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Abstract
The brain of a human and other organisms is affected by the electromagnetic field (EMF) radiations, emanating from the cell
phones and mobile towers. Prolonged exposure to EMF radiations may cause neurological changes in the brain, which in turn
may bring chemical as well as morphological changes in the brain. Conventionally, the identification of EMF radiation effect on
the brain is performed using cellular-level analysis. In the present work, an automatic image processing–based approach is used
where geometric features extracted from the segmented brain region has been analyzed for identifying the effect of EMF radiation
on the morphology of a brain, using drosophila as a specimen. Genetic algorithm–based evolutionary feature selection algorithm
has been used to select an optimal set of geometrical features, which, when fed to the machine learning classifiers, result in their
optimal performance. The best classification accuracy has been obtained with the neural network with an optimally selected
subset of geometrical features. A statistical test has also been performed to prove that the increase in the performance of classifier
post-feature selection is statistically significant. This machine learning–based study indicates that there exists discrimination
between the microscopic brain images of the EMF-exposed drosophila and non-exposed drosophila.

Keywords Drosophila melanogaster . Brain morphology . Radiofrequency electromagnetic radiation (RF-EMR) .
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1 Introduction

Over the last couple of years, the increase in the number of
telephone subscribers is many-fold. According to the reports
of CNBC (Consumer News and Business Channel), the
growth of mobile phone sales in percentage is increasing at a
rapid pace. Digital 2019 report has mentioned that there are
5.11 billion unique mobile users in the world in January 2019,
which is 100 million (2%) greater than the number of mobile
users in January 2018. Thus, with the increase in the number
of mobile phone users, it is highly probable that human and
another organism will have more exposure to radiofrequency
electromagnetic radiations (RF-EMR), emanating from mo-
bile towers and mobile phones.

Several research studies have been conducted to analyze
the effect of RF-EMR on the brain and other organs of humans
as well as other organisms. It has been reported by some of the
researchers that the exposure to these radiations has harmful
effects on the brain. It has been found in the study that an hour
of mobile phone use per day can significantly increase the risk
of tumor [1] after 10 or more years [2, 3]. It may result in

* Malay Kishore Dutta
mkd@cas.res.in

Ritesh Maurya
ritesh@cas.res.in

Neha Singh
neha.singh.0574@gmail.com

Tanu Jindal
tjindal@amity.edu

Vinay Kumar Pathak
vinay@vpathak.in

1 Centre for Advanced Studies, Dr. A.P.J. Abdul Kalam Technical
University, New Campus, Lucknow 226031, India

2 Amity Institute for Environmental Toxicology, Safety and
Management, Amity University, Noida, India

3 Dr. A.P.J. Abdul Kalam Technical University, Lucknow 226031,
India

https://doi.org/10.1007/s11517-020-02198-6

/ Published online: 1 June 2020

Medical & Biological Engineering & Computing (2020) 58:1751–1765

http://crossmark.crossref.org/dialog/?doi=10.1007/s11517-020-02198-6&domain=pdf
http://orcid.org/0000-0003-2462-737X
mailto:mkd@cas.res.in


neurological, chemical, morphological, and electrical changes
in the brain [4].

Mobile phones remain in close proximity with the brain
during talk mode [5] and radiofrequency electromagnetic
fields can penetrate 4–6 cm into the human brain [6].
Various investigations [7, 8] have shown effects of RF-EMR
on the development and the morphology of different organs in
rats. It was studied and observed the adverse effects of
900 MHz RF-EMR [9] on the development of hippocampus,
morphology, and learned response in Wistar rats [10, 11].
Various studies conducted between 2007 and 2019 have re-
ported that RF-EMR affected the activities [12, 13]/morphol-
ogy [14–16]/chemistry [17, 18] of the hippocampus in
animals.

The changes in the morphology of a brain occur due to cell
death or DNA damage at the cellular level [19]. Apoptosis or
programmed cell death is an important biological event in
tumor promotion, which may be enhanced due to DNA frag-
mentation [20]. These authors have also reported an increased
level of DNA strand break (single and double) due to micro-
wave exposure in rat brain at various frequencies (2.45 and
50 GHz) [21, 22]. The experiment, which is used to conduct,
for the identification of EMF radiation on the brain at the
cellular level, is expensive and a time consuming one. The
experiment requires the preparation of cell suspension for fur-
ther analysis and the preparation of cell suspension usually
takes 1 to 2 days, when the proper procedure of protocols is
followed. A lot of sample cells are also lost during the treat-
ment of the cells which varies the experimental results signif-
icantly. Another issue with the handling of drosophila brain is
that being a very tiny organ, it is very difficult to handle it and
one has to be very careful while working with it. Even a
difference in microliters, of cell suspension treatment chemi-
cal, can affect the experimental results significantly.

In the proposed work, machine learning and computer vi-
sion methods have been used to analyze the changes in the
morphology of the brain due to the effect of RF-EMR.
Drosophila melanogaster has been used as a specimen for
the experimentation purpose since drosophila is known to be
a well suited and highly tractable genetic model organism for
an understanding of the biological, physiological, and neuro-
logical mechanism in the body of a human [23].

The changes in the morphology of a drosophila brain when
exposed to the EMF radiations can be correlated with the
changes that took place in the brain at the cellular level [24].
Various geometry-based features have been extracted (from
the segmented microscopic brain image) and analyzed, to de-
tect the morphological changes that took place in the drosoph-
ila brain due to its exposure to EMF radiations. The machine
learning classifier being learned on those features might be
capable of correlating these morphological changes in the
drosophila brain with their geometrical features. The contri-
butions of the present work can be summarized as follows:

i. The main contribution of this work is in the develop-
ment of a machine learning and computer vision–based
automated system that can be used to predict effects of
EMF radiations emanated from mobile stations in the
brain by usingDrosophila melanogaster as a specimen.

ii. Another contribution of this paper lies with the segmen-
tation of brain region from the input microscopic image
(using center-initialized K-means algorithm) with a Dice
similarity coefficient of 0.9611.

iii. Certain geometric features have been determined and se-
lected from a set of extracted features when they are used
to train any machine learning classifier; machine learning
classifier establishes discrimination between the dro-
sophila brain images in EMF-exposed and sham-
exposed class.

iv. The fitness function of the genetic algorithm has been
designed in such that it provides a tradeoff between the
accuracy of a classifier and the size of the selected subset
of features.

The rest of the paper is organized in the following manner:
Section 2 of the paper explains the materials used in the pres-
ent work. Section 3 discusses the methods used in the present
work. Section 4 reports and discusses the experimental results.
Section 5 made a conclusive remark about the finding of the
present work.

2 Materials

2.1 Sample preparation

Wild type red-eyed Oregon-R strain of drosophila flies was
obtained from Drosophila Stock Centre, Mysore University,
India, and was cultured and maintained in the insect rearing
lab Amity University, Noida. The flies were kept at room
temperature environment at 25 ± 1 °C and relative humidity
of 70%with 12-h periods of light and dark periods on standard
Drosophila media and were kept to obtain generations so as to
have a pure strain of the organism. For maintaining
Drosophila cultures, most stocks were successfully cultured
by periodic mass transfer of adults to fresh food.

RF-EMR exposure was performed by using a horn antenna
at 2400 MHz of installed frequency. The RF-EMR source
produced 1800 to 2700 MHz frequency with an antenna gain
of 10 db (relative). The computed power density of the RF-
EMR exposure to carry out this experiment was 29 mW/m2.
The flow diagram for the exposure chamber has been shown
in Fig. 1.

The exposure chamber during the experiments was main-
tained at a temperature of 25 °C ± 0.1 °C to avoid thermal
effects. The chamber is also lined by anechoic material to
prevent any reflected radiation waves which can interfere with
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the experiment. For the RF-EMR exposure around 100, 5-
day-old adult flies were taken in an exposure tube made up
of acrylic material having dimensions of 8 × 3 × 3 cm. A wet
filter paper is kept at the bottom to maintain the humidity
inside the tube. The experiments are carried out in two sets
of sham (without) exposed and exposed groups. The sham-
exposed group flies were kept in the same conditions of ex-
posure (in the same chamber, temperature, and humidity) but
without exposure and exposed group flies were exposed to
RF-EMR. Drosophila in EMF-exposed group was exposed
to RF-EMR for 12 h per day continuously for 5 days at same
time of the day.

2.2 Image acquisition

After exposure, the flies were sacrificed and their brains were
dissected under stereo-microscope. The whole dissection is
performed in phosphate-buffered saline (PBS). The images
of the brain were taken in all the four directions by using
Magcam DC 5 (5.1MP) fitted along with the microscope.
The resolution of a microscopic image of the brain of drosoph-
ila is 1944 × 2592 pixels. Fig. 2 shows an image acquisition
setup used to capture the image of the drosophila brain.

The dataset used for the present study consists of micro-
scopic images of drosophila brain in two sets, i.e., RF-EMR-
exposed and sham-exposed. The total number of microscopic
images used for the present study in both groups, i.e., RF-
EMR-exposed and sham-exposed (control) has been de-
scribed in Table 1.

2.3 Analysis of the acquired image samples

The effect of RF-EMR on drosophila brain has been per-
formed by analyzing the color microscopic image of dro-
sophila brain. Fig. 3 highlights the reflection and noise that
occurred during the acquisition of microscopic images of
the brain and also displays random samples of microscopic
images for each class, i.e., RF-EMR exposed and sham-
exposed.

No visual difference can be observed between the brain
images in two groups. Hence, no morphological discrimina-
tion can be established just by the visual analysis of the brain
images. Therefore, to analyze the morphological differences
between the brain images of both groups, the brain region has
to be segmented from the acquired microscopic images and
the detailed analysis of morphological features extracted from

Fig. 2 Image acquisition setup

Fig. 1 Flow diagram for exposure
chamber

1753Med Biol Eng Comput (2020) 58:1751–1765



the microscopic brain images present in both groups has been
made.

3 Methods

Microscopic brain images of drosophila in EMF-exposed and
sham-exposed classes were acquired. The captured images are
used as an input to the methodology proposed in the present
work. The proposed methodology for the present work can be
divided into the following steps: first step consists of the ac-
quisition of microscopic images of drosophila brain. The sec-
ond step deals with the pre-processing and segmentation of
brain region from the pre-processed image. In the third step,
geometrical features have been extracted from the segmented
brain region. In the fourth step, the discriminatory subset of
features is selected by using the genetic algorithm–based fea-
ture selection algorithm. In the fifth and the last step, the
selected features are used to train and test the machine learning
models, for identification of morphological difference, if

present, in the brain images of both the groups. The method-
ology proposed for the present work has been shown in Fig. 4.

3.1 Brain region segmentation

There appear reflection and other artifacts in the acquired mi-
croscopic images, which makes the segmentation process dif-
ficult. These artifacts and reflections are basically the noise
which disrupts the quality of acquired brain image. Therefore,
it is necessary to pre-process the original microscopic image in
an appropriate color model prior to segmentation. An input
image has been analyzed in different color models such as
RGB, HSV, and YCbCr [25, 26]. Among these color models,
the brain region is distinctly visible in the luminance (Y) com-
ponent of the YCbCr model; therefore, pre-processing has
been performed on the luminance component of the YCbCr
model. The pre-processed Y image is used for segmentation of
brain region using the proposed center-initialized K-means
algorithm–based segmentation procedure.

3.1.1 Pre-processing

Since the original image captured with the stereo-microscope
has been corrupted with the noise, therefore the Y-component
image of YCbCr model is filtered with the median filter. The
contrast of median filtered image is adjusted by the intensity
adjustment technique [25] to highlight the region of interest.

Fig. 3 Microscopic brain image. (a) Description of noise and reflection present in the sample. (b) RF-EMR exposed group brain images (row 1) and
sham-exposed brain images (row 2)

Table 1 Description of
the dataset Class/group Total

Sham exposed (control) 79

Exposed (treated) 79

Total 158
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Fig. 5 shows the original image, Y-component filtered image,
and the contrast-stretched filtered image.

3.1.2 Segmentation procedure

The intensity of pixel present in the region of the brain (as
shown in Fig. 5(c)) is almost similar. Therefore, the region of
the brain can be segmented from the original image by creat-
ing a cluster of pixels present in the brain region. But for the
pixels present in the brain region to form a single cluster, the
appropriate value of initial cluster centers, as well as the num-
ber of clusters, should be chosen. Fig. 6 describes the detailed
procedure involved segmentation process of the brain.

The choice of an appropriate value of initial cluster centers
is equally important as with a large number of cluster centers
(K) results in over-segmentation, the opposite is also true for
the smaller number of cluster centers. For the present problem

of brain region segmentation, the K > 3 over segments where-
as K < 3 under segments the input image. Therefore, the value
of K = 3 has been chosen for the segmentation of the brain
correctly.

The initialization of cluster centers in the K-means algo-
rithm is also very important [27, 28] as random initialization
of cluster center results in wrong segmentation of the region of
interest. In the present work, three cluster centers (c1, c2, and
c3) are chosen in such a way that it divides the overall gray
level range into four parts d1, d2, d3, and d4 of equal size.
Initialization of cluster centers using the proposed method
helps in faster convergence of the proposed segmentation al-
gorithm as brain region pixels form a cluster around the cluster
center c3 as the algorithm proceeds.

The input to the proposed segmentation algorithm is the
pre-processed Y image. The procedure for the proposed seg-
mentation algorithm has been described as follows:

Choose suitable color-

model for brain-region

segmentation

Pre-processising for

noise removal and 

contrast enhancement

Apply cluster-initialised

K-means algorithm for

brain area segmentation

Morphological post-

processing for removal

of false-positives

Segmented

brain-area

Geometrical feature 

extraction from mask-

image

Preliminary feature

selection using T-

statistics

Classifier-specific

feature subset-selection

using genetic algorithm

Classifier specific

optimal feature-

subset

Train and test the machine learning models using 10-fold

cross validation approach

Naïve 

Bayes SVM Neural Net
Random 

Forest

EMF-exposed/sham

exposed brain

Microscopic brain image
Brain area segmentation

Geometrical feature extraction and selection

Classification and performance evaluation

Fig. 4 The proposed methodology

Fig. 5 Pre-processing steps. (a) Original image. (b) Median filtered luminance (Y) image. (c) Contrast-enhanced image
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Proposed segmentation algorithm:

i. Initialize the number of cluster centers (K) and initialize
their values.

ii. Calculate the Euclidean distance between the cluster cen-
ters and all the other pixels in an image.

dx;y ¼ f x; yð Þ−ck ð1Þ

where d(x,y) is the distance of pixel at coordinates x and y from
the kth cluster center ck

i. Assign pixel to nearest cluster center based its Euclidean
distance d from cluster center ck.

ii. After all, pixels are assigned to their nearest center, recal-
culate the cluster center using the relation mentioned
below:

ck ¼ ∑n
i¼1 f i x; yð Þ

n

� �
where xk ; ykð Þ∈ck ð2Þ

where n is the total number of pixels in cluster centered at ck.
Repeat steps 2, 3, and 4, till there is no change in the value of
the cluster center.

iii. Morphological post-process the segment formed for the
region of the brain.

The output of the proposed algorithm is the segmented
brain region. The intermediate (step-wise) outputs of the pro-
posed segmentation algorithm have been shown in Fig. 7.

After segmentation of the brain region from the colored
microscopic image, the geometrical features are extracted
from the segmented binary mask image of the brain to an-
alyze its morphological features. The feature extraction
process used in the present work has been described in the
next section.

3.2 Feature extraction

To analyze the effect of RF-EMR on drosophila brain, a cer-
tain set of geometrical features [26] has been extracted from
the segmented binary mask of the brain region, represented as
IB. The reason for choosing these 11 geometrical features have
been explained as follows:

i. Area: The area has been chosen for the analysis of the
morphology of drosophila brain since the area of an object
is indicative of its relative size. Thus, any kind of morpho-
logical change in the brain is likely to impact its area.

Area ¼ ∑n¼ j
n¼1∑

m¼ j
m¼1 IB m;nð Þ

� �
ð3Þ

where IB m;nð Þ is the pixel of an image IB at a location (m, n).

ii. Major axis length: The major axis length has been chosen
for the analysis of the morphology of drosophila brain in
the present work, since it is the length of the longest line
connecting the two points on the perimeter of a brain.
Thus, if the morphology of a brain undergoes change,
then it might also bring changes in the major axis length
of a brain. Major axis length can be computed by the
equation given below:

MajorAxisLength ¼ length MajorAxis IBð Þð Þ ð4Þ

iii. Minor axis length: The minor axis length has been cho-
sen for the analysis of the morphology of drosophila
brain since it is the maximum distance between two bor-
der points located on the perimeter of a located in a bi-
nary image IB, in the direction, perpendicular to the major
axis length.

Fig. 6 Detailed description of the proposed segmentation algorithm

1756 Med Biol Eng Comput (2020) 58:1751–1765



MinorAxisLength ¼ length MinorAxis IBð Þð Þ ð5Þ

iv. Eccentricity: The eccentricity has been chosen for the
analysis of the morphology of the drosophila brain since
it is the measure of the deviation of elliptical path. Thus,
if the morphology of a brain change, then the deviation in
the elliptical curve of a brain boundary is expected to
change.

It is the ratio of the distance between the foci of the object
and its major axis length. The mathematical formula to calcu-
late eccentricity is:

Eccentricity

¼ Distance between foci=major axis lengthð Þ ð6Þ

v. Convex area: Total number of pixels in the convex image
of an object is known as convex area. Thus, if any mor-
phological changes occur in the brain, then there is a pos-
sibility that the convex area of a brain might have
changed.

vi. Compactness: It is a quantitative measure to represent the
degree to which an object is compact. It is calculated
using the equation given below:

Compactness ¼ P2

4πA
ð7Þ

where P is the perimeter of a brain and A is the area of a
brain region.

vii. Euler number: It describes the relationship between
the number of contiguous parts and number of holes

Fig. 7 Intermediate to final outputs in segmentation process. (a) The original microscopic image. (b) Pre-processed luminance (Y) image. (c) Cluster
formed by the brain region pixels. (d) Binary mask of the brain region
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in an image. Any morphological changes that may
occur in the brain are likely to impact the Euler num-
ber of the brain.

If Nc is the total number of contiguous regions in
an image and Nh is the total number of holes in an
object, then Euler number can be calculated as
follows:

Euler number ¼ N c−Nh ð8Þ

viii. Equiv diameter: It represents the diameter of a circle
whose area is equal to the area of an object. Any mor-
phology deviation of a brain due to EMF exposure is
likely to affect the equiv diameter of a brain. It can be
calculated as follows:

EquivDiameter ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
4*

Area

π

r
ð9Þ

ix. Solidity: Solidity is the measure of convexity or concav-
ity of an object. For current problem, it is the ratio of the
area of a brain region and the area of the convex hull,
which is the smallest convex polygon containing all the
pixels in the brain region and is likely to have discrimi-
natory behavior under the effects of EMF exposure.

Solidity ¼ Area0
Areac

ð10Þ

where Areao is the area of a segmented image and Areac is the
area of a convex hull surrounding the segmented brain image
in IB.

x. Extent: Extent defines the ratio of the total number of non-
zero pixels in an object and the total number of pixels in
the corresponding bounding box. Thus, if anymorpholog-
ical changes occur in the brain, then the extent feature is
likely to undergo changes.

Extent ¼ No

N b
ð11Þ

where No total number of pixels in an object and Nb is the total
number of pixels in the corresponding bounding box.

xi. Perimeter: Perimeter has been chosen for analysis, since
it is a distance around the boundary of a segmented brain
area in IB. Morphological changes that may occur in the
brain are likely to affect the perimeter of the brain.

A visual analysis of the features extracted from RF-EMR
and the sham-exposed group has also been shown in the box
plot shown in Fig. 8.

All the features described above have some relevance to the
geometry of the brain but not all the features have the equal
discriminative ability. Therefore, to select the highly discrim-
inatory features among all the extracted features, genetic
algorithm–based feature selection has been used and de-
scribed in the next section.

3.3 Discriminatory feature selection

To select a set of features which establishes the morphological
discrimination between the brain images of the two groups,
proper feature selection procedure needs to be adopted.
Basically, feature selection methods fall into two categories:
filter method and wrapper method where filter methods are
independent of the machine learning models to be learned and
are computationally cheaper, whereas the wrapper methods
select set of features after evaluating the performance of a
classifier on those features [29]. The advantage of both the
methods has been utilized to select the classifier specific op-
timal subset of features, in the present work.

At first, the selection of features is performed on the basis
of T-statistics scores of the extracted features; it removes the
indistinct features in the initial phase of the feature selection
process. T-statistics is a supervised feature selection approach
[30]. It assesses whether the mean for a feature in two classes
(exposed/sham-exposed) is statistically different from each
other. Each sample of class 1 is labelled as 0 and for class 2,
as 1. Then, for each feature fi, the mean μ0

i (resp. μ1
i ) and

standard deviation δ0i (resp. δ
1
i ) are calculated using only the

samples labelled 0 (resp. 1). Then, a score T (fi) can be calcu-
lated using Eq. (1) given below:

T f ið Þ ¼ μ0
i −μ1

iffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
δ0j

� �2

n0
þ

δ1j

� �2

n1

vuut
ð12Þ

where n0 and n1 represents the number of samples labelled as
0 (resp. 1). The higher the value of T-score for a particular
geometric feature, the higher its discriminatory behavior is.

The scores for all the features are represented in a stem
graph as shown in Fig. 9. It can be observed from Fig. 9 that
the features numbered 2 and 4 are the most discriminatory,
whereas the features numbered 5 and 10 are the least
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discriminatory. With a threshold value of 0.5285, a total of
nine (1, 2, 3, 4, 6, 7, 8, 9, 11) features have been selected in
preliminary feature selection step, where the features

numbered as 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, and 11 correspond
to the features area, major axis length, minor axis length, ec-
centricity, convex area, compactness, Euler number, equiv

Fig. 8 Box plot comparison of features extracted from the brain images in RF-EMR exposed and sham-exposed class

Fig. 9 T-stat score of the
extracted features
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diameter, solidity, extent, and perimeter of the segmented
brain region respectively.

Evolutionary methods have been used for feature selec-
tion and received much success in the recent past [31].
Therefore, after removal of non-discriminatory features in
the initial phase using the T-statistics feature selection
method, the rest of the remaining features are fed into the
genetic algorithm, to select optimal subset of features
among 29 possible combinations of subsets. The optimal
subset of features has been found for the Naïve Bayes,
support vector machine (SVM), artificial neural network
(ANN), and random forest classifiers. The fitness function
of genetic algorithm for selection of any ith chromosome is
given by Eq. 2.

fiti ¼ w1*accuracy zið Þ þ w2*
1

r f
ð13Þ

where w1 and w2 are the weights used in fitness function
which lies between 0 and 1 and w2 = w1 − 1 and rf is the
ratio of the size of selected feature subset (no. of 1s in
chromosome) and the total number of features, i.e., eleven;
fiti is a fitness function of ith selected subset of features
represented by zi for a given classifier.

The first component of the genetic algorithm fitness func-
tion represents weighted accuracy (10-fold cross-validated) of
a classifier on ith selected feature subset (chromosome)

represented by zi and the second component represents the
weighted ratio of length of selected feature subset (total no.
of 1s in chromosome) and the size of features left, after appli-
cation of T-statistics filter based selection method. The weight
values w1 and w2 provide a tradeoff between the accuracy of
classifier on selected features and the size of selected subset of
feature. Value of w1 = 0.8 and w2 = 0.2 has been used for the
present work as these values of weights provide an optimal
tradeoff between accuracy and the size of selected set of
features.

Steps performed by genetic algorithm for feature selection
are described as follows:

Step 1. In the first step, each feature subset (chromosome)
is encoded by the binary string of 0s and 1s, where
each bit represents presence (if, 1) or absence (if,
0) of individual feature in the chromosome.

Table 2 Hyperparameters of genetic algorithm

Parameter/method Value/type

Population size 8–12

Number of generations 10

Crossover probability 0.7

Mutation probability 0.06

Parent selection procedure Roulette wheel

Crossover Two-point

Mutation Flip-bit

Number of offspring 8

Elitism 2

Table 3 List of features selected by the genetic algorithm

S.No. Feature Classifiers

Naïve Bayes SVM ANN Random forest

1 Area ✗ ✗ ✓ ✗

2 Major axis length ✓ ✓ ✓ ✓

3 Minor axis length ✗ ✗ ✗ ✗

4 Eccentricity ✗ ✗ ✓ ✗

5 Convex area --------------Removed using T-statistics
method-----------------

6 Compactness ✓ ✗ ✓ ✗

7 Euler number ✗ ✓ ✗ ✗

8 Equiv diameter ✓ ✗ ✗ ✗

9 Solidity ✓ ✗ ✓ ✓

10 Extent --------------Removed using T-statistics
method-----------------

11 Perimeter ✓ ✓ ✓ ✗

Total number of selected
features

5 3 6 2

Table 4 Hyperparameters of machine learning classifiers

Machine learning
classifier

Hyperparameters

Naïve Bayes Gaussian distribution

Support vector
machine

Gaussian radial basis function kernel, scaling
factor sigma = 1.8

Artificial neural
network

No. of hidden layers = 5, training function
= Levenberg-Marquardt, Epochs = 30

Random forest Number of trees = 5

Table 5 Performance metrics of classifiers on selected features

Naïve
Bayes

Support vector
machine

Classifiers Random
forestArtificial neural

network

Sensitivity 91.9% 88.57% 98.6% 98.55%

Specificity 81.70% 86.48% 97.26% 94.67%

F1 score 0.86 0.87 0.97 0.96

Accuracy 86.11% 87.50% 97.91% 96.52%

Youden’s
index

0.74 0.76 0.96 0.93
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Step 2. Start the algorithm with a randomly generated pop-
ulation of chromosomes. The size of the population
varies from 8 to 12.

Step 3. Fitness of each individual chromosome in population
is calculated by the fitness function given in Eq. 2.

Step 4. Select parents using the roulette wheel selection
method (also named proportional selection) from
the population in the current generation. In roulette
wheel selection, probability of selection is propor-
tional to the fitness value of chromosomes.

Step 5. Use two-point crossover and mutation with the given
probability of crossover and mutation in order to
generate offspring in the next generation.

Step 6. Stop if the fitness function of chromosomes does not
change for successive five generations. Select the
fittest chromosome from the population as a solution
to a current problem; otherwise, go to step 3.

The output of the algorithm is the feature selected by the
genetic algorithm. The parameters and methods used for fea-
ture selection using a genetic algorithm are shown in Table 2.

The list of features selected by the genetic algorithm has
been shown in Table 3. The “✓” symbol represents the feature
has been selected and the “✗” symbol represents the feature
has been removed from the list.

The features selected by the proposed feature selection
method were given as input to the machine learning classifiers
to test whether any discrimination is present between the fea-
tures of both the classifiers. The details of machine learning
classifiers are given in the next section.

3.4 Machine learning for classification

Machine learning model plays an important role in establishing
a discrimination between RF-EMR-exposed and sham-exposed
groups on the basis of classification of segmented brain images
in the test set into their respective classes. Four different types of
classifiers such asNaïveBayes, support vectormachine (SVM),
artificial neural network (ANN), and random forest have been
used in this work for classification purpose. Discriminatory fea-
tures selected using a genetic algorithm–based feature selection
algorithm have been fed into the machine learning classifiers to
train and test the performance of features on the selected fea-
tures. The hyperparameter settings for four classifiers used in the
present work has been shown in Table 4.

4 Experimental results and discussion

To test the discrimination between the drosophila brain
images in both the classes, the performance of the classi-
fiers on the features selected by the genetic algorithm has
been analyzed. A comparative analysis has also been per-
formed on the performance of classifiers, trained with and
without selected features. The performance of the classi-
fiers has been validated using 10-fold cross-validation.
All the algorithms presented in this work have been im-
plemented on CPU@2.0GHz, 4 GB RAM, 64-bit operat-
ing system. The performance of classifiers has been

Fig. 10 ROC curve for classifier

Table 6 Comparison chart for
classifier performance before and
after feature selection

Classifier Average % accuracy Total no. of features An absolute
reduction in no. of
features

%Increase
in
accuracyBefore

feature
selection

After
feature
selection

Before
feature
selection

After feature
selection

Naïve
Bayes

81.19% 86.11% 11 5 [2,6,8,9,11] 6 6.059

SVM 85.72% 87.50% 11 3 [2, 7, 11] 8 2.076

Artificial
neural
network

97.13% 97.91% 11 6
[1,2,4,6,9-
,11]

5 0.80

Random
forest

95.64% 96.52% 11 2 [2,9] 9 0.92
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evaluated on the parameters such as sensitivity, specifici-
ty, F1 score (harmonic mean of precision and recall), ac-
curacy, and Youden’s index (ROC curve which is farthest
from the line of equality). The performance of the pro-
posed segmentation algorithm has been measured with the
Dice similarity coefficient which was evaluated to 0.9611
for the present segmentation problem. The average perfor-
mance metrics of the classifiers (for10-fold) when trained
with selected features have been shown in Table 5.

Fig. 10 shows the mean receiver operating characteristic
(ROC) curve plot (for 10-fold) for all the four classifiers when
trained with the selected features. Fig. 10 shows that the best
performing classifier is neural network with an AUC value of
0.98, whereas Naïve Bayes performance was found to be
worst with the AUC value of 0.89.

Table 6 presents a comparison chart showing the reduction
in the number of features before and after feature selection as
well as the corresponding increase in the average accuracy of a
machine learning classifier for 10 folds.

Box plots representing the comparison between the perfor-
mance of classifiers (for 50 iterations of 10-fold cross-valida-
tion) when trained with selected and all the eleven features
have been shown in Fig. 11. Box plots shown in Fig. 11 show
mean, standard deviation, and minimum and maximum accu-
racy for a classifier trained with or without feature selection.

The CPU time required for brain region segmentation from
input microscopic images and also the time required for geo-
metrical feature extraction for some randomly selected sam-
ples have been shown in Table 7.

The total average time to segment brain area from all the
microscopic images in the dataset was 4.21 s, whereas it took
an average time of .1938 s for extraction of geometrical fea-
tures from the segmented brain images.

Table 8 represents the reduction in the training time of a
classifier post-feature selection.

It can be observed fromTable 8 that classifier accuracy gets
increased post-feature selection. But it is not reliable to report
that the improvement in the classifier performance post-
feature selection only on the basis of average accuracy of a
classifier since means are susceptible to outliers [32]. Thus, it
might not result in the identification of discriminatory features
which are actually distinct.

To prove the increase in classifier accuracy post-feature
selection of features is statistically significant, paired T test
has been performed. Statistical significance test proves that
the increase in classifier accuracy is not just by chance but
with a confidence level of 0.95. Statistical T test has been used
to check the hypothesis that the increase in an average accu-
racy of a classifier post-feature selection is statistically signif-
icant. The closer the T-value is to 0, the similar the two groups
are. The p value denotes the probability of the increase in the
accuracy of a classifier post-feature selection. If the p value is
equal to 0.05, then there is 5% probability that increase in the
accuracy of classifier is by chance. The test results after
performing a paired T test on the accuracy of classifiers pre-
and post-selection of features have been shown in Table 9.

Fig. 11 Box plot representation for pre- and post-feature selection performance of the classifiers for 50 iterations. (a) For Naïve Bayes. (b) For SVM. (c)
For ANN. (d) for random forest

Table 7 CPU time required in image segmentation and feature
extraction

Sample
images

Segmentation of brain area
(in seconds)

Geometrical feature extraction
(in seconds)

Image 1 3.95 .2255

Image 2 4.55 .2090

Image 3 7.76 .1955

Image 4 4.68 .1988

Image 5 3.77 .2029

Image 6 5.56 .1856

Image 7 3.84 .1888

Image 8 3.43 .2091

Image 9 4.45 .1987

Image 10 3.56 .1873

Table 8 Classifier training time required before and after feature
selection

Classifier Training time

Before feature selection After feature selection

Naïve Bayes 5.2351 2.1130

SVM 4.2197 1.1540

ANN 5.3432 2.2289

Random forest 6.0599 2.3200
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In Table 1, h = 1 represents the rejection of the null hypoth-
esis and when h = 0 represents the acceptance of null hypoth-
esis. Null hypothesis states that there is no significant increase
in classifier accuracy post-selection of features, and is accept-
ed in case of ANN and it has been rejected in case of other
classifiers used in the present work for classification.

The following observations can be made by correlating the
performance of classifiers discussed in this section and the
features selected by the proposed feature selection algorithm
as shown in Table 3.

i. The results presented in this section indicates that the fea-
tures such as major axis length, perimeter, and solidity are
the most discriminatory as these features have been select-
ed by most of the classifiers and thereby also improved the
performance of classifiers when tested.

ii. Considering the stability in the performance of the classi-
fier and the corresponding increase in the accuracy of the
classifier, the random forest classifier identifies the major
axis length and solidity as the most discriminatory geo-
metrical features among other nine.

iii. Minor axis length, convex area, and extent can be con-
sidered redundant features since the removal of these
features does not affect the performance of the classifiers.

iv. It has been observed that no clear distinction can be made
between the test set images on the basis of their geomet-
rical areas as the area has only been chosen as a discrim-
inatory feature by only one classifier, i.e., ANN. Thus, it
does not qualify for discriminating the test images based
on the area chosen as a geometrical feature.

v. The training time of the classifier post-feature selection
has been reduced significantly because of the significant
reduction in feature space.

vi. All the observations presented in this work are based on
the microscopic images of the brain in RF-EMR and
sham-exposed class and they do not claim any kind of
biological or physiological changes that took place in the
brain due to RF-EMR exposure.

5 Conclusion

The current work presented a novel pilot study to analyze the
effect of RF-EMR on the morphology of drosophila brain as

well as provide a computer vision–based methodology using
machine learning. Region of the brain is automatically seg-
mented using center-initialized K-means algorithm with a
Dice similarity coefficient of 0.9611. A total of 11 geometrical
features have been extracted from the drosophila brain images
in RF-EMR-exposed and sham-exposed classes and their dis-
criminative capabilities for the present classification problem
have been tested. Classifier specific optimal subset of features
has been determined using genetic algorithm–based feature
selection method. Artificial Neural Networks perform with
an average classification accuracy of 97.91%, which is the
highest among other classifiers used. The discrimination
among the features has been established with their relationship
to the performance of classifiers on the features selected by
genetic algorithm. The study establishes discriminatory fea-
tures of the microscopic brain image of the specimen using
machine learning methods. Future work in this may involve
the use of other specimens to be exposed and studied for
similar effects of RF-EMR.
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