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ABSTRACT

Neural networks experienced great deal of success in many domains of machine intelligence. In tasks such as object detection,
speech recognition or natural language processing is performance of neural networks close to that of human. This allows penetration
of neural networks in many domains. The medicine is one of the domains that can successfully harvest methodological advances
in neural networks. Medical personnel has to deal with huge amount of data that are used for patients’ diagnosis, monitoring and
treatment. Application of neural networks in diagnosis and decision support systems have proven to add more objectivity to diagnosis,
allow for quicker and more accurate decision and provide more personalized treatment. In this brief review we describe several
main architectures of neural networks together with their applications. We provide description of convolutional neural networks,
auto-encoders and recurrent neural networks together with their applications such as medical image segmentation, processing of

electrocardiogram for arrhythmia detection and many others.
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1. INTRODUCTION

The recent methodological improvements in neural net-
works enabled the penetration of deep neural networks into
many application domains. Whether it is recurrent net-
works, convolutional networks, or other architectures, they
quickly found diverse applications and have pushed ma-
chine intelligence to further levels. Deep neural networks
are able to learn complex models of data representations
and perform accurate data analysis.

The computer-based assistance became a crucial part of
patient diagnosis, monitoring, and treatment. Whether it is
a diagnosis by analyzing medical images [1] or evaluating
the acquired medical measurement signals such as electro-
cardiography [2] or electroencephalograph [3], neural net-
works are viable sources of supporting information. Fur-
thermore, analyzing electrical health records and unstruc-
tured text data can provide information that would be too
tedious to gather for human administrators. This represents
a significant boost in quality and safety.

For years, one of the domains that have been closely tied
with computer vision is medical imaging [4, 5]. The med-
ical imaging community closely follows computer vision
development and contributes to the methodology. In ad-
dition, medical imaging plays an essential role in patient’s
diagnosis and monitoring.

Even though there are several success stories of neu-
ral networks in the medical domain, several challenges re-
main to be solved. First, the interpretation and explain-
ability is the inherited disadvantage of neural networks [6].
Some model explainability is very important, especially
in medical applications where doctors rely on neural net-
work’s decisions. Another obstacle holding back advances
is the scarcity of the available data, particularly labeled
data. Medical data are very sensitive, so sharing data is usu-
ally a complicated procedure that many organizations and
administrative bodies closely observe. Additionally, since
data labeling needs to be done by highly qualified profes-
sionals, it is costly and cannot be easily used by contractors.
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This paper outlines several basic neural network archi-
tectures and describes their usage in medical applications.
In the first part, we establish the theoretical background
of different architectures, and in the second part, we fo-
cus on various medical domains and the application of the
networks in these domains.

2. ARTIFICIAL NEURAL NETWORKS

The artificial neural network (ANN) [7] is a computa-
tional system inspired by the biological neural networks
that make up the brain of animals.

The quintessential model is the feedforward ANN,
whose goal in a supervised manner is to approximate
a given function f. For example, for a classification task,
y = f(x) maps an input x to a class y. The network defines
mapping y = g(x; 0) and learns the value of the parameters
0, which result in the best approximation of the function f.

Feedforward ANNSs are typically represented by a com-
position of many different functions. The model is associ-
ated with a directed acyclic graph describing how the func-
tions are composed together. For example, the functions
g, g@ .. g1 ¢ connected in a chain form the
function g(x) = g (g"1 ... (g@ (g (x)))...) and con-
stitute the layers of the model, where g i) represents the i-th
layer. The overall length of the chain gives the depth of the
model. The final layer is called the output layer.

During neural network training, the training samples
specify directly what the output layer must do at each point
x; it must produce a value that is close to y = f(x). The
behavior of the other layers, called hidden layers, is not di-
rectly specified by the training data. The learning algorithm
must decide how to use hidden layers to best implement an
approximation of f. Hidden layers are typically vector val-
ued and their dimensionality determines the width of the
model. Each element of the vectors is called a node or unit,
which resembles a neuron in the sense that it receives in-
put from many other units and computes its own activation

ISSN 1338-3957 (online), www.aei.tuke.sk



Acta Electrotechnica et Informatica, Vol. 22, No. 2, 2022

35

value.

The universal approximation theorem states that every
continuous function that maps intervals of real numbers to
some output interval of real numbers can be approximated
arbitrarily closely by a feedforward ANN with just one hid-
den layer [8, 9]. But the layer may be infeasibly large and
may fail to learn and generalize correctly. In many cir-
cumstances, using deeper models can reduce the number
of units required to represent the desired function and can
reduce the risk of overfitting [7]. The advantage of deep
neural networks is also their ability to extract high-level,
abstract features from raw data. They introduce more com-
plex data representations that are expressed through other,
simpler representations. The typical example of a represen-
tation learning algorithm is the autoencoder (Section 2.1).

Feedforward ANNs as being simple chains of layers
without feedback connections form the basis of many other
neural network architectures, often developed for specific
tasks [7]. They may be generalized to the recurrent neu-
ral networks (RNNs) for sequence processing (Section 2.3).
Convolutional networks (CNNs) are a specialized kind of
ANN (Section 2.2) for processing data with a known array-
like topology, such as time-series data represented by a 1D
array taking samples at regular time intervals and image
data represented by a 2D array of pixels. In general, the
layers need not be connected in a chain. Many architec-
tures build a main chain and then add extra architectural el-
ements to it, such as skip connections from layer i to layer
i+ 2 or higher. These skip connections facilitate the flow of
the gradient from output layers to layers closer to the input.

Another key factor in architecture design is how to con-
nect a pair of layers to each other. In the default layer de-
scribed by a linear transformation through a weight matrix
W, each unit is connected to each unit of the next layer.
There are many strategies for decreasing the number of con-
nections, which reduce the number of parameters and the
amount of calculations required to evaluate the network, but
are often highly problem dependent. For example, CNNs
(Section 2.2) use specialized patterns of sparse connections
that are very effective for computer vision problems.

2.1. Autoencoders

Autoencoder is a type of feedforward neural network
used to learn data in an unsupervised manner [10], so it does
not need explicit labeled data. The aim of an autoencoder
is to learn a lower-dimensional representation (encoding)
for a higher-dimensional data, typically for dimensional-
ity reduction [11], just like Principal Component Analysis
(PCA), by training the network to capture the most impor-
tant parts of the input. There is major difference between
PCA and autoencoder. PCA uses linear transformations
whereas autoencoder uses non-linear transformations. Au-
toencoder is data-specific. It means that autoencoder is only
able to meaningfully compress data similar to what they
have been trained on. Since it learns features specific for
the given training data, it is different than a standard data
compression algorithm. So we cannot expect an autoen-
coder trained on handwritten digits to compress landscape
photos.
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Typical autoencoder is composed of two symmetrical
sub-models called encoder and decoder. This two sub-
models are connected together using latent layer (some-
times called code, bottleneck or latent space). Latent layer
is the key attribute of the network design. Bottleneck con-
strains the amount of information that can traverse the full
network, forcing a learned compression of the input data.
The figure 1 depicts the simplest architecture of autoen-
coder with the only one hidden layer.

Input layer Output layer

X - E

Latent layer

g

X R

Fig.1 Autoencoder with single hidden layer

This simple hidden layer autoencoder has encoder and
decoder parts defined as:

h= G(thx+bxh)a (D

<= O'(thx + bhx)7 ()

where W and b represents weights and biases respectively
and sigma is non-linear activation function. The encoder
in equation (1) maps input features represented by vector
x into a hidden representation # by mapping followed by
non-linear transformation using an activation function. On
the other hand, decoder defined in equation (2) takes hid-
den (compressed) representation of input vector and tries to
reconstruct it back into the original input space by the same
transformation as were used in encoder. The difference
between the original input vector x and the reconstructed
output z is called reconstruction error. During learning
phase the autoencoder tries to minimize reconstruction er-
ror. When designing an autoencoder, it is important to pay
attention to four different model hyperparameters:

1. Code size: Number of nodes in the middle layer.
Smaller size results in more compression.

2. Number of layers: Like all neural networks, an im-
portant hyperparameter to tune autoencoders is the
depth of the encoder and the decoder. While a higher
depth increases model complexity, a lower depth is
faster to process.

3. Number of nodes per layer: The number of nodes
per layer defines the weights per layer. Typically,
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the number of nodes decreases with each subsequent
layer in the autoencoder as the input to each of these
layers becomes smaller across the layers.

4. Reconstruction loss: The loss function used to train
the autoencoder is highly dependent on the type of
input and output of the autoencoder.

Autoencoder can be used for a wide variety of applica-
tions, but they are typically used for tasks like dimensional-
ity reduction, data denoising, feature extraction, image gen-
eration, sequence to sequence prediction, and recommenda-
tion systems.

Data denoising is the use of autoencoder to strip
grain/noise from images. Similarly, autoencoder can be
used to repair other types of image damage, like blurry im-
ages or images missing sections.

2.2. Convolutional neural networks

Convolutional neural network is a special kind of deep
neural network. Here, deep refers to the high number of
hidden layers between the input and output layers. CNNs
are inspired by the biological visual cortex [12]. Different
neurons in the brain responds to different portions of the
visual field. This idea of different neurons having different
tasks established the CNNs.

CNNSs consist of multiple alternating convolution and
pooling layers ending with one or more fully connected
dense layers. In CNN architectures for classification of
RGB images, the input layer has 3 channels, which cor-
responds to the number of color channels. In hidden layers,
number of channels corresponds to the feature maps that
encode various attributes of the data. The purpose of these
hidden layers is to learn different attributes of the data by
extracting certain features from the input data [13]. The
convolution layers use convolution operation in their com-
putations in place of multiplication [7]. They use a 3D filter
of weights to map the activations from a layer to the next
one. The aim of these layers is to compute the feature maps.
They are computed by convolving the input with the previ-
ously learned kernel and then applying a non-linear activa-
tion on the results element-wisely [14]. The feature map
values can be computed as

i 1T 1 i
Zijk = Wi Xij+ by, )

where z! ;& is the feature value at the location (i, /) in

the k-th map of the /-th layer, wi is the weight vector and
bé the bias term of the k-th filter of the /-th layer, while xf i
is the input on the given position.

The pooling layers task is to reduce the size of the fea-
ture maps by decreasing the number of connections be-
tween the convolutional layers [15]. The kernels of the first
convolutional layers aim is to extract lower level features
such as curves or edges, the kernels of higher layers aim
to extract higher level features such as shapes or whole ob-
jects.

The fully connected layers are responsible for the final
classification. In their case, each previous neuron is con-
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nected to every neuron of the next layer. Every value is
then co-responsible for the final class prediction [16].

They are most suitable for array-like data, such as im-
ages or time-series data.

Le Cun et al. first provided a framework of CNN and
implemented the LeNet-5 architecture, which can be con-
sidered the first CNN network [17, 18]. It could classify
handwritten digits and characters. This network architec-
ture could not perform very well, because of the small com-
puting power and lack of training data.

Since the introduction of the LeNet-5 model, many im-
provements have been made to overcome the shortages of
CNNs. Krizhevsky et al. proposed a new deep CNN archi-
tecture called AlexNet, which outperformed the present im-
age recognition methods using the ImageNet dataset [19].
From this time, many other architectures were proposed to
improve the overall performance, such as the ResNet [20],
VGGNet [21] or GoogleNet [22].

Convolutional neural networks showed to be very useful
in tasks such as object detection [23, 24], image classifica-
tion [25, 26], pathological voice analysis [27, 28], hand-
writing analysis [29, 30], biomedical signal processing [31]
or medical image analysis [32, 33] and segmentation [34].

2.3. LST™M

Long Short-Term Memory (LSTM) architecture, ini-
tially developed by Hochreiter and Schmidhuber in
1997 [35], is a special variant of a Recurrent Neural Net-
work (RNN) architecture. As with standard RNNs, it is
designed to process sequences of information of a variable
length. It accomplishes it by unfolding itself over time.

Traditional RNNSs have a flaw that they can only process
sequences with a limited length since they are unable to
preserve long-term context due to the vanishing/exploding
gradient problem [36, 37]. This limitation is caused by the
fact that the same weight matrix is used for all computa-
tions unfolded over time, to calculate a hidden state. LSTM
address this limitation by preserving a cell state that can be
read and modified through sequence processing.

Recurrent neural networks process sequences by iterat-
ing through values x(!) ... ,x) while maintaining a hidden
state s, based on already seen information. The state s
is calculated from the previous sate 51 and current input
value x\¥) such as

s® = £ X0, 9). 4)

A single hidden state passed between RNN units is not
enough to preserve context and maintain relevant informa-
tion over an extended time sequence.

LSTM extends on the same principles as RNNs by im-
plementing recurrently connected subnets called memory
blocks [38]. Internally, each memory block contains three
multiplicative units called gates that control the flow of in-
formation passed between memory blocks - input, output,
and forget gate.

First, the cell state s) is modified by forget gate to re-
move information that is no longer relevant. Forget gate
decides based on previous hidden state and current input
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§0) = =D g (A1) 4 40, )

Then, the input gate modifies the cell state s by adding
information to it

s =50 4 6 (R 4 xO) tanh (A1) 4 x(1), (6)

Finally, the output gate computes the new hidden state

A" = tanh(s')) o (R~ 4 x1). (7)

Using gates, a memory cell can learn which informa-
tion is relevant and which can be forgotten. This enables it
to carry information and maintain context while processing
long sequences.

LSTM based networks (and their variations) proven to
be useful in several different use-cases like language trans-
lation [39], speech recognition [40], and handwriting gener-
ation [41]. They are also used for various tasks in a medical
domain such as for drug design [42] and depression trend
prediction using EEG signal [43].

3. MEDICAL APPLICATIONS OF NEURAL NET-
WORKS

3.1. Autoencoders for biomedical segmentation

In general, the image segmentation represents the task,
where the main goal is to precisely identify concrete areas
of various structures, defined as series of elementary blocks
known as pixels (2D domain) or voxels (3D domain). In the
context of biomedical segmentation, this task is primarily
required by fields, such as radiotherapy, computer-aided di-
agnosis and investigation of multiple serious diseases. This
variety of use cases, results in fact that biomedical segmen-
tation is currently active area of scientific research.

In recent years, the CNNs has been used as primary so-
lution for medical image segmentation and have dominated
other traditional methods, such as machine learning meth-
ods using hand-crafted features, graph cut methods, shape
deformation and variational methods [44]. Another im-
provement of CNNs was utilization of end-to-end learning
handled by fully convolutional networks (FCN), especially
by encoder-decoder architecture [45].

The main difference between CNN architecture and
FCN architecture is that, FCN is composed of convolu-
tional layers without any fully-connected layer at the end
of the network and is capable to spatially transform the
feature map of the intermediate layer back to the original
size of the input. Thanks to this novel approach, many
models with improved architectures have been introduced,
such as U-Net named by its U-shaped architecture [45],
ResNet with residual blocks [46], DenseNet with densely
connected blocks [47], etc.

One of the many applications of mentioned architec-
tures in medical imaging is the segmentation of the liver
and its lesion, which are important indicators for various
disease diagnosis. Moreover, it is common, that tumors of
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the abdominal part of the body, can spread to the liver tis-
sue. As the result of these factors, the liver cancer is the
second most common cause of cancer death and is the sixth
most frequent cancer [48].

Another actively researched application of autoencoders
and its variants in medical imaging is the segmentation of
morphological structures, such as vessels. Based on the ob-
tained results, authors of [49], proved that usage of autoen-
conders in the form of the generative adversarial network
(GAN) can be successfully applied to segment the retinal
blood vessels in fundus images, which are not only used
in the screening of retinal vascular diseases but also in the
diagnosis of other serious diseases, such as stroke, hyper-
tension and glaucoma.

3.2. 1D CNN:s for biomedical signal processing

The study of biomedical signals is essential for a wider
understanding of physiological phenomena in the human
body, whether under normal or pathological conditions.
The biomedical signals provide information about the status
of body organs and overall health. They are usually cap-
tured by devices that measure different types of informa-
tion, such as brain activity, blood glucose, blood pressure,
heart rate, nerve conduction. According to these measure-
ments, physicians decide on diagnosis and treatment.

Cardiovascular diseases are the most common cause of
death worldwide. In 2019, they accounted for 32% of all
deaths. Cardiac disorders are usually analyzed using the
electrocardiogram (ECG) signal, which shows the electri-
cal activity of the heart over time recorded by an elec-
trocardiograph. The cardiac muscle activity is measured
through electrical potential differences between electrodes
connected to the body surface. A pair of electrodes forms
a lead. A conventional twelve-lead ECG uses four elec-
trodes located on the limbs and six electrodes located on
the chest surface. However, different monitoring conditions
and the need to highlight some anomalies have led to the
development of other lead systems that differ in electrode
placement or allow the number of electrodes to be reduced.

Although the ECG has long been a method of diagnos-
ing cardiovascular disease, its interpretation requires con-
siderable human knowledge. In recent years, advanced ar-
tificial intelligence methods, such as deep learning of con-
volutional neural networks, have enabled rapid, human-
like ECG interpretation. Even signals and patterns that
are largely unrecognizable to human interpreters can be ac-
curately detected by deep neural networks [50]. Deploy-
ing efficient ECG analysis algorithms on battery-powered
portable devices, such as cell phones with wireless ECG
sensors, will allow continuous cardiac function evaluation
that can be easily integrated into everyday life [51].

Major conditions for the development of automated
ECG analysis are public datasets and well-defined proce-
dures that allow the comparison of different algorithms.
To ensure these conditions, several large ECG datasets
annotated by cardiologists have been published in recent
years. Examples are the PTB-XL dataset with diagnostic
labels [52] and the MIT-BIH arrhythmia database [53].

Next, we introduce the three most challenging problems
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in ECG analysis and present some of their solutions using
CNNs. Because ECG signals represent time-series data, 1D
CNN s are typically used, with the number of channels usu-
ally corresponding to the number of leads processed.

3.2.1. R-peak detection in ECG recordings

A cardiac cycle is represented in a period of the repeti-
tive ECG signal as the series of waves: P wave, QRS com-
plex, and T wave. R-peak indicates the maximum ampli-
tude in the QRS complex.

The automatic detection of R-peaks in an ECG record-
ing is crucial in the analysis of heart rate variability and the
diagnostics of cardiovascular diseases. Many of developed
R-peak detection algorithms contain two main parts: the
signal processing to enhance the presence of the QRS com-
plex and an amplitude threshold-based peak decision mak-
ing. However, these algorithms often only perform well
with relatively clean ECG signals but are not robust enough
to noises and artifacts caused by motions, electrode-skin
conductance changes, and the use of dry electrodes [51].

In [54], a deep learning approach for robust R-peak de-
tection in a noisy ECG is presented. The problem is for-
mulated as a regression task that involves obtaining the dis-
tance map from the input ECG signal. A distance map (dis-
tance transform) is a derived representation of a digital im-
age that labels each pixel in the foreground by the distance
to the nearest pixel of the boundary between the foreground
and the background. In the method, the R-peaks in an
ECG recording are considered analogous to the boundary
in images. Here, the distance map provides the distance of
each point on the ECG from the nearest R-peak. To predict
the distance map, U-Net combined with inception-residual
blocks is used. Then, the R-peak locations are easily ob-
tained from the valleys in the distance map.

3.2.2. Arrhythmia detection

The term arrhythmia refers to any change from the nor-
mal heart thythm. The heart beat can be too fast, too slow,
or irregular. When the heart does not beat properly, it can-
not pump blood effectively and the lungs, brain and all other
organs may shut down or be damaged. Arrhythmia detec-
tion from ECG recordings is usually performed by expert
technicians and cardiologists. To automatically detect heart
arrhythmias in an ECG, an algorithm must implicitly recog-
nize the different types of waves and distinguish complex
relationships between them over time. This is complicated
due to the variability in wave morphology between patients
as well as the presence of noise [55].

Arrhythmia detection is a sequence-to-sequence task,
which takes a sequence of ECG samples X = [xy,...,xk]
as input, and gives a sequence of labels r = [ry,...,r,] as
output. Each label 7; can take on one of m different rhythm
classes and corresponds to a segment of the input. Together
the output labels cover the full input ECG sequence.

The 1D CNN-based algorithm presented in [56] outper-
forms certified cardiologists in detecting a wide range of
arrhythmias from ECG signals recorded with a single-lead
wearable monitor Zio Patch [57].
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Similar tasks are formulated not only for arrhythmias,
but also for other cardiac diagnoses and abnormalities, usu-
ally classifying individual heartbeats, which follows the R-
peak detection problem. An example of a generally avail-
able labeled database for the evaluation of arrhythmia de-
tectors is the often cited MIT-BIH arrhythmia database [53].

3.2.3. Automatic ECG annotation

The most challenging problem in ECG analysis is auto-
matic ECG annotation. This is a multilabel classification
task, which aims to automatically identify clinical diag-
noses from twelve-lead or reduced-lead ECG recordings.
The early and correct diagnosis of cardiac abnormalities
can increase the chances of successful treatments. Auto-
matic detection and classification of the abnormalities can
assist physicians in diagnosing a growing number of ECG
recordings.

The research and development of algorithms for auto-
matic ECG annotation have also been supported by popu-
lar competitions such as China Physiological Signal Chal-
lenge (CPSC) 2018 [58], and PhysioNet/Computing in Car-
diology Challenges 2020 [59] and 2021 [60]. In the pre-
sented solutions, deep learning approaches were mostly
used, including convolutional neural networks in general
and ResNet-based approaches in particular [31].

3.3. 2D CNN for medical imaging

CNNss can be used in various medical imaging domains,
while achieving state-of-the-art performance in classifica-
tion, detection and segmentation.

3.3.1. Classification

Classification in medical imaging is an action or pro-
cess of classifying an image or part of the image according
to shared qualities or characteristics. Neural Network archi-
tectures such as VGG-16, residual networks are used, and
in case of need fast inference, MobileNet or SqueezeNet
[61] can be employed.

Gazda et al. [32] developed a system that classified
chest x-rays into healthy subjects and diseased subject.
They verified their approach on classification of healthy and
patients suffering from Pneumonia, induced by COVID-19
or other diseases.

Esteva et al. [62] developed a 2D neural network for
classification of skin cancer, that achieved performance on-
par with expert dermatologists.

Diaz et al. [63] utilized neural network for brain tumor
classification from MRI images, including meningioma,
glioma, and pituitary tumor.

A study performed by explored ability of 2D CNN for
classifying tuberculosis on chest radiographs. [64].

3.3.2. Detection

Detecting anomalies in medical imaging is a usual task
for radiologists. Detection can be also performed for lesion
location, lesion tracking or image discrimination. Popular
architectures are R-CNN or Fast R-CNN.
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Hirasawa et al. [65] used 2D CNN for detection to di-
agnose gastric cancer in chromoendoscopic images.

Wu et al. [66] utilized an object detection model-
ENDOANGEL for real-time gastrointestinal endoscopic
examination.

Li et al. [67] incorporated the attention mechanism for
detection of glaucoma.

3.3.3. Segmentation

Image segmentation is the procedure of dividing a dig-
ital image or volume into a multiple disjoint sets of pixels,
respectively voxels. For instance, segmentation can be used
to select the contours of kidneys on an abdominal CT scan.

Fully connected 2D convolutional neural neural net-
work u-net proposed by [68] revolutionized deep learning
segmentatioon. Neural network architecture strongly re-
sembles letter U shape and consists of two parts. The first
part is called an encoder, which consists of several alterning
convolutional and pooling layers, is responsible of mapping
an image to latent space. The second part is called a de-
coder, which consists of several convolutional and upsam-
ple layers, learns a function that finds the contours of the
object under observation.

Isensee et al. [69] proposed nnU-Net self-adapting
framework for u-net, that heuristically finds important hy-
perparameters, such as data-augmentation parameters, pre-
processing parameters and depth of u-net. nn-UNet has
been regularly achieving top-places in medical image seg-
mentation challenges, such as Kidney Tumor Segmentation
Challenge [70], Liver Tumor Segmentation Challenge [48],
Brain Tumor Segmentation Challenge [71] etc.

3.4. LSTM for medical imaging

Long short-term memory recurrent neural networks pro-
vide a very useful tool for sequential data processing, such
as medical images like MRI pictures or CMR images [72].
The vectorized input is a weakness of the LSTM networks
for medical image analysis, because the spatial information
is lost. However, the application of convolutional LSTM
(CNN-LSTM) proved to be very useful in such cases [73].
CNN-LSTM based models can discover more discrimina-
tive spatiotemporal features by replacing the vector multi-
plication with convolutional operation [74, 75].

LSTMs have achieved state-of-the-art results among
others in brain image segmentation [76].

Konwer et al. used an LSTM-based encoder-decoder for
the prediction of COVID-19 from chest x-rays (CXR) [77].
They implemented a two-stage LSTM model, which is able
to learn both spatial and temporal information from CXR
images to model the progression of COVID-19 and predict
the lung infiltrate severity. The first module is the LSTM-
Spatial module, which aims to learn the spatial dependen-
cies on the image inputs and the LSTM-Temporal mod-
ule exploits the temporal dependencies between the images
from multiple days. For patch extraction a sliding window
approach is employed, for image feature extraction, they
employed a CNN network.

Zhang et al. have proposed a multi-leve]l CNN-LSTM
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model for segmentation of left ventricle myocardium in car-
diac short-axis cine MR images [78]. The proposed archi-
tecture consists of a CNN block and an RNN block. The
CNN learns the appropriate features from the image input,
which are then downsampled. The RNN block consists of
two levels of CNN-LSTM; the output of the RNN block is
deconvoluted to obtain the segmentation results. The pro-
posed approach performed better than a CNN model and a
one-level CNN-LSTM model.

Gao et al. generalized the LSTM model with a dis-
tanced LSTM (D-LSTM) to model the temporal distance
with adaptive forget gate and input gate between longitu-
dinal CTs in lung cancer detection [79]. They multiplied
a Temporal Emphasis Model (TEM) to the forget gate and
the input gate with learnable parameters to incorporate the
distance attribute to LSTM. Therefore enabling the TEM to
learn across regular and irregular intervals. They validated
their approach on three different datasets while achieving
improved results compared with baseline LSTM methods.
The external validation experiments shows improved gen-
eralizability of their proposed model.

Cai et al. improved the pancreas segmentation in
abdominal CT and MRI images using CNN-LSTM net-
work [80]. They used a deep CNN followed by a CNN-
LSTM and proposed a novel segmentation-direct loss func-
tion. The proposed network model is trained to optimize
Jaccard index directly therefore generating threshold-free
segmentation. They achieved improvements in pancreas
segmentation on both CT and MRI images.

Santeramo et al. [81] have proposed two modifications
of a time-modulated LSTM for the detection of abnormal-
ities in chest x-rays such as cardiomegaly, consolidation,
pleural effusion or hiatus hernia. These LSTM models take
into account the time indexes associated to the inputs. All
the images of a patient are processed at each time step, First,
a CNN extracts the features from the first image. The LSTN
takes as inputs the image labels acquired at the previous
time-step, the current image features and the time lapse be-
tween the two images. For the last image in the sequence,
the LSTM predicts the image labels. The other variation of
the time-modulated LSTM uses the time lapse only to mod-
ulate the internal state. The results denote that the proposed
architectures perform better at capturing of the evolution of
abnormalities over time. They have proved that the patients
x-ray history can be used to improve automated radiologi-
cal reporting.

Braman et al. [82] analyzed 3D volumes as a sequence
of 2D images of annotated volumetric medical imaging
data. They utilized an LSTM network to analyze sequen-
tially the image volumes for the presence of emphysema in
a portion of scanned region of lung cancer screening low-
dose CT images. They first apply convolution for each im-
age slice individually and then a CNN-LSTM is utilized
to process the volume slices. The output of the LSTM is
a feature set obtained through convolutions with the input
and previous slices within the volume. They demonstrate
notable model performance in emphysema detection using
only weakly annotated image volumes.
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4. FUTURE RESEARCH AND CHALLENGES

Although recent advancements of deep learning have
been astonishing, there still exist many challenges to its ap-
plication in healthcare.

The main challenge of CNNs application in the medical
domain was the scarcity of data. There already exist several
methods of reducing the required training dataset size, such
as Transfer Learning, Contrastive learning [32] or exhaust-
ing data-augmentation techniques. Despite of the recent ad-
vances, additional methods can be researched.

Secondly, the real-world application is limited due to its
neural network black box behavior, as it does not explain
its decision. The explainability is heavily limited, although
several works such as GradCAM or deep Taylor decompo-
sition started the trend of research of explainability of deep
neural networks.

Many medical objects are represented by non-euclidian
data structures, such as drug discovery. Entirely new re-
search direction in neural networks has been started and it’s
called Graph Neural Networks. Graph Neural Networks
are fast gaining popularity [83] and due to it’s default ro-
tation and permutation invariance are achieving state of the
art performance.

Another research direction based on geometric deep
learning [84] is Group Neural Networks. Inventing new
rotation and translation equivariant neural networks could
be a turning point for the segmentation and classification of
anatomical structures in medical imaging.
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