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Abstract: Electroretinography (ERG) is a non-invasive method of assessing retinal function by
recording the retina’s response to a brief flash of light. This study focused on optimizing the
ERG waveform signal classification by utilizing Short-Time Fourier Transform (STFT) spectrogram
preprocessing with a machine learning (ML) decision system. Several window functions of different
sizes and window overlaps were compared to enhance feature extraction concerning specific ML
algorithms. The obtained spectrograms were employed to train deep learning models alongside
manual feature extraction for more classical ML models. Our findings demonstrated the superiority
of utilizing the Visual Transformer architecture with a Hamming window function, showcasing its
advantage in ERG signal classification. Also, as a result, we recommend the RF algorithm for scenarios
necessitating manual feature extraction, particularly with the Boxcar (rectangular) or Bartlett window
functions. By elucidating the optimal methodologies for feature extraction and classification, this
study contributes to advancing the diagnostic capabilities of ERG analysis in clinical settings.

Keywords: electroretinography; biomedical signal processing algorithms; short-time Fourier
transform; spectrogram; feature extraction; classification; machine learning; deep learning; neural
network; retinal study

1. Introduction

Electroretinography (ERG) is a non-invasive form of assessing the functional health of
the retina through its response to light stimulation. The stimulation is presented as a series
of interval-based light pulses, which trigger varying responses based on the state of retinal
adaptation and the wavelength, duration, strength, and stimulating frequency of the light
pulse [1]. Cone photoreceptors, which are responsible for photopic or ‘daytime’ vision,
require more quanta for activation compared to the rod photoreceptors that function in
scotopic or 'night-time’ vision, requiring fewer quanta to activate [1,2]. The responses from
the photoreceptors and post-receptoral neurons (bipolar, horizontal, amacrine, and ganglion
cells) all contribute to the overall size and shape of the recorded one-dimensional (1D) ERG
signal [1,3].
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Several ERG recording methods, including full-field flash, pattern, and multifocal, can
be utilized for the early detection and diagnosis of a wide variety of retinal-related diseases,
including early diabetic retinopathy, glaucoma, retinal dystrophies, and age-related macular
degeneration [1,2,4-6].

Typically, the full-field ERG (ffERG) signals last about 250 ms and have a frequency
range of 0 to 300 Hz [7]. This test is crucial for assessing the functionality of the retina, which
is essential for vision. As illustrated in Figure 1, the ERG signal primarily consists of two
main components: the a-wave and the b-wave. The a-wave is the initial negative deflection
in the ERG signal and is generated by the retina’s photoreceptor cells (rods and cones).
Following the a-wave, the b-wave is a positive deflection produced by the inner retinal
cells, mainly the bipolar and Miiller glial cells. These waves are crucial for understanding
the retina’s response to light stimuli. The main characteristics of these waves are their
amplitudes and time to peak. The amplitude of the a-wave (Va) and the b-wave (Vb) refers
to the height of these waves, measured in microvolts (4V). These amplitudes reflect the
strength of the response generated by the retinal cells. The time to peak of the a-wave (Ta)
and the b-wave (Tb) represents the time it takes for these waves to reach their maximum
height after the light stimulus, measured in milliseconds (ms) [1]. These time-domain
features are essential for diagnosing various retinal conditions. In addition to the main a-
and b-wave components, the ERG signal can also include other components such as the
Oscillatory Potentials (OPs) and the Photopic Negative Response (PhNR). The OPs are
high-frequency wavelets superimposed on the ascending limb of the b-wave. They are
thought to originate from the inner retinal layers, particularly the amacrine cells, and are
useful for evaluating inner retinal function. The PhNR is the negative wave following the
b-wave peak and is shaped by the retinal ganglion cells. An additional test protocol is the
Flicker ERG, recorded using a pulse presented at 30 Hz. The response primarily assesses
the cone system’s functionality; it is responsible for color vision and visual acuity under
photopic conditions and is useful for diagnosing cone-related disorders [8].

A number of different ERG signals may be extracted based on the different electro-
physiological protocols and clinical applications [9]. The scotopic 0.01 ERG response is
obtained under dark-adapted conditions and is generated by rod photoreceptors with a
dominant b-wave and minimal a-wave. The scotopic 2.0 ERG has a stronger flash strength
when presented under dark-adapted (DA) conditions and has a mixed rod—cone response.
Under light-adapted (LA) conditions, the photopic 2.0 ERG response is a cone-driven
response of typically smaller amplitude owing to the fewer cones in the human retina [1].

Currently, the most widely used form of ERG analysis and feature extraction is time-
domain analysis, which involves the identification of the a- and b-wave amplitudes and
their corresponding time to peaks, usually by algorithms that find the peaks automatically
that can then be checked by the clinician [1,2]. However, the time-domain features do not
fully reveal the underlying energy contributions of the neural generators (photoreceptors,
bipolar, amacrine, horizontal, and retinal ganglion cells). So, alternative methods using
signal analysis have been explored to deconstruct the signal further [10]. These methods
include Power Spectral Density (PSD) and Fourier Transform, as well as time—frequency-
domain methods such as the Short-Time Fourier Transform (STFT), and Continuous and
Discrete Wavelet Transforms [2]. Although these methods have yet to be explored as
extensively as the time domain, they offer a more detailed analysis and additional features
than those provided by pure time-domain analysis.

Regarding time—frequency analysis, the predominant research has been on Wavelet
Transforms, with limited exploration of the Short-Time Fourier Transform (STFT) in analyz-
ing ERG signals. Thus, this study uses STFT as an additional signal analytical approach to
the ERG. As referenced in Section 2, the existing literature has predominantly employed
STFT as a complementary technique to Wavelet Transform methods as a comparison. This
highlights the opportunity to delve deeper into the potential benefits and insights that
STFT could offer in the overall analysis of ERG signals.
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Figure 1. ERG representation of a healthy and an unhealthy Maximum (DA) 2.0 signal in time and
time—frequency domains: (a) healthy signal in the time domain; (b) spectrogram representation
of (a) in the time-frequency domain; (c) unhealthy signal in the time domain; (d) spectrogram
representation of (c) in the time—frequency domain. The black arrows in (b,d) indicate that the
spectrogram frequency distribution ranges from 0 to 80 ms and 0 to 15 Hz (maximum energy), 0 to
80 ms and 15 to 25 Hz (medium energy), and from 25 Hz (low energy). The key difference between
the healthy signal (b) and the unhealthy signal (d) is evident in the energy distribution across the
frequency bands. The healthy signal demonstrates a more diverse spread of energy, with maximum
energy occurring at higher frequencies (020 Hz) compared to the unhealthy signal, where the
maximum energy is concentrated at lower frequencies (0-15 Hz). This indicates that unhealthy
signals tend to have more energy concentrated in the lower frequency bands, suggesting a potential
marker for identifying signal health.

STFT could be selected as the most interpretable of the transformations mentioned
above. The spectrogram is a 2D representation of the signal with the time on the horizontal
axis and the frequency on the vertical axis, which can be given as follows:

STFT(t,f) = FFT(x(t) - w(t — 7)), 1)

where FFT is the fast Fourier Transform of spectrum calculation; STFT(7, f) corresponds
to the representation of the input signal x with the window function w (with given length
and form) for time position T and frequency position f. Let us denote that in general the
spectrum can be expressed as [ 5 x(H)w(t — T)e 2 tdt [11].

Equation (1) provides a linear, unambiguous, and reversible relationship between
the input (x) and output results (STFT (7, f)). The power spectrum density for the next
processing can be given as |STFT(7, f)| due to the complex origin of the equation [11].
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STFT uses a sliding overlapping window function to convert the signals to a time—
frequency domain using the fast Fourier Transform (FFT) algorithm. This produces a 2D
spectrogram representation with the time on the horizontal axis, the frequency on the
vertical axis, and the amplitude/power represented as a color map. Figure 1 depicts a
healthy (top) and an unhealthy (bottom) signal with dystrophy in the time domain and
their corresponding spectrogram representations calculated using STFT. We can see that
the spectrogram gives us the signal frequency, which is in the range of 0-100 Hz, along
with the time the frequency occurs and how much power that frequency contains, with red
representing higher power frequencies and blue representing lower power frequencies.

The STFT spectrogram shows the energies within each frequency band from 0 to
100 Hz. The horizontal axis of the spectrogram denotes time bins (in milliseconds), and the
vertical axis represents frequency bands in Hertz (Hz). It should be noted that the black
arrows in Figure 1b show that the spectrogram frequency distribution is from 0 to 50 ms and
0 to 20 Hz (maximum energy), from 60 to 80 ms and 0 to 10 Hz (medium energy), and from
0 to 67 ms and 15 to 30 Hz (low energy). The black arrows in Figure 1d show that the
spectrogram frequency distribution is from 0 to 80 ms and 0 to 15 Hz (maximum energy),
from 0 to 80 ms and 15 to 25 Hz (medium energy), and from 25 Hz (low energy). The key
difference between the healthy signal (Figure 1b) and the unhealthy signal (Figure 1d) is
evident in the energy distribution across the frequency bands. The healthy signal shows
a more diverse energy spread with the maximum energy occurring at higher frequencies
(0-20 Hz) compared to the unhealthy signal, where the maximum energy is concentrated at
lower frequencies (0-15 Hz). This indicates that unhealthy signals tend to have more energy
concentrated in the lower frequency bands, suggesting a potential marker for identifying
signal health.

This study compared various window functions for optimal feature extraction using
STFT and spectrogram generation to classify the signals and determine which window
yielded the best features for ERG signal classification. Several combinations of window
function, window size, and window overlap were used to extract spectrogram images to
train deep learning (DL) models, and manual feature extraction, which was used to train
classical machine learning (ML) models. The results from both approaches were compared
to determine which window yielded the best signal classification and whether DL had an
advantage over the classical ML approaches. The main contributions of this study were the
use of different window parameter combinations for feature extraction and the application
of DL for classifying the extracted spectrogram images.

The paper is organized as follows: Section 2 reviews relevant studies and those
employing STFT for feature extraction in similar fields. Section 3 presents the materials
and methods used for the study, which include the ERG signal database and the pipeline
for signal processing, feature extraction using the STFT, model building, and evaluation.
Section 4 and Section 5 describe the results obtained from the analyses using multiple
evaluation metrics and discuss the outcomes, and, finally, Section 6 concludes with the
implications of the findings for the analysis of the ERG and future directions.

2. Related Works

ERG analysis methods can be divided broadly into three different approaches: time-
domain analysis, which involves analyzing the amplitudes and time to peaks of the signal;
frequency-domain analysis, which involves studying the frequencies of the signal; and
time-frequency analysis, which involves studying the signal’s frequencies at the time they
occur along with their power and nonlinear methods [2]. Time-domain analysis, for the
most part, is the most popular method used in the literature because it is fast and usually
provides differences in amplitude or time to peak when there is a retinal disease. However,
subtle or early functional changes may not be evident in time-domain analysis initially, such
as in diabetes and glaucoma, thus the application of signal analysis may improve earlier
diagnosis in both. In addition, signal analysis may also support classification between
groups in early neurological disorders [10].
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Several studies have used frequency-domain methods to analyze ERG signals. These
methods provide a different perspective on signal analysis by providing spectral informa-
tion unavailable in the time domain. Most studies in the frequency domain use the FT with
the FFT algorithm [12] to convert the signal into the frequency domain before analyzing it.
A few other methods, namely Power Spectral Density (PSD) and Linear Prediction (LP),
have also been used. In [7,13], Gur et al. were able to find similarities between corneal and
non-corneal ERG signals by using FFT and LP to identify specific frequencies in normal
corneal ERGs under different conditions. After studying the Oscillatory Potentials (OPs)
from the ERG signals of diabetic patients using the FFT, Vander Torren et al. [14] concluded
that it was possible to express OPs quantitatively even in pathologies. Similarly, by study-
ing photopic and scotopic ERGs in the Fourier spectrum and comparing them to the time
domain, Li et al. [15] were also able to highlight differences in the dominant frequency and
power between the scotopic and photopic ERGs. In a different study, Sieving et al. [16]
used discrete Fourier Transform (DFT) to study Flicker ERGs cycle by cycle, extracting
real-time harmonic components.

Using Welch’s Power Spectral Density (PSD), Karimi et al. [17] were able to find
significant differences in the frequency components in the scotopic and photopic ERGs of
patients with and without retinitis pigmentosa. To search for signs of retinal pathologies in
patients with stage I and II open-angle glaucoma, Zueva et al. [18] analyzed the frequency
responses from Flicker and pattern ERGs by decomposing them into a Fourier Series.

While the frequency-domain methods mentioned above provide spectral information
about ERG signals, they need to improve significantly regarding temporal information,
which is crucial for ERG analysis. Time - frequency domain methods offer a way to obtain
both spectral and temporal information from the signals and represent it in a 2D or 3D
format. Unlike the classical FT, STFT allows us to visualize the signal’s frequencies, the time
window at which they occur, and how strong that frequency is at that point in time. This
allows us to extract multi-dimensional features that are otherwise not accessible in the time
domain or frequency domain alone.

To the best of our knowledge and findings, virtually all time-frequency ERG analysis
studies are based on Continuous and Discrete Wavelet Transforms, except very few studies
that included STFT as part of the analysis. In [19], STFT was one of the time—frequency
methods used along with Continuous Wavelet Transform (CWT) and Discrete Wavelet
Transform (DWT) to analyze the photopic ERG signals obtained from a healthy subject.
In [20], STFT was applied along with CWT and DWT to analyze the effects of obesity on
ERG signals. Three different responses (cone, rod, and maximal combined) were analyzed,
and features were extracted using STFT, CWT, and DWT, after which the results from these
methods were compared. In [21], STFT and DWT were used to determine the frequency
components of the three photopic and Flicker 30Hz ERG signals of patients with Central
Retinal Vein Occlusion (CRVO). More recently, ref. [8] used CWT to manually extract
features from adult and pediatric signals, which were used to train a Decision Tree classifier
by combining time-domain features (a- and b-wave amplitudes and implicit times) with the
wavelet features. In a similar study to this paper, ref. [22] compared several mother wavelet
combinations to determine which combination would better classify pediatric ERG signals.

It is worth noting that a significant drawback of STFT is its time—frequency resolution
trade-off, which stems from the uncertainty principle (Gabor limit in signal processing) [23].
This means that it is impossible to achieve a high resolution for both the time and frequency
components of the signal simultaneously; hence, a compromise has to be made between the
two. Thus, the larger the window size, the better the frequency resolution and the lower
the time resolution, and the smaller the window size, the better the time resolution, but the
lower the frequency resolution.

Table 1 provides several frequency and time—frequency domain methods used for
analyzing ERG signals previously, as well as the types of ERG signals used for the studies.

The analyses presented in Table 1 indicate a prevalent preference among researchers for
the FT in frequency-domain analysis and the Wavelet Transform in time-frequency-domain
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analysis. This inclination towards the Wavelet Transform in time—frequency-domain analy-
sis may stem from considering the time—frequency resolution trade-off. As different mother
wavelets in Wavelet Analysis can impact signals uniquely, the STFT also exhibits variations
in signal representation based on factors such as the chosen window function, window
size, and overlaps between windows during signal processing. This warrants further
investigation to ascertain the efficacy of STFT in ERG signal analysis, given its nuanced
response to different signal characteristics.

Table 1. Related works.

Author(s) Year Method(s) Signal(s) . No. Of. Sub-
jects (Signals)
Gur et al. [13] 1979 FFT and LP Corneal and Non-Corneal ERG 4 (N/A)
Gur et al. [7] 1980 FFT and LP Corneal ERG 13 (N/A)
Van Der Torren et al. [14] 1988 FFT Oscillatory Potentials N/A (N/A)
Lietal. [15] 1990 Fourier Spectrum Photopic and Scotopic ERGs 13 (23)
Sieving et al. [16] 1998 Discrete Fourier Transform Flicker ERG N/A (N/A)
Karimi et al. [17] 2012 Welch’s Power Spectral Density Full-Field Ph(g?{%lz and Scotopic N/A (54)
Fourier Transform, STFT, CWT .
Alaqln.d. [19] 2016 and DWT Photopic ERG N/A (N/A)
Zueva et al. [18] 2019 Fourier Series Flicker and Pattern ERG 12 (N/A)
Erkyamaz et al. [20] 2021 STFT, CWT, DWT Cone, Rod, Maximal ERG 40 (N/A)
Behbahani et al. [21] 2021 STFT, DWT Photopic and Flicker ERG 20 (N/A)
Scotopic, Photopic, Maximum
Zhdanov et al. [8] 2022 CWT ERGs, Hlicker and Oscillatory N/A (425)
Potentials
Kulyabin et al. [22] 2023 CWT Photopic, Scotopic and N/A (353)
Maximum

3. Materials and Methods
3.1. Dataset

The database used for the study consisted of five ERG signal types: Maximum 2.0
ERG response, Photopic 2.0 ERG response, Scotopic 2.0 ERG response, Photopic 2.0 ERG
Flicker response, and Scotopic 2.0 ERG Oscillatory Potentials. The database consisted of
pediatric and adult patients with the signals recorded according to the ISCEV recording
standard [1]. For detailed descriptions of the database and protocols employed in this
study, please refer to [24]. All recordings in the dataset were made with the Tomey GmbH
EP-1000 stimulator sampling at 2 kHz with a 0.1-300 Hz bandpass filter. The DTL fiber
active electrode was utilized for ERG recordings. The DTL was composed of 7 cm long,
low-mass spun nylon fibers impregnated with metallic silver. However, despite its comfort,
DTL electrodes are commonly used in ERG due to their poor stability on the eye, leading
to potential movement with blinks and subsequent variations in amplitude. Conversely,
gold foil or contact lenses offer greater stability but are less comfortable. Thus, each type of
electrode in ERG exhibits distinct strengths and weaknesses [25]. Two flash strengths were
employed: DA 2.0 for scotopic responses and LA 2.0 for maximal responses. Flash stimuli
consisted of a white light at 2 cd-s'm~?2 intensity on a 0 cd-s-m~2 background, ensuring
standardized conditions for eliciting retinal responses [26].

This study utilized only the scotopic maximum (DA2) ERG response signals from the
dataset. DA2 has a duration of up to 250 ms. However, most samples in the dataset used
for this study have a length of 100 ms, with some extending up to 250 ms. To maintain
consistency and reduce noise, we truncated the longer signals to match the size of the
majority of samples. The signals in the dataset provide information on diseases such as
cone and rod retinal dystrophies. More details about the dataset are shown in [24].

Due to the highly unbalanced nature of the dataset, with the unhealthy samples
being more than twice the number of the healthy samples, we used a balanced version of
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the dataset to avoid having a biased and overfitted classifier. The dataset balancing was
accomplished using the Imbalanced Learn Python library [22]. In this study, we utilized
an under-sampling technique with the A11KNN function from the library, which uses the
nearest neighbor algorithm to identify and contradict samples and their neighborhoods [27].
Table 2 demonstrates the distribution between the healthy and unhealthy signals in both
the unbalanced and balanced datasets.

Table 2. Distribution of healthy and unhealthy ERG signals, including balanced and unbal-
anced databases.

Unbalanced Dataset Balanced Dataset
Healthy Unhealthy Healthy Unhealthy
60 143 60 62

3.2. Spectrogram Conversion

Figure 2 shows the stages undertaken for the entire methodology. The major stages of
the pipeline were the image and feature extraction stages, the classical ML stage, and the
final DL stage.

.
Feature Extraction
® bmin
. . ML Model
/Spec trogram Conver‘sion\ * bmax Train Data ] [Model Testing

¢ bmedian
¢ hamming * bmean
* hann Model Training
* boxcar with
e bartlett — Cross-Validation
¢ blackman ( Image Extraction
¢ blackmanharris .
e tukey > o train
= healthy
= unhealth
o val v Train Data ] [Model Testing
= healthy
= unhealthy
© test i
* healthy Mode:‘l?;rp“ammg
® unhealthy Cross-Validation

Figure 2. Complete study pipeline: from spectrogram conversion, feature extraction for ML, and
image extraction for DL to data splitting and classifier evaluation.

The first stage involved data preparation before spectrogram image extraction for
the DL models. The ERG signals were split into healthy and unhealthy classes. We then
employed an 80:20 split for training and testing, with a training set further divided into
90:10 training and validation sets, resulting in a final 70:20:10 split of training, testing,
and validation, respectively. This splitting occurred on the raw data rather than the ex-
tracted images to prevent data leakage, ensuring all images from the same signal remained
together in either the training, testing, or validation sets. We then utilized various win-
dow functions to extract spectrograms, namely Boxcar, Hann, Hamming, Tukey, Bartlett,
Blackman, Blackman—-Harris, and Taylor windows [28]. The entire process, including data
splitting and spectrogram extraction, was implemented using Python (version 3.11). Finally,
the images were organized according to the Imagenet dataset structure [29].

3.2.1. Image Extraction

For the DL classifiers, spectrogram images were calculated using the STFT. Multiple
spectrogram images were extracted for each signal using different combinations of the
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window function, size, and overlap to obtain a large number of images for training the
DL models. Given that each window has 21 size-overlap combinations and a total of
120 signals, this yielded 2520 spectrogram images for each window. Each window contained
several sizes and overlaps used to extract the spectrogram images. The window sizes and
overlaps were chosen as powers of 2, as recommended by the FFT algorithm [30]. This
was implemented due to the time—frequency trade-off inherent in the conversion of signals,
whereby signals with larger window sizes would yield better frequency-domain resolution
(i.e., better feature representation), while signals with smaller window sizes would yield
better time-domain resolution.

As previously described, the data was split prior to image extraction to avoid data
leakage. All images from a single signal were saved in one location; hence, if one signal
was in the validation set, then all images from that signal were in the same validation set.

3.2.2. Feature Extraction

The obtained spectrogram arrays were processed to extract specific features: maxi-
mum, minimum, median, and mean intensity values (bmax, bmin, bmedian, and bmean,
respectively). This extraction process is essential for a thorough analysis of the ERG signals.
Spectrograms are visual representations of the spectrum of frequencies in a signal as it
varies with time. By converting ERG signals into spectrograms, we can analyze the fre-
quency components and their changes over time, providing a deeper understanding of the
retinal responses. The maximum intensity value (bmax) represents the highest energy point
in the spectrogram, which can indicate the most robust response at a particular frequency.
The minimum intensity value (bmin) shows the lowest energy point, helping to identify
the baseline activity or noise level. The median intensity value (bmedian) provides the
middle value of the intensity distribution, offering a measure of the central tendency that
is less affected by outliers. The mean intensity value (bmean) gives the average energy
level across the spectrogram, offering insight into the overall energy distribution of the
signal. These features (bmax, bmin, bmedian, and bmean) are crucial for various reasons.
First, they help quantify the ERG signal’s characteristics, making comparing signals from
different patients or conditions easier. Second, these features can be used as input for ML
algorithms to classify or predict retinal conditions based on ERG data. Finally, by analyzing
these intensity values, researchers can identify patterns or abnormalities that might not be
apparent in the time-domain analysis alone.

The features for each spectrogram output were extracted separately so that each
window-size—overlap combination was distinct from the others. Table 3 shows the window
sizes and overlaps used for the signal conversion. With 21 size-overlap combinations for
each window, there were a total of 168 parameter combinations, from which the features
of each resulting spectrogram were individually extracted. Figure 3 shows a spectrogram
representation of signals based on windows used for the study with a window size of 32
and an overlap of 16. Each window represented the signal in a slightly different form based
on the shape of the window used, namely (a) Hamming, (b) Hann, (c) Boxcar, (d) Bartlett,
(e) Blackman, (f) Blackman-Harris, (g) Tukey, (h) Taylor.

Table 3. Table of window sizes and overlaps used for the spectrogram conversion. Each window was
combined with each overlap for each iteration.

Window Sizes Overlaps
128 64
64 32
32 16
16 8

8 4
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Figure 3. Spectrogram representation of signals based on windows used for the study with window
size of 32 and an overlap of 16: (a) Hamming, (b) Hann, (c) Boxcar, (d) Bartlett, (e) Blackman,
(f) Blackman-Harris, (g) Tukey, (h) Taylor.
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3.3. Machine Learning Classifiers

Figure 2 demonstrates the training pipeline used in both the ML and DL approaches.
As mentioned in Section 3.2.2, the ERG signal was first converted into a spectrogram from
which the features bmin, bmax, bmedian, and bmean were extracted. This was obtained
for each combination of window-size—overlap parameters. At each iteration, a different
parameter combination was used to obtain the spectrogram before extracting the features
for the classifiers.

Two classifiers were used for the standard ML approach: Decision Tree (DT) and
Random Forest (RF) algorithms. These classifiers were implemented using the Scikit-Learn
ML library [31]. These classifiers were chosen due to their ability to prioritize the most
significant features in the feature set for the task. In addition to the DT classifier being able
to prioritize the most significant features, the RF classifier, being an ensemble of multiple
DT classifiers, can take advantage of various DTs, capitalizing on their advantages while
minimizing their disadvantages. Table 4 shows the parameters used for the classifiers.

Table 4. Table of hyperparameters used.

Hyperparameters DT RF
Criterion Gini Gini
Max depth 10 10
No. of estimators N/A 250
OOB score N/A True
Min samples split 2 2
Min samples leaf 1 1

We applied a 5-fold stratified k-fold cross-validation for the model training and tuned
the hyperparameters to observe whether the classifier could yield better results.

3.4. Deep Learning Classification Models

ML techniques often struggle with the multifaceted nature of spectrogram-transformed
data. ML methods require extensive feature engineering to identify relevant features, which
is a time-consuming process and prone to human selection bias [32]. In contrast, DL offers
a promising alternative, leveraging its ability to learn hierarchical representations automat-
ically [33]. In this study, we used classical architectures: DenseNet121 [34], ResNet50 [35],
VGG16, and VGG19 [36], as well as a new robust architecture, Visual Transformer (ViT) [37],
that has been used for ERG classification in the time—frequency domain [22,38]. For this
analysis, we use ViT Small (ViT_small_r26_s32_224) [39]. ViT is available at the Hugging-
Face Transformers repository [40]. The remaining models are available at the HuggingFace
Timm repository [41].

We used an ADAM [42] optimizer with an initial learning rate of 0.001 for all the
models. Each model was trained until convergence using early stopping criteria based
on the validation loss. The cross-entropy loss function was utilized for the training. All
experiments were performed on a single NVIDIA A100 graphics processing unit on a
machine with two Intel Xeon Gold 6134 3.2 GHz and 96 GB RAM.

Random crop, translation, rotation, horizontal flip, and vertical flip were exclusively
utilized on the images under consideration for the augmentation [43].

3.5. Metrics

To analyze the performance of the models, several metrics, including Accuracy, Preci-
sion, Recall, and F1-score, were calculated. These metrics provide a comprehensive view of
the performance of each model:

TP+ TN

A - ,
CCUracY = Tp Y FP+ TN + FN

)
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TP

Precision = TP+ FP TEP’ 3)
TP
Recall = TP—}——FZV’ (4)
F1 Score — 2 X Precision x Recall, 5)

Precision + Recall

where TP = True Positive, TN = True Negative, FP = False Positive, FN = False Negative.
We also evaluate the performance of each classification model using the receiver operating
characteristic (ROC) with its area under the curve (AUC).

Combining these metrics in a binary diagnostic classification problem ensured a com-
prehensive model performance evaluation. Accuracy offers an overall success rate, where
Precision and Recall become critical by focusing on the model’s ability to correctly identify
unhealthy patients without misclassifying healthy ones. The F1-score adjusts Precision and
Recall, providing a metric that balances the importance of avoiding FP and FN. Together,
these metrics address the multifaceted challenge of medical diagnosis, ensuring the model’s
performance is accurate, reliable, and clinically useful in distinguishing between healthy
and disease classes.

4. Results
4.1. Performance of ML Classifiers

In this section, we demonstrate the performance of the ML classifiers (DT and RF)
in distinguishing between healthy and unhealthy ERG signals. Several classification
metrics were used for the evaluation to obtain a detailed understanding of the classifiers’
behaviors, including Accuracy, F1-score, AUC, Precision, and Recall. Each window has
21 combinations of size and overlap; thus, the mean and standard deviation of the metrics
were taken for each window. In addition, the feature importance distributions for the top
classifiers have been included. These distributions reveal the features that were given
priority and deemed significant during training. They were instrumental in classifying the
healthy and unhealthy signals.

Figure 4 shows the mean accuracies of the DT and RF ML models using various
windows. Detailed values of the results are given in Appendix A. All the windows have
the same upper bounds, with an Accuracy of 70.83% and AUC of 72.22% for RF and an
Accuracy of 66.67% and AUC of 67.14% for DT. Tables A1-A3 show this in detail. The results
showed minimal variation between the windows; some even had identical mean scores
and standard deviations. It is worth noting that the RF-based classifiers still performed
slightly better than their DT-based counterparts, as reported by the higher mean scores.

68

67.5 67.5 = RF
67 ™= DT
67 66.8 66.8 66.7 66.7
66.3
66
g 65
>
g
g o4 3.7 3.7
<
= 3.3 31 1o 3.3
<6 2.7 : 2.7
62
61
60
hamming hann boxcar barlett blackman blackmanharris taylor tukey

Figure 4. Mean accuracies of the analyzed DT and RF ML classifiers for all test windows.
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The feature importance distributions in Figure 5 indicate that the most important fea-
tures are the maximum, average, and median intensities. The significance of these features
alternates between the maximum and mean intensities, while the minimum intensity had
little to no significance. This can be seen in the feature importance distribution of the other
top classifiers in Appendix B. Figure A1 shows that bmean holds the highest significance
for the model, with its median value approaching 0.4. This observation was consistent
across all cases presented in Appendix B as can be seen in Figures A3 and A4, except for
Figure A2, where bmax exhibited a significantly larger interquartile range despite having a
higher median value than bmean. In the remaining cases, the ranking of parameters by
significance followed the sequence of bmax, bmean, bmedian, and bmin. Additionally, it
is noteworthy that the variability in bmin was consistently the lowest across the figures,
reinforcing its lesser impact on the model’s performance.

bmax - i bmax - + I +
bmean - }— { bmean - }—|:|:|-{
bmedian - }—==—{ bmedian - }—EI—{

bmin - bmin -

Features
Features

000 005 010 015 020 025 030 035 040 000 005 010 015 020 025 030 035 040
Importance Importance

(a) (b)

Figure 5. Feature importance distribution for classifiers with best performance. (a) RF classifier with
Boxcar window, size 128, and an overlap of 64, (b) RF classifier with Bartlett window, size 128, and
an overlap of 64.

Figure 1 illustrates that both healthy and unhealthy signal spectrograms have low
energy distribution within a similar range, whereas the medium and maximum energy
distribution have a more comprehensive range and higher variation in intensities. As a
result, the average intensities also exhibited a more pronounced difference between the
healthy and unhealthy signals.

4.2. Performance of DL Classifiers

Figure 6 illustrates the results obtained from the different DL models (DenseNet,
ResNet, VGG16, VGG19, and ViT) used in the analysis with various windows. These results
showed higher variation between the windows, with the highest performance in terms
of metrics being the Hamming window (Accuracy of 81.2% with ViT Small), regardless
of the architecture. This window is well known for its ability to suppress the side lobes
as sharply as possible while keeping the main one narrow enough [44]. The mentioned
property allows one to extract most features from each window position. Among the
architectures, ViT Small showed the best results. Figure 7a shows the receiver operating
characteristic (ROC) curves for the ViT model with different windows. Figure 7b shows
the ROC curves of different DL models with the Hamming window. Detailed results are
provided in Table A4.
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Figure 6. Classification accuracies of the analyzed DL architectures for all test windows.
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Figure 7. ROC curves for binary classification of ERG signals with corresponding AUCs for all tested
windows using ViT model in (a) and for all tested models with Hamming window in (b).

5. Discussion

STFT is a method based on the FT proposed as a solution to the lack of temporal
information from the classical FT method. The use of windows that slide across the
signal helps extract the spectral and temporal information of the signal and present it in
the form of a spectrogram. However, since it is impossible to obtain high temporal and
spectral resolution simultaneously, it is necessary to determine which window, window
size, and overlap between the sliding window would yield the most optimal features of the
ERG signal for classification. As shown in Appendix A, there was very little difference in
the results for the window functions studied. However, we can see significant differences
in performance depending on window size and overlap.

The classifiers with the best results were those with larger window sizes; given that
larger window sizes provided better frequency resolutions, this could indicate that signals
with higher frequency resolutions produce the most optimal features.

We can also observe that the RF-based models outperformed the DT-based models.
This was expected given that RF uses an ensemble of DTs, hence being able to capitalize
on multiple trees rather than a single individual tree to make its predictions. Table A3
shows that Boxcar and Bartlett have the highest mean scores and the most significant
variance, AUC 69.3% and 64.4%, due to these windows having multiple high-value score
classifiers. As reported in Tables Al and A2, it can be seen that all windows have nearly
identical scores, with Boxcar and Bartlett having better classification Accuracy with higher
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scores than the others at 70.8%, suggesting that these windows might have slightly better
effects on the extracted features than the rest. Thus, the models’ results and performance
regarding the window functions were similar. However, there were differences in the
metrics regarding the window size and overlaps. One plausible explanation for this was
that the window function itself did not affect the signal significantly as much as the size
and overlap of the windows do because the latter two determine the signal’s resolution.
This effect is described in Appendix A where all windows have the same maximum value
for each metric; however, the Boxcar window, which is a square window and does not
change anything in the signal, has the highest mean and variance because it has multiple
window sizes with the maximum value metrics. On the other hand, the Bartlett and
Boxcar window functions have the best performance among the analyzed window types.
The Bartlett window, with an almost triangular shape, is known for being used to prevent
the generation of too many oscillations in the frequency domain [28]. The results of using
the window are the same as for the basic Boxcar window. This was likely to be due to
the relatively small and straightforward (interpreted) feature space. The STD analysis in
Table A3 also shows that the smallest values are obtained for the Hamming and Hann
window function cases for the RF decision algorithm and the Hann and Tukey window
function for the DT algorithm.

This is different from DL methods. We assume that it is about automatic feature
extraction. Figure 6 shows that the difference between the windowed features is more
significant than the manual feature extraction approach. DL methods extract more features
from the signal than can be extracted manually. Due to this, the average metrics values are
higher than for the manual feature extraction cases. Comparing both approaches, we can
conclude the perceptiveness of the modern DL approaches. However, we must also note
that manual feature extraction with STFT can be considered the most explainable approach.
Given that DL architectures do a better job at learning and extracting features at a wider
scale, they can still be used as feature extractors alongside a classical model for the final
classification. This will be explored in future research as it provides the potential to expand
the feature space without the need for manual feature extraction.

6. Conclusions

This study investigated various window functions for STFT calculation (and spectro-
gram generation) to classify ERG signals. The spectrogram images were extracted using
several combinations of well-known window functions, window sizes, and window over-
lap values, and the manual features were extracted to train the classical ML model using
the same methods. Based on the comparison of the results of the two approaches, DL can be
recommended. In terms of Accuracy, the ViT Small architecture with the Hamming window
showed the best performance among the combinations of DL models with window types
(81%). However, if manual feature extraction is required, a RF with a rectangular Boxcar
window or Bartlett window can be recommended as an alternative to the DL approach.
In the study, the mean Accuracy in these cases was 67.5%.

The results of the analysis of ERG using Short-Time Fourier Transform and ML tech-
niques are, of course, dependent on the size of the dataset used for training, thus necessi-
tating a large original sample. To address this limitation, expanding dataset volumes and
promoting open data sharing within the electrophysiology community could enhance the
diversity and representation of synthetic waveforms. Although these preliminary results
have been generated with a relatively small sample set, it is one of the largest in the world
by data quantity [38]. Moreover, we are actively developing larger synthetic datasets to
support clinical studies [45].

Another limitation of this study was the feature space used in the ML approach; the
analysis only used four features: the minimum, maximum, median, and mean brightness
of the spectrogram; this could be a reason why there was little to no difference between
the windows, this limitation was not encountered in the DL approach as the automatic
feature extraction of DL architectures gave it access to a more prominent feature space.
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Hence, in future studies, we will look at expanding the feature space for the ML classifiers,
as expanding the feature space for manual feature extraction approaches contributes to
improved Accuracy and other metrics while maintaining the overall explainability of the
system. This solution is essential for the developed algorithm to be easily understandable
in medical applications.
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Appendix A. Experiment Results in Details

Tables A1 and A2 show the experiment results in details for different combinations of
signal window type and decision algorithm (DT or RF) along with statistical analysis of the
results in Table A3. Detailed results for the DL experiment are shown in Table A4.

Table A1. Decision Tree results.

Size-Overlap Accuracy F1 AUC Precision Recall
Hamming DT
128-64 0.667 0.664 0.671 0.667 0.671
128-32-64-16 0.625 0.619 0.633 0.625 0.633
64-8 0.667 0.664 0.671 0.667 0.671
64-4 0.625 0.619 0.633 0.625 0.633
64-2 0.667 0.664 0.671 0.667 0.671
32-16-8-2 0.625 0.619 0.633 0.625 0.633
4-2 0.625 0.619 0.633 0.625 0.633
Hann DT
128-64—4-2 0.667 0.664 0.671 0.667 0.671
Boxcar DT
128-64 0.667 0.664 0.671 0.667 0.671
128-32 0.625 0.619 0.633 0.625 0.633
128-16 0.667 0.664 0.671 0.667 0.671
128-8-64-16 0.625 0.619 0.633 0.625 0.633
64-8 0.667 0.664 0.671 0.667 0.671
64-4 0.667 0.664 0.671 0.667 0.671
64-2-4-2 0.625 0.619 0.633 0.625 0.633
Bartlett DT
128-64-128-8 0.667 0.664 0.671 0.667 0.671

128-4-4-2 0.625 0.619 0.633 0.625 0.633
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Table Al. Cont.
Size-Overlap Accuracy F1 AUC Precision Recall
Blackman DT
128-64 0.667 0.664 0.671 0.667 0.671
128-32—4-2 0.625 0.619 0.633 0.625 0.633
64-4 0.667 0.664 0.671 0.667 0.671
64-2 0.667 0.664 0.671 0.667 0.671
Blackman-Harris DT
128-64 0.667 0.664 0.671 0.667 0.671
128-32-4-2 0.625 0.619 0.633 0.625 0.633
64-32 0.667 0.664 0.671 0.667 0.671
Taylor DT
128-64 0.667 0.664 0.671 0.667 0.671
128-32-4-2 0.625 0.619 0.633 0.625 0.633
64-8 0.667 0.664 0.671 0.667 0.671
64-4 0.625 0.619 0.633 0.625 0.633
64-2 0.667 0.664 0.671 0.667 0.671
Tukey DT
128-64-4-2 0.667 0.664 0.671 0.667 0.671
Table A2. Random Forest results.
Size-Overlap Accuracy F1 AUC Precision Recall
Hamming RF
128-64-32-4 0.708 0.704 0.722 0.708 0.722
32-2 0.708 0.704 0.722 0.708 0.722
16-8-4-2 0.667 0.657 0.688 0.667 0.688
Hann RF
128-64 0.708 0.704 0.722 0.708 0.722
128-32—-4-2 0.667 0.657 0.688 0.667 0.688
Boxcar RF
128-64 0.708 0.704 0.722 0.708 0.722
128-32 0.667 0.657 0.688 0.667 0.688
128-16 0.708 0.704 0.722 0.708 0.722
128-8 0.708 0.704 0.722 0.708 0.722
128-4 0.667 0.657 0.688 0.667 0.688
128-2 0.708 0.704 0.722 0.708 0.722
64-32-64-4 0.667 0.657 0.688 0.667 0.688
64-2 0.708 0.704 0.722 0.708 0.722
32-16 0.667 0.657 0.688 0.667 0.688
32-8 0.667 0.657 0.688 0.667 0.688
32-4 0.667 0.657 0.688 0.667 0.688
32-2 0.708 0.704 0.722 0.708 0.722
16-8—4-2 0.667 0.657 0.688 0.667 0.688
Bartlett RF
128-64 0.708 0.704 0.722 0.708 0.722
128-32 0.667 0.657 0.688 0.667 0.688
128-16 0.708 0.704 0.722 0.708 0.722
128-8 0.708 0.704 0.722 0.708 0.722
128-4 0.667 0.657 0.688 0.667 0.688
128-2 0.708 0.704 0.722 0.708 0.722
64-32-64-4 0.667 0.657 0.688 0.667 0.688
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Table A2. Cont.

Size-Overlap Accuracy F1 AUC Precision Recall
Bartlett RF

64-2 0.708 0.704 0.722 0.708 0.722

32-16-32-4 0.667 0.657 0.688 0.667 0.688

32-2 0.708 0.704 0.722 0.708 0.722

16-8-4-2 0.667 0.657 0.688 0.667 0.688

Blackman RF
128-64 0.708 0.704 0.722 0.708 0.722
128-32-4-2 0.667 0.657 0.688 0.667 0.688
Blackman—Harris RF

128-64 0.708 0.704 0.722 0.708 0.722

128-32—-4-2 0.667 0.657 0.688 0.667 0.688
Taylor RF

128-64 0.708 0.704 0.722 0.708 0.722

128-32-4-2 0.667 0.657 0.688 0.667 0.688
Tukey RF

128-64 0.667 0.664 0.671 0.667 0.671

128-32-32-4 0.667 0.657 0.688 0.667 0.688

32-2 0.708 0.704 0.722 0.708 0.722

16-8 0.667 0.657 0.688 0.667 0.688

16-4 0.625 0.608 0.651 0.625 0.651

16-2-4-2 0.667 0.657 0.688 0.667 0.688

Table A3. Random Forest and Decision Tree averaged results.

Model Window Metric Accuracy F1 AUC Precision Recall
Hamming Mean 0.668 0.659 0.689 0.671 0.691
STD 0.009 0.010 0.008 0.013 0.010

Hann Mean 0.668 0.659 0.689 0.667 0.687
STD 0.009 0.010 0.008 0.013 0.014

Boxcar Mean 0.675 0.666 0.693 0.679 0.697
STD 0.017 0.019 0.015 0.019 0.016

Bartlett Mean 0.675 0.666 0.693 0.679 0.697

RF STD 0.017 0.019 0.015 0.019 0.016
Blackman Mean 0.663 0.654 0.681 0.669 0.689
STD 0.018 0.018 0.021 0.009 0.008

Blackman—Harris Mean 0.667 0.658 0.687 0.669 0.689
STD 0.013 0.013 0.014 0.009 0.008

Taylor Mean 0.667 0.657 0.687 0.667 0.687
STD 0.013 0.015 0.011 0.019 0.018

Tukey Mean 0.670 0.662 0.691 0.667 0.687
STD 0.013 0.014 0.010 0.013 0.012

Hamming Mean 0.633 0.628 0.641 0.633 0.641
STD 0.017 0.018 0.015 0.017 0.015

Hann Mean 0.627 0.621 0.635 0.627 0.635
STD 0.009 0.010 0.008 0.009 0.008

Boxcar Mean 0.637 0.632 0.644 0.635 0.642
STD 0.019 0.021 0.018 0.018 0.017

Bartlett Mean 0.637 0.632 0.644 0.631 0.638

DT STD 0.019 0.021 0.018 0.020 0.019
Blackman Mean 0.631 0.626 0.639 0.633 0.641
STD 0.015 0.016 0.014 0.017 0.015

Blackman—Harris Mean 0.629 0.623 0.637 0.629 0.637
STD 0.013 0.014 0.011 0.013 0.011

Taylor Mean 0.633 0.628 0.641 0.633 0.641
STD 0.017 0.018 0.015 0.017 0.015

Mean 0.627 0.621 0.635 0.629 0.637

Tukey

STD 0.009 0.010 0.008 0.013 0.011
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Table A4. Results of DL models.

Model Window Accuracy F1 AUC Precision Recall
DenseNet121 Bartlett 0.738 0.735 0.828 0.732 0.738
DenseNet121 Blackman 0.694 0.685 0.760 0.684 0.694
DenseNet121 Blackman-Harris 0.745 0.734 0.790 0.732 0.745
DenseNet121 Boxcar 0.723 0.719 0.779 0.717 0.723
DenseNet121 Hamming 0.784 0.764 0.810 0.766 0.784
DenseNet121 Hann 0.717 0.705 0.798 0.704 0.717
DenseNet121 Taylor 0.702 0.692 0.745 0.691 0.702
DenseNet121 Tukey 0.733 0.728 0.814 0.725 0.733

ResNet50 Bartlett 0.749 0.738 0.813 0.736 0.749
ResNet50 Blackman 0.681 0.664 0.784 0.670 0.681
ResNet50 Blackman-Harris 0.730 0.721 0.817 0.719 0.730
ResNet50 Boxcar 0.694 0.689 0.766 0.687 0.694
ResNet50 Hamming 0.765 0.751 0.822 0.750 0.765
ResNet50 Hann 0.712 0.692 0.803 0.698 0.712
ResNet50 Taylor 0.698 0.688 0.775 0.687 0.698
ResNet50 Tukey 0.705 0.698 0.787 0.696 0.705

VGGIl16 Bartlett 0.724 0.713 0.760 0.712 0.724

VGGl16 Blackman 0.758 0.753 0.823 0.750 0.758

VGG16 Blackman-Harris 0.684 0.669 0.737 0.672 0.684

VGG16 Boxcar 0.744 0.737 0.779 0.734 0.744

VGG16 Hamming 0.782 0.773 0.818 0.770 0.782

VGG16 Hann 0.753 0.748 0.821 0.745 0.753

VGG16 Taylor 0.763 0.753 0.781 0.750 0.763

VGGl6 Tukey 0.749 0.748 0.793 0.746 0.749

VGG19 Bartlett 0.735 0.724 0.815 0.722 0.735

VGG19 Blackman 0.753 0.746 0.788 0.743 0.753

VGGI19 Blackman—Harris 0.695 0.685 0.728 0.685 0.695

VGG19 Boxcar 0.737 0.731 0.795 0.728 0.737

VGGI19 Hamming 0.803 0.791 0.841 0.788 0.803

VGG19 Hann 0.713 0.703 0.756 0.702 0.713

VGG19 Taylor 0.737 0.725 0.772 0.724 0.737

VGG19 Tukey 0.759 0.745 0.817 0.744 0.759

ViT Small Bartlett 0.764 0.752 0.816 0.750 0.764
ViT Small Blackman 0.729 0.722 0.827 0.719 0.729
ViT Small Blackman—Harris 0.743 0.740 0.815 0.737 0.743
ViT Small Boxcar 0.780 0.776 0.825 0.774 0.780
ViT Small Hamming 0.812 0.801 0.888 0.798 0.812
ViT Small Hann 0.787 0.771 0.826 0.771 0.787
ViT Small Taylor 0.735 0.731 0.758 0.729 0.735
ViT Small Tukey 0.760 0.748 0.829 0.746 0.760

Appendix B. Feature Importance Distributions of Other Top Classifiers
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Figure A1l. (a) RF classifier with Boxcar window, size 128, and an overlap of 32, (b) RF classifier with
Bartlett window, size 128, and an overlap of 32.
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Figure A2. (a) RF classifier with Boxcar window, size 128, and an overlap of 16, (b) RF classifier with
Bartlett window, size 128, and an overlap of 16.
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Figure A3. (a) RF classifier with Boxcar window, size 64, and an overlap of 2, (b) RF classifier with
Bartlett window, size 64, and an overlap of 2.
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Figure A4. (a) RF classifier with Boxcar window, size 32, and an overlap of 2, (b) RF classifier with
Bartlett window, size 32, and an overlap of 2.
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