanoma have been surveyed. The above gaidns use a variety of methods
which are the image acquisition, the feature deéiniand selection as well as the
Cutaneous Melanoma classification from featureBhe most promising image
acquisition techniques is feature extraction, sitiee extracted dermoscopy image features
which are applied for automated lesion characteomavith predictive value concerning CM.



Malignant melanoma samples are separated from éinéggt ones by feeding a series of
classifiers with the selected imaging features subBhe classification results obtained using
gene signature for samples discrimination is coegbarin order to increase the number of
cases, more patients must be examined particudaring the classification phase. The issue
of selecting the most powerful variables for clasation is very important and may also
enable even better classification with examinat@inthe differences between the two
methods. The scope of the future work is the impnoent of accuracy of clinical diagnosis
of melanoma which is also an issue especially stirjuishing between melanoma and
mole.
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