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We investigate impacts of the obesity on three different responses (cone, rod and maximal combined) of elec-
troretinogram signals. To analyze and extract features of the responses, two major components of electroreti-
nogram signal (namely “a” and “b” waves) have been used. The amplitudes and respective peak times of the
waves have been firstly calculated by using statistical methods in time domain. These time domain analysis could
be integrated by time-frequency domain analysis to reflect electroretinogram components considerably. To
achieve this aim, we have analyzed the “a” and “b” waves by applying short time Fourier transform, continuous
wavelet transform and discrete wavelet transform methods on electroretinogram signals. Our findings prove that
the continuous wavelet transform gives better results than other methods with respect to time-frequency results
extracted from scalogram analyses. In this context, it is also showed that the usage of Mexican hat is the most
proper wavelet to analyze obesity effect on electroretinogram. Moreover, we show that the “a” wave does not
change considerably by obesity for electroretinogram responses. On the contrary, the “b” wave is significantly
affected from obesity for maximal combined response as compared with other responses. The novelty of this
work lies in the fact that the present paper is the first attempt to address the effects of obesity on electroreti-
nogram signals. Furthermore, it is clearly denoted that the electroretinogram signals are affected adversely with

levels of the obesity.

1. Introduction

The retina is the eye tissue layer including photosensitive (light-
sensitive) nerve cells that provide vision [1]. These photosensitive cells
have been activated by a stimulus presented to the retina. Hereby, an
electrical response is obtained which enables the examination of the
retina. This response that can be measured by electrodes placed on the
cornea or inner surface of the retina is named as electroretinogram
(ERG) [2-4].

A typical ERG signal comprises four waves called “a”, “b”, “c” and
“d”. Each of them represents the excitation response of a different layer
of the retina [5,6]. Here; “a” wave is the response of the photoreceptive
layer, “b” wave is the response of the bipolar-Miiller cell complex, “c”
wave is the response of pigment epithelium layer and “d” wave is the
closure response at the end of stimulation [7-11]. In addition to these
waves, in an ERG signal, it has been determined that diverse waves such
as “i” wave and photopic negative response (PhNR) are also present,
which have been found to occur only under special conditions related to
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the data collection method [12]. Most of the studies in literature have
been focused on time domain analysis of “a” and “b” waves where their
effects on ERG signal are clearly known [12,13]. For example, Barraco
et al. have performed time-frequency analysis by applying a wavelet
analysis (WA) method on the “a” wave of ERG signals obtained from
individuals with congenital stationary night blindness, achromatopsia
and normal. The determination of typical time-frequency features of the
wave have been realized by using Mexican hat wavelet. It has been
revealed out that the status of the retinal photoreceptors depends both
the number of stable frequencies and their times of occurrences. In
addition, when the pathological conditions have been taken into
consideration, it has been found that the values of the frequency com-
ponents have decreased and the formation times has changed [14]. In
another study by Barraco et al., it has been analyzed the “a” wave of ERG
signals recorded from normal subjects without eye disease at different
flash intensities by the help of continuous wavelet transform (CWT).
They have indicated that wavelet analysis applied by using Mexican hat
is a quite effective signal processing method to determine the stable
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frequencies and their times of occurrences of the ERG signals [15]. In
2014, it has been investigated which method is more successful by
applying different signal processing methods on the “a” wave of ERG
signals taken from congenital stationary night blindness, achromatopsia
and normal subjects. In this respect, Fourier analysis (FA), principal
component analysis (PCA) and WA have been used to distinguish
healthy and pathological subjects. Thus, it has been found that WA using
Mexican hat is a very successful method compared to PCA and FA
methods [16]. In another study conducted in 2014, Gauvin et al. have
utilized FA, CWT and discrete wavelet transform (DWT) methods to
make time domain analysis of the photopic ERG signals of normal sub-
jects. The performances of the methods has been compared with each
other by detecting the peak amplitudes and times of the ERG signals. It
has been shown that CWT applied by using Haar wavelet is the most
proper method as compared to others [7].It has been analyzed the
photopic ERG responses of the normal (healthy) subjects by using
different signal processing techniques (short time Fourier transform
(STFT), CWT and DWT) by Alagl. As a result of analysis, it has been
found that CWT done with Daubechies (db) mother wavelet gives better
results in time-frequency domain than the other methods [12].

On the other hand; obesity, which is one of the biggest health
problems of today’s world, has been growing rapidly in every day. It is a
chronic disease which results from depending on the significant increase
in body fat mass. The body mass index (BMI), calculated by dividing the
body weight by the square of the height, is used by the World Health
Organization (WHO) to evaluate the obesity level. According to this, it
has been accepted that subjects with a BMI between 18 and 25 is normal,
while between 25 and 30 are overweight, between 30 and 40 are obese,
between 40 and 50 are morbid obese and over 50 are super obese [17].
Obesity is known to be associated with hypertension, type 2 diabetes,
sleep apnea, coronary heart disease, stroke, dyslipidemia, gallbladder
diseases, osteoarthritis, and even cancer. In addition, it has been re-
ported that obesity effects visual acuity in negative manner and also
causes many different eye diseases, such as cataract, age-related mac-
ulopathy, diabetic retinopathy and glaucoma [18-20]. However, to the
best of our knowledge, there is no study that investigates the effects of
obesity on ERG signals. In this context, the goal of this study is exhibited
how the different classes of obesity affect the amplitudes and respective
peak times of “a” and “b” waves of the ERG signals. To do this, we firstly
identified and compared the amplitudes and peak times of the waves for
normal and obese (obese, morbid obese, super obese) subjects based on
statistical analysis. Then, the characteristic features of the waves for all
group of subjects were investigated by applying STFT, CWT and DWT in
time-frequency domain.

2. Material and methods
2.1. ERG dataset

In this study, ERG data of 40 people aged between 18 and 70 who
applied to Zonguldak Bulent Ecevit University Obesity and Diabetes
Application and Research Center were used. This data set consisting of
normal, obese, morbid obese and super obese individuals shows a ho-
mogeneous distribution. Namely, each group contains data of 10 people.

The essential explanations have been given to all individuals before
the test and all stages of the test have been carried out in accordance
with the Zonguldak Bulent Ecevit University Human Research Ethics
Committee and ISCEV (International Society for Clinical Electrophysi-
ology of Vision) standards. In addition, an ophthalmological examina-
tion of each person have been performed by a specialist physician.

ERG signals have been taken by using Metrovision MonPackOne
Electrooculography device provided within the scope of Zonguldak
Bulent Ecevit University Scientific Research Project. Accordingly,
Dawson-Trick-Litzkow (DTL) plus electrodes have been placed in the
lower conjunctival sac of both eyes dilated priory. The ground and
reference electrodes have been positioned in the center and sides of the
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Fig. 1. The sample of ERG signal taken from a normal subject in time domain.

forehead, respectively. Then, the electrical responses of both of the eyes
to the flash stimulus at different light intensity sent from the device have
been recorded after a dark adaptation period of 20 min. Similar steps of
the test have also been performed after a 15 min light adaptation period.

2.2. Basic features of ERG signals

ERG signals have two main components whose named as “a” and “b”
waves as shown in Fig. 1. The first negative wave of the signal is called as
“a” wave, which stems from the responses of photoreceptor cells (cones
and rods). Its amplitude is measured from the pre-stimulus baseline to
the most negative trough of the “a” wave, whereas its peak time is
identified as the time elapsed from the flash onset to the “a” wave’s
peak. The “b” wave related to the bipolar cells is the highest positive
wave following the “a” wave. The amplitude and peak time of the “b”
wave, respectively, are determined from the peak-to-peak amplitude
from the peak of the “b” wave to the trough of the “a” wave and from the
flash onset to the peak of the “b” wave. The amplitudes and respective
peak times of these waves, which can be measured by separating from
cones and rod responses, can change by depending on the nature of the
disease [7-12]. Thus, these measurements are great of importance for
the interpretation of ERG signals.

For interpretation ERG signals, it is commonly utilized five ERG re-
sponses that are put forward by ISCEV. These are rod response, cone
response, maximal response, 30 Hz flicker response and oscillatory po-
tentials. In this study, the first three responses were taken into consid-
eration in the analyses. Among them, rod response is the first signal after
dark adaption. Maximal combined response originates from the re-
sponses of both cone and rod cells after dark adaption. Cone response
arises from cone responses after light adaption [21].

2.3. ERG signal processing

Bio-signals recorded from organs in human body can contain sig-
nificant information which cannot be distinguished by naked eye. To
elicit characteristic features of this information giving rise to them,
many different analytical methods have been developed. Selection of the
proper method helps to comprehend the underlying physiological pro-
cesses and to reveal accurate medical diagnoses. In this context, prin-
ciple component analysis (PCA), Fourier analysis (FA) and wavelet
analysis (WA) are commonly used in ERG signal analyses. Among them,
wavelet analysis which allows the signals to be analyzed in the time-
frequency domain is proposed as the most proper method in the
recent studies [7,12,14-16].
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2.4. Time-frequency analysis

Biomedical signals are non-stationary waves obtained from electrical
activities of the human organs and they also provide sufficient infor-
mation. The time-frequency analysis has been used as a powerful tool in
practice to extract significant information from non-stationary signals
[22].

2.4.1. Short time Fourier transform

Non-stationary signals have statistic characteristics changing over
time. The Fourier transform is not convenient to analyze of these signals
and it does not give information about how that frequency changes over
time [22,23]. Therefore, the short time Fourier transform has been
developed. In the STFT method, non-stationary signals are transform a
stationary signal by using a window function. Then the STFT of the
signal is obtained by taking the Fourier transform (FD) of each decom-
posed signal. STFT is defined as follows:

00

STFT(z,f) = / x(7)W* (1 — t)e 7 dr, 1)

—o0

where x(t) is the signal, w(t) is the window function, * represents
complex conjugate, f is the frequency, t is the time of displacement and ¢
represents slides the window through the waveform.

2.4.2. Continuous wavelet transform

The first proposed method to analyze frequency components of the
signals is Fourier transform. The spectrum analysis of signals is per-
formed by using of this transform. The properties of the signal in time
domain are lost, while its properties in frequency domain are obtained
by Fourier transform. Time-frequency domain representation of a signal
is performed by windowing technique in Short Time Fourier Transform.
But, it cannot be possible to carry out the time-frequency domain
analysis efficiently with this technique due to the constant window
length [24,25]. Therefore, CWT method including variable windowing
properties has been proposed. By using this method, it can be possible to
obtain better frequency resolution for low frequency components and
better time resolution for high frequency components [24,26,27].
Analysis of a time series by CWT necessitates a set of functions obtained
from mother wavelet (y(t)). w(t) is expressed as follows:

1 - .
) =~ () = VRl G0, @

where “s” and “z” are the scaling and translation parameters, respec-
tively. ﬁ is the normalization factor that ensures the same energy for
S

whole “s” and “z” [28-30]. When a mother wavelet is given, CWT of a
signal x(t) is expressed by the convolution of x(t) with the complex
conjugate of y; .(t), as is given by the following equation:

X,(5,7) = <x(z>7ws_,(z>> = [ xtow o @

o

where * demonstrates the complex conjugate operation. This equation
can be written in the Fourier domain, considering the Parseval’s relation
[30]:

X, (s,7) = \g—E/f X()¥* (sw)e™ dw, @)

In this equation, the main factor is mother wavelet type and there are
many kinds such as Haar, db, Mexican Hat, Morlet, Coiflet, Symlet. The
selected wavelet type exhibits variety depending the application area. If
the wavelet type were selected properly, the similarity between the
signal and the wavelet type would be better [31]. Thus, it is great of
importance to determine the proper mother wavelet. To analyze ERG
signals, diverse mother wavelets types have been used. To the best of our
knowledge, in literature, it has not been come across any studies that
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Table 1
Peak times and amplitudes in rod responses.
Obesity classes Waves Amplitude (uv) Time (ms)
Normal a 13.93F11.81 23.84F716.94
b 116.19 +48.30 84.51 7 21.36
Obese a 9.38 +10.58 25.22F15
b 131.33 +104.40 87.04 ¥11.08
Morbid obese a 10.10 F11.11 27.34¥16.01
b 129.77 ¥ 35.94 84.67 ¥13.03
Super obese a 9.5F9.15 34.8 76.63
b 102.45 ¥ 32.55 79.99%7.13

reveal which type of wavelet is most suitable for ERG signal processing
of obese subjects. In this study, we have used different wavelets type
(db10, Haar, Mexican hat) and determined the proper one for this aim.

2.4.3. Discrete wavelet transform

DWT is a time-frequency analysis method in which the signal is
separated into detail and approach coefficients using low and high pass
filters. As a result of the signal passing through the high-pass filter, the
approach coefficients are obtained, and by passing the low-pass filter,
the detail coefficients are received [32]. DWT is calculated as follows:

W (1) =27y (271 — k) (5)

where 4j” and ‘k’ are the scale and translation parameters, respectively
[30,31]. The DWT can be defined as a filtering operation with two
related FIR filters, low-pass filter (¢(t)) and high-pass filter (y(t)). The
low pass and high pass wavelet filter coefficients specify the form of the
scaling function (¢(t)) and wavelet function (y(t)). Subsampling the
signal by two will ensure to be discarded every other sample. Thus, the
scale of the signal, which is expressed mathematically as the dilation
equation and wavelet equation, is doubled. The dilation equation and
wavelet equation are given as follows;

B(1) =D (2t — k), (6)

w(t) = dip(2t — k), @)

where cx and di are coefficients of the low pass and high pass filters,
respectively [28,33]. In the method, many different wavelet types are
used to obtain a good resolution and realistic measurement. In this
study, db10 and Haar wavelet types were used to determine which is
more proper in the analysis of ERG signal.

2.5. Statistical analyses

ERG parameters of normal and different obesity groups have been
estimated by using variant analytical approach such as mean value and
standard deviation. We have utilized Z-scores and set a level of relevance
of %5 by using SPSS 22.0 (Statistical Package for the Social Sciences)
packet program.

Table 2
Peak times and amplitudes in maximal combined responses.
Obesity classes Waves Amplitude (pv) Time (ms)
Normal a 16.03 F5.95 13.97 ¥1.59
b 55.83F13.39 27.98F1.42
Obese a 10.00 ¥ 14.85 15.05F1.14
b 52.47 +18.25 29.92F1.76
Morbid obese a 13.71 £3.72 15.57 #1.73
b 65.71 ¥ 36.15 30.80F2.91
Super obese a 66.27 F+46.43 16.90 +7.96
b 213.43 7 140.22 46.4 7 33.99
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Table 3
Peak times and amplitudes in cone responses.
Obesity classes Waves Amplitude (pv) Time (ms)
Normal a 80.76 ¥ 47.24 16.29 + 8.67
b 159.00 = 87.88 33.64F+17.99
Obese a 113.35 7 34.76 20.91 ¥ 2.00
b 226.30 7 62.75 43.93 ¥5.45
Morbid obese a 118.01 +39.50 21.27 ¥ 2.59
b 243.70 ¥ 65.83 44.47 ¥3.10
Super obese a 15.06 F4.16 14.7350.81
b 56.38 +18.19 30.01 ¥1.11

3. Results

In this study, we analyzed ERG signals for normal and three obesity
groups (obese, morbid obese and super obese) in time and time-
frequency domains. In the analysis; “a” and “b” waves in rod, cone
and maximal combined responses of all groups have taken into consid-
eration by averaging of 10 subjects’ signals. Firstly, we obtained time
and amplitude measurements of “a” and “b” waves for all groups in time
domain by using statistical analysis. The obtained statistical results are
given in Tables 1-3.

As seen in Table 1, in rod responses, when the peak times of “a” and
“b” waves of obese subjects are compared with those of normal subjects,
peak times of obese subjects have shifted to the right side (about
2 F 6 ms). Besides the amplitude of “a” wave of obese subjects decreases
about %33, while the amplitude of “b” wave increases about %13. The
amplitudes of “b” waves have decreased in conjunction with obesity
level, for all obese groups, whereas the amplitudes of “a” waves have not
changed significantly. In addition, the peak times of “a” and “b” waves
for obese and morbid obese subjects have shifted to right (about
2 F 1 ms) and left sides (about 2 F 2 ms), respectively. The peak times of
the waves for super obese subjects have moved to right side about
9 ¥ 8 ms and left side about 7 F 4 ms as compared with those for obese
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subjects.

In maximal combined responses; the peak times of “a” waves for all
subjects are close to each other, while the peak times of “b” waves have
been increased in conjunction with obesity level (Table 2). On the other
hand, the amplitudes of the waves for obese subjects decreases about %
38 and %6 in comparison with normal subjects, respectively. The am-
plitudes of the waves have increased in conjunction with obesity level
for all obese groups. The rates of increment have been observed highest
for super obese subjects.

As shown in Table 3, when the obese subjects are compared with
normal subjects, the peak times of “a” and “b” waves shift towards about
4 75 and 10 F 10 ms of right side, respectively. Also, the amplitudes of
the waves rise about %41. For obese and morbid obese subjects, it has
not been observed considerable change in both the peak times and
amplitudes of the waves. But for super obese subjects, the amplitude of
“a” wave decreases by 7 times and the amplitude of “b” wave decreases
about 3 times with respect to obese subjects. Also, the peak times of the
waves shift towards (about 6 1 ms) and (aboutl4 F 4 ms) left side,
respectively.

Secondly, we analyzed ERG components (namely, “a” and “b” waves)
involved in rod, cone and maximal combined responses by using STFT,
CWT and DWT in time-frequency domain. In this regard, analyzes are
primarily carried out with STFT for each subject groups. The obtained
results are given in Figs. 2-5.

As seen in the Figs. 2-5; when the energy levels are analyzed for 3
different ERG responses obtained from normal, obese, morbid obese and
super obese subjects, it is seen that the frequencies of “a” and “b’ waves
are not obtained separately since the energy range in the frequency
domain is wide scale. Hence the individual locations of the waves cannot
be determined. Then, we analyzed ERG components (namely, “a” and
“b” waves) involved in rod, cone and maximal combined responses for
normal by using CWT in time-frequency domain. In this context, db10,
Haar, Mexican hat wavelet types, which are commonly applied for ERG
signal processing in literature, have been used in the analysis. The
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responses, respectively. The panels (d), (e) and (f) represent STFT analysis of corresponding responses.



O. Erkaymaz et al.

80

60
=
=
&S 40
S
o
=

20

[0}
[0} 50 100
Time (ms)
(a)

N
o
@]

Frequency (Hz)
N B
o o
o @] (@]
Frequency (Hz)
N
o 8

Frequency (Hz)

Time (ms)

(d)

Fig. 3. Analysis of different responses of ERG signals obtained by the average of 10 obese subjects. The panel (a), (b) and (c) show rod, maximal combined and con

Biomedical Signal Processing and Control 66 (2021) 102398

30
50
20t
E o Z 1o}
[«b] D
(=] (=]
S S
oS S O
= 50} >
-10
-100 -20
0 50 100 o] 50 100
Time (ms) Time (ms)
(b) (c)
-40 -20 0 20

N
o
(@]

40 60 (0] 40 60 80
Time (ms) Time (ms)

(e) ()

N
o
®
o
N

responses, respectively. The panels (d), (e) and (f) represent STFT analysis of corresponding responses.

60

40

Voltage (uv)

0 50 100
Time (ms)

(@)

50

Voltage (uv)
g

Voltage (uv)

-100

-150

o
a
o
-
o
o
o

400

200

Frequency (Hz)

40

20

50 100
Time (ms) Time (ms)

(b) (©)

20 40 60 80 20 40 60 80
Time (ms) Time (ms)

(e) (f)

Fig. 4. Analysis of different responses of ERG signals obtained by the average of 10 morbid obese subjects. The panel (a), (b) and (c) show rod, maximal combined
and con responses, respectively. The panels (d), (e) and (f) represent STFT analysis of corresponding responses.



O. Erkaymaz et al.

Biomedical Signal Processing and Control 66 (2021) 102398

100
60 20
— —~ 50 —
240 El ERTY
(0] () ()
(o) o 0 (o)
8 8 g 0
© 20 © o
> > -50 >_10
) -100 20
0 50 100 0 50 100 0 50 100
Time (ms) Time (ms) Time (ms)
(@) (b) (©)
60  -40 20 0
]
¥
~— 400
>
(@]
C
(]
>
(on ——
[}
i 0
60 80 20 40 60 80
Time (ms) Time (ms) Time (ms)

(d)

(e) ()

Fig. 5. Analysis of different responses of ERG signals obtained by the average of 10 super obese subjects. The panel (a), (b) and (c) show rod, maximal combined and
con responses, respectively. The panels (d), (e) and (f) represent STFT analysis of corresponding responses.

energy levels of the waves have been extracted with usage of color
scalogram to determine the best wavelet type. The obtained results are
given in Fig. 6.

Asseenin Fig. 7, when the energy levels were analyzed for 3 different
responses of ERG signals (rod, cone and maximal combined responses),
it has been seen that the Mexican wavelet is the most accurate wavelet
type to determine the localization of “a” and “b” waves, while the other
wavelets have caused in time shift. After determining the best wavelet
type, finally, we have considered ERG components of the three re-
sponses for normal and obesity groups. Figs. 7-10 shows the obtained
results.

The respective frequencies of “a” and “b” waves are extracted from
the clustering regions in the color scalogram (Figs. 7-10). The figures
also represent the energy levels of the ERG signals related with the
amplitudes of the waves in 10-50 Hz frequency range against time. The
intense energy levels in the color scalogram correspond to the locali-
zations of “a” and “b” waves, respectively. The extractions of Figs. 7-10
are summarized in Table 4 for all responses of normal and obesity
groups.

As seen in Table 4, in rod response, the “a” waves of ERG signals
cannot be observed. In the maximal combined response; the peak time of
the “a” wave for the normal subjects is 24 3 4 ms, while those for the
obesity groups (obese, morbid obese and super obese) are 23 4, 25 F 5
and 24 F 3ms. Besides, the frequencies have been obtained 41 F9,
40.5F9, 38510 and 40 F 10 Hz for normal and all obese subjects,
respectively. Considering the cone response for all subject groups, in
turn, it has been observed that the peak times are at 20 2, 20 F 1,
20 F 2 and 20 F 4 ms, whereas the frequencies are at 48.2 £ 2,49.4 7 1,
48.5 7 2 and 45 F 5 Hz.

On the other hand, the peak times of “b” waves at rod response have
been sequentially obtained at 90 +6, 85 F7, 93F 5 and 92 F+ 3 ms for
normal and obesity groups. The frequencies have located at 23 F 6 Hz
for normal subjects, 21 F 9 Hz for obese subjects, 28 F 11 Hz for morbid

obese subjects and 25 F 8 Hz for super obese subjects. In the maximal
combined response, the peak time of the “b” wave for normal subject is
52 F 5 ms, the peak times for the obesity groups are 55 F 4, 54 F 4 and
60 F 4 ms. The wave frequency of normal subject is at 37 F 8 Hz, while
those of obesity groups have detected at 32 F 6, 38 6 and 24 F 5 Hz,
respectively. When the cone responses are analyzed, it has been revealed
that the peak time and frequency of the “b” wave found at 40 = 2 ms and
47 F 2 Hz. Considering the responses for obesity groups, the peak times
and frequencies have been located at 41 & 4 ms and 44 F 6 Hz for obese
subjects, 40 F 2 ms and 46 F 4 Hz for morbid obese subjects, 40.5 F 2 ms
and 45.5 F 4 Hz for super obese subjects.

Finally, we analyzed rod, cone and maximum combined responses of
normal subjects with DWT using db10 and Haar wavelet types which are
the most suitable wavelet types specified in the literature for ERG signal
analysis [7,12]. The best wavelet type was primarily determined with
color scalogram for normal subjects. The obtained results are shown in
Fig. 11.

As shown in Fig. 11, the waves “a” cannot be observed in rod
response similar to CWT analysis for each wavelet types. If the db10 is
selected as mother wavelet type in DWT, the location of the waves “a”
and “b” in each response can be accurately determined for the maximal
combined and con responses. On the other hand; when the Haar wavelet
is selected, the location of the waves “b” can be observed for the rod
response, the locations of the “a” and “b” waves can only be determined
in the maximal combined response. Besides, in cone response, the lo-
cations of the waves cannot be observed because of revealing a collective
information (Fig. 11.i). Consequently, the db10 is obtained as the best
suitable wavelet type in the DWT analysis of ERG signals. In this context,
we apply DWT analysis on ERG signals for all subject groups and show
the obtained results in Figs. 12-15.

The respective frequencies extracted from the clustering regions in
the color scalogram (Figs. 12-15) show that the energy levels of the ERG
signals for all subject groups are observed in 20-140 Hz frequency range
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Table 4

Values of the frequency components and times of occurrence extracted from rod,
maximal combined and cone responses for normal and obesity groups using
CWT.

Rod response Maximal combined  Cone response

response
Time Freq. Time Freq. Time Freq.
(ms) (Hz) (ms) (Hz) (ms) (Hz)
Normal(a) 37F9 23F7 2414 4159 20F2 48.2F2
Normal(b) 90 F6 23F6 52F5 37F8 40F2 47 F2
Obese(a) 2374 405F9 2071 49471
Obese(b) 85F7 21F9 5574 32F6 4154 4456
Morbid Obese(a) 25F5 38F10 20F2 48.5F2
Morbid Obese(b) 93 F5 28F11 54F4 38F6 40F2 46 F 4
Super obese(a) 24F3  40F¥10 20F4 45F5
Super obese(b) 9213 26 F8 60F5 24F5 40.5F2 455F4

against time. We extract time-frequency information with the intense
energy levels in the color scalogram and have summarized in Table 5 for
all responses of normal and obesity groups.

As shown in Table 5, the “a” wave is not observed in the rod response
obtained from the ERG signal for all groups. In the maximal combined
response; while the peak times of the “a” wave for the obesity groups
(obese, morbid obese and super obese) are 25 F 4, 27 F 5 and 25 F 2 ms,
respectively, it is 25 F 3 ms for the normal subjects. Besides, the fre-
quencies have been obtained 132F6, 129F9, 125F12 and
125 7 11 Hz for normal and all obese subjects, respectively. In the cone
response; while the peak time of the “a” wave cannot observed in obese
and morbid obese subjects, for normal and super obese subject groups,
the peak time of the “a” wave is obtained as 43 F2 and 42 F 2ms,
respectively. The related frequencies of their have been obtained
1334 and 130 ¥ 7 Hz.

On the other hand, the peak times of “b” waves at rod response have
been sequentially obtained at 96 15, 89 12, 96 ¥ 6 and 97 F 13 ms
for normal and all obesity groups. The frequencies have located at
137 ¥#18Hz for normal subjects, 132 F6Hz for obese subjects,
132 ¥ 4 Hz for morbid obese subjects and 131 5 Hz for super obese
subjects. In the maximal combined response, the peak time of the “b”
wave for normal subject is 51 F 11 ms, the peak times of the “b” wave for
all obesity groups are sequentially calculated as 50 5, 54 +6 and
52F 6. While the “b” wave frequency of normal subject is at
128 + 10 Hz, those of all obesity groups have obtained at 127 F 10,
131 ¥ 6 and 130 F 6 Hz, respectively. When the cone responses are
analyzed, it has been revealed that the peak time and frequency of the
“b” wave found at 63F3ms and 132F 6 Hz for normal subject.
Considering the responses for all obesity groups, the peak times and
frequencies have been located at 44 = 3ms and 13 F 3 Hz, for obese
subjects, 43F4ms and 126 F14Hz for morbid obese subjects,
64 F 2 ms and 133 F 3 Hz for super obese subjects.

4. Discussion

The present paper is the first attempt to address the effects of obesity
on ERG signals. On this aim, the rod, cone and maximum combined
responses are obtained from ERG signals for each normal, obese, morbid
obese and super obese subjects. Then these responses have been
analyzed both in time and time-frequency domains to show effect of the
obesity on ERG. We realize traditional statistical analysis to extract time
domain components of signals. However, the traditional analysis
methods may not give enough information about biomedical signal
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dynamics. Therefore, the wavelet transform is widely used for signal
analysis in time-frequency domains. In this context, we use time-
frequency analysis methods analysis to obtain detailed signal compo-
nents. These analyses help medical doctors to make ophthalmologic
diagnosis in cases where they cannot be distinguished with the naked
eye.

The analysis of the ERG signals are commonly performed by using its
two major components named as the “a” and “b” waves, and hence we
have used these waves in this study. In this context, firstly, we obtain the
amplitudes and respective peak times of the “a” and “b” waves by using
the statistical analysis based time domain on the rod, cone and
maximum responses of the ERG signals in four different groups. The
obtained results have shown that there are no significant differences
among groups (Tables 1-3). Therefore, we apply three different time-
frequency methods (STFT, CWT and DWT) on ERG signals; we have
applied STFT analysis for all subject groups and it is founded that
although the “a” and “b” waves are obtained from amplitude in the time
domain, they cannot be observed since the energy range in the fre-
quency domain is wide scale. Then we have applied CWT analysis using
three different mother wavelets (db10, Haar, Mexican hat) on these
responses and have found that the Mexican hat is the most proper
mother wavelet type to determine the localizations of “a” and “b” waves.
Meanwhile, we have extracted the time and frequency information of
waves from the CWT analysis performed based on the Mexican hat
wavelet. Finally, we have applied DWT analysis using different mother
wavelets (db10, Haar) on these responses. It is found that the db10 is the
most proper mother wavelet type to determine the localizations of “a”
and “b” waves. When the results of the DWT analysis are compared with
the CWT analysis, the “a” wave cannot be observed as in CWT analysis
for the rod responses of obese subject groups in time and frequency
domains, time-frequency information of “a” wave in the cone response
of obese and morbid obese subjects could not be observed in DWT
analysis, the “a” and “b” wave has not shown a considerable change for
all ERG responses in DWT. On the other hand, for maximal combined
response in CWT, the frequencies of the “b” wave of super obese subjects
reduce significantly and also peak times shift towards to the right side at
time as compared with normal subjects. In sum, it is proved that the
CWT method based on the Mexican hat wavelet is proper to research
obesity effects on ERG signals.

The main advantage of this study is that it reveals out that obesity
known to have negative effects on human health also affects the retinal
layer of the eye and another advantage of this study is that it reveals the
effect of different obesity levels on the ERG signal. On the other hand,
the potential limitation of this study is the dataset was composed of
measurements taken from patients aged between 18 and 70 years.
Therefore, the results of this study cannot be generalized to people under
18 years old. Another limitation is that the periods of adaptation in the
measurements are selected as 20 min for the dark adaptation and 15 min
for the light adaptation with ISCEV’s recommendations.

5. Conclusion and future work

In this study, the effect of obesity on ERG signal was analyzed by
using different signal processing methods (STFT, CWT and DWT) and it
is seen that the CWT exhibits a better performance than other methods
with respect to time-frequency results. It is also showed that the usage of
Mexican hat is the most proper wavelet type to analyze obesity effect for
ERG. Moreover, we demonstrated that wave “a” does not have a sig-
nificant effect with obesity on ERG signals. On the contrary, the obesity
has significantly effect on the “b” wave for maximal combined response
with respect to the other responses of ERG. In this context, it can be
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concluded that the levels of obesity adversely affect eye health.

The main limitations of this study are derived from the measurement
process. In the future works, this issue will be addressed for the people
under 18 years old and new datasets will be obtained. This process will
be realized with different signal processing methods for all dataset. A
decision support system based on classification will be designed with the
obtained features. Traditional and novel classification (deep learning

12

networks) methods will be used to classify obesity levels.
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Table 5

Values of the frequency components and times of occurrence extracted from rod,
maximal combined and cone responses for normal and obesity groups obtained
by DWT.

Rod response Maximal combined  Cone response
response

Time Freq. Time Freq. Time Freq.

(ms) (Hz) (ms) (Hz) (ms) (Hz)
Normal(a) 25F3 13216 43F2 13374
Normal(b) 96F15 137F18 51F11 128F10 63F3 132F6
Obese(a) 25F4 129 F9
Obese(b) 89F12 132F6 50F5 127F10 44F3 13313
Morbid obese(a) 27 F5 125712
Morbid obese(b) 96 6 132F4 54F6 131¥6 43F4 126 14
Super obese(a) 25F2 125711 42F2 130F7

Super obese(b) 97F13 131F5 52F6 1306 64F2 1333
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