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Abstract---Imaging in medicine plays a significant part in a broad 

number of clinical applications, including those that are utilised for 
early detection, monitoring, diagnosis, and assessment of therapy for 

a wide variety of medical diseases. Deep learning and artificial neural 

networks are two concepts that you need to have a firm grasp on if 

you want to become an expert in medical image analysis using 

computer vision. Rapid progress is being made in the field of research 
known as deep learning approach (DLA), which focuses on medical 

image processing. DLA has had widespread use in the field of medical 

imaging as a diagnostic tool for determining the presence or absence 

of disease. Along with the construction of artificial neural networks 

and a comprehensive investigation of DLA, some of the potential 

applications for medical imaging are covered in this article. Digital 
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pictures from X-rays, CT scans, mammograms, and histology are the 

primary focus of the majority of DLA applications. This article offers 

an in-depth analysis of the research that has been done on DLA for 
the classification, detection, and segmentation of medical images. 

When researchers use this summary, they may be better able to think 

about ways to enhance DLA-based medical image analysis.  

 

Keywords---deep learning, convolutional neural networks, medical 

images, segmentation, classification, detection. 
 

 

Introduction  

 

X-rays, computed tomography (CT) scans, mammograms, ultrasounds, magnetic 
resonance imaging (MRI), magnetic resonance angiography (MRA), positron 

emission tomography (PET) scans, and other types of medical imaging services are 

being used more often in the medical field. In addition, there is a shortage of 

radiologists, which may make it harder to assess medical pictures and make the 

process of analysis more time consuming. Artificial intelligence is the solution to 

these issues (AI). In the domain of artificial intelligence (AI), the term "machine 
learning" (ML) refers to a technology that allows computers to learn from data and 

make predictions or judgments based on that data without being expressly 

programmed to do so. ML makes use of three distinct approaches—supervised, 

unsupervised, and semisupervised—in its educational process. It is necessary to 

recover features by using machine learning techniques, with feature selection 
being handled by a subject matter expert. If you make use of deep learning (DL) 

strategies, you won't have to exert much effort in order to choose the appropriate 

data for your model. A subset of machine learning that may automatically derive 

meaningful attributes from unprocessed input data [28]. The study of information 

theory and the study of the mind provided the groundwork for the development of 

the earliest concepts for DL algorithms. General characteristics of DL include (1) 
its capacity to learn feature presentations on each layer through either 

unsupervised or supervised training, and (2) its multi-layered structure, which 

enables it to learn features of input at varying levels of abstraction. Both of these 

characteristics are referred to as "feature learning" in the following paragraphs. 

Recent research that has been published in the fields of MRI [8], Cardiology [11], 
and Neurology [15] has shed light on the significance that state-of-the-art DLA 

has in the medical field. 

 

A variety of distinct DLA approaches that were first created for use in computer 

vision have been adopted for use in medical image analysis. These methods were 

initially designed for use in computer vision. Supervised deep learning techniques 
include a wide range of technologies, including recurrent neural networks and 

convolutional neural networks, amongst others. Unsupervised learning 

techniques, such as Deep Belief Networks (DBNs), Restricted Boltzmann 

Machines (RBMs), Autoencoders, and Generative Adversarial Networks (GANs), 

have also been investigated for their potential use in medical picture processing 
[14]. The DLA has the potential to assist in the diagnosis and categorization of a 

significant number of different diseases. Convolutional neural networks (CNN) are 

perfectly suited for a variety of tasks when DLA is applied on medical pictures [19, 
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14]. These tasks include classification, segmentation, object identification, and 

registration. Convolutional neural networks, often known as CNNs, are a kind of 

artificial visual neural network structure that is frequently employed for the 

identification of medical picture patterns. Figure 1 demonstrates how deep 
learning (DL) is now being used in the field of medical picture analysis. 

 

 
Fig. 1 a X-ray image with pulmonary masses [11] b CT image with lung nodule 

[12] c Digitized histo pathological tissue image [13] 

 

Deep learning  

 

Deep learning is a subfield of machine learning concerned with creating artificial 
neural networks that mimic the structure and function of the human brain.  

 

Autoencoder  

 

One of the deep learning models known as autoencoder (AE) is a prime example of 
unsupervised representation learning. This occurrence is shown in Figure 4a. The 

optimal conditions for the operation of AE are those in which the input contains a 

greater quantity of unlabeled data than labelled data. AE receives x as its input 

and produces a vector with dimension z as its output. After going through one 

hidden layer z, the input x is approximated by x', which is the result of decoding 

the encoded representation after it has been processed by the network [18]. 
 

 
Fig. 4. a Autoencoder [17] b Restricted Boltzmann Machine with n hidden and m 

visible units [18] c Deep Belief Networks [89] 
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Basic AE consists of three main steps 

 

Encode: Hidden state h = f(wx + b), where w is represented by the array with 
dimensions Rm*n and b is represented by the array with dimensions Rn; m and n 

refer to the dimensions of the input vector and the encoded hidden state, 

respectively. When h is a hidden layer, the dimensions of that layer have to be 

fewer than x.f, where x stands for an activation function. Deciphering the 

message may be done as follows, with the h given above serving as a starting 

point: z is equal to f' (w' h + b'), where w' represents Rn*m and b' represents Rm. 
Exists, in a manner analogous to the activation function that was discussed 

before, f ′. The reconstruction error cost function, Lrecons(x, z), may be calculated 

as follows: Lrecons(x, z) = x z2. Cost function optimization leads to a reduction in 

reconstruction errors (2) 

 

 
 

The term "stacked autoencoder" refers to a specific kind of unsupervised 

algorithm representation (SAE). The SAE is constructed using many layers of 

autoencoders that are layered one on top of the other, with the outputs of each 
layer being coupled to the inputs of the one above it. Denoising Autoencoders, 

often known as DAEs, were first introduced by From Vincent et al. [15]. The DAE 

discovers how to recreate the original data from the input by taking into account 

the random noise. [16] The variational autoencoder, also known as VAE, makes 

adjustments to the encoder so that it can more properly display pictures having a 
Gaussian distribution. In this model, there are two different kinds of losses: the 

mean squared error and the Kull back Leibler divergence loss. The mean squared 

error is a measurement of how well the latent variable matches the Gaussian 

distribution unit. The Kull back Leibler divergence loss is a measure of how poorly 

the latent variable matches the Gaussian distribution unit. Both the sparse 

autoencoder [16] and the variational autoencoder have been shown to be effective 
in a wide variety of applications, including semi-supervised learning, 

unsupervised learning, and segmentation, to name just a few of them. 

 

Restricted Boltzmann machine  

 
Figure 4b depicts the connection between the two-layer undirected probabilistic 

generative model and a Restricted Boltzmann machine (RBM), which is similar to 

a Markov Random Field (MRF). The RBM's v-units, which represent the input, are 

visible to everybody, but the h-units, which represent the output, are kept secret 

(output). One of the most important aspects of the idea is that the two revealed 

units are unable to communicate with either of the two units that are being 
concealed. The random variables (v, h) in binary RBMs have the potential to take 

on any value within the range [0, 1]m + n. The RBM is an energy-based model, 

similar to the classic Boltzmann machine [20]. The equation that represents the 

potential energy of the v, h state is: (3) 
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Where vj, hi are the binary states of the visible unit (j), hidden unit I and their 

respective biases (bj, ci), and wij is the symmetric interaction term between the 

two units (vj, hi). The Gibbs distribution in Eq. gives the joint probability of (v, h) 

(4) 
 

 
 

Deep belief networks  

 

Hinton et al. [11] propose Deep Belief Networks (DBNs) as an alternative to 
convolutional models that can still extract features and build a deep hierarchical 

representation of training data. DBNs, or generative models, are the result of 

stacking many RBMs. A directed generative model is implemented after the first 

two RBM-like layers in a DBN. Several hidden layers (h(1), h(2),..., h(l)) sit under 

the surface of a DBN, as shown in Fig. 4c. Using the DBN model, we can express 

the distribution of both the visible units v and the hidden layers hk(k = 1,..., l) as 
(9) 

 

 
 
A conditional distribution (10) for the layer k given the units of k + 1 is provided 

by P(hk| hk + 1), where v = h(0) 

 

 
 

A DBN has l weight matrices: W(1), …. , W(l) and l + 1 bias vectors: b(0), …, b(l) 

P(h(l) , h(l − 1)) is the joint distribution of top-level RBM (11). 

 

 
The probability distribution of DBN is given by Eq. (12) 

 

 
 

Convolutional neural networks (CNN)  

 

The convolutional neural network (CNN) is a distinct subset of the family of deep 

learning algorithms used in the field of neural networks. The Convolutional 

Neural Network, or CNN, is an essential artificial visual network for pattern 

detection in medical imaging data. A main source of information for the CNN 
family may be found in the visual brains of animals [17, 16]. The fundamental 

drawback of a fully connected feed-forward neural network is the fact that the 

number of neurons may be rather big even for shallow topologies. This makes it 

difficult to implement in image processing tasks because of the complexity of the 

network. The Convolutional Neural Network, or CNN, is an example of a 
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parameter-sparing strategy that enables deeper networks to be built with a less 

number of parameters. Shared weights, local receptive fields, and spatial 

subsampling are the three architectural concepts that are used during the 
construction of CNNs [20]. The convolutional approach, which is used to handle 

data that is not structured, is at the heart of CNN. Convolution, in which the 

filtered input x(t) signal is combined with the filtered output h(t) signal, has the 

potential to expose more information than each signal by itself. The discrete 

signals X(t) and h(t) are subjected to a convolution in a single dimension (1D) (13) 

 

 
 

When selecting the most important invariant feature inside a pooling zone, the 

max-pooling approach is the one to utilise. When using the average pooling 

approach, a single characteristic from the pooling region is chosen to represent 
the mean of all of the other features. Therefore, the max-pooling method keeps 

the texture information, which may result in quicker convergence [13], while the 

average-pooling method is known as the Keep background information approach. 

The research literature has a variety of pooling methods, some of which are as 

follows: detailed preserving pooling [23], multi activation pooling [24], stochastic 

polling [23], Def-pooling [19], and spatial pyramid pooling [28]. The CNN model is 
finished once it has a fully linked top layer. The operation of fully linked layers 

[14] is identical to that of a standard neural network. The result of the pooling 

layer is fed into this layer, which accepts a number vector as an input and 

produces another, more extensive vector with N dimensions as its output (N 

number of classes). After the layers have been pooled together, the previously 
layered maps no longer retain their own characteristics and are instead blended 

into a single, consistent layer. The first seven-layer Convolutional Neural Network 

(CNN) that was successful at recognising handwritten digits was built by Yann 

LeCunn in the year 1990. AlexNet is a deep convolutional neural network that 

was proposed by Krizhevsky and colleagues [8]. It consists of 5 convolutional 

layers and 3 fully-connected layers. In order to accelerate the process of model 
training, AlexNet changed the sigmoid activation function from its original 

implementation to the user-friendlier ReLU activation function. 

 

Recurrent neural networks (RNN)  

 
RNNs are a subset of neural networks that are specifically designed for the 

processing of sequential data (deal with sequential data). A recurrent neural 

network (RNN) is seen in Figure 5a. This RNN has a topology that is similar to 

that of a fully-connected neural network (FFNN), but it also has recurrent 

connections between the hidden nodes. In order to activate the recurrent 

connection hidden unit of a generic RNN model at time t, the current data xt and 
the preceding hidden state ht 1 are taken into consideration. The key to achieving 

the desired outcome yt is to make use of the hidden state ht. Equations (18) and 

(9) provide a mathematical representation of this in its respective forms (19) 
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Here, Wh is the matrix of recurrent weights between the hidden layers and itself, 

Whx is the weight matrix between the input and hidden layers, and F is a 

nonlinear activation function. 

 

 
Fig. 5. a Recurrent Neural Networks [23] b Long Short-Term Memory [13] c 

Generative Adversarial Networks [24] 

 

Generative adversarial networks (GAN)  
 

The Generative Adversarial Network (GAN) is an example of a deep generative 

model that can be found in the area of deep learning. Good Fellow was the one 

who first presented the concept of the GAN in [23]. Generalized Approximation 

Neural Networks, or GANs, have the potential to generate synthetic pictures that 
are very accurate recreations of the originals. The GAN shown in Figure 5c 

requires concurrent training of two neural networks, namely the discriminator 

and the generator. The discriminator D is "tricked" by the generator G, which 

gives it data that is not only fake but statistically improbable as well. This is done 

in an effort to fool the discriminator D. According to reference [24], D and G 

participate in a two-player minimax game in which the cost function is (26). 
 

 
 

Use of deep learning in medical imaging 

X-ray image  

 

The diagnosis of lung and heart disorders, such as TB, atelectasis, consolidation, 

pleural effusion, pneumothorax, and hyper cardiac inflation, may often be made 
with the use of chest radiography. Because X-ray images are quicker to get, less 

expensive, and more dose-effective than images obtained using other imaging 

technologies, they are an excellent option for screening an entire population [24]. 

The DL approaches that were used in the analysis of the X-ray image are 

summarised in Table 3. S. Hwang et al. [27] presented the first deep convolutional 
neural network (CNN)-based tuberculosis screening system that made use of a 
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transfer learning approach. Modality-specific ensemble learning was suggested by 

Rajaraman et al. [29] as a method for the diagnosis of anomalies using chest X-

rays (CXRs). In order to reduce the amount of uncertainty associated with the 
prediction, these model projections are blended using a variety of ensemble 

methodologies. Class selective mapping of interest is a technique that is used in 

order to identify aberrant areas in CXR images (CRM). It was suggested by Loey et 

al. [90] that a GAN with deep transfer training might be used to recognise COVID-

19 in CXR photos. In light of the fact that the COVID-19 dataset could not be 

accessed, extra CXR pictures were produced by the GAN network. Waheed et al. 
[26] made the suggestion that a CovidGAN model based on the Auxiliary Classifier 

Generative Adversarial Network may be used to produce synthetic CXR pictures 

for the purpose of COVID-19 identification (ACGAN). In order to increase the size 

of the training dataset and enhance COVID-19 identification in CXR pictures, S. 

Rajaraman and S. Antani [22] developed a method known as weakly labelled data 
augmentation.  

 

Computerized tomography (CT)  

 

Images of a human body's cross-section may be created with the help of CT by 

combining the usage of computers with spinning X-ray equipment. A CT scan 
may disclose a wide variety of structures, ranging from soft tissues and arteries to 

bones and organs, depending on the area that is being examined. The CT scan is 

superior to other diagnostic procedures in that it provides a more complete 

picture and has a high detection efficiency; it is able to pick up even the smallest 

abnormalities. CT scans are often used for finding pulmonary nodules [93]. In 
order to arrive at an accurate diagnosis of lung cancer at an earlier stage, it is 

necessary to search for cancerous nodules in the lungs [22]. The most recent 

advancements in the use of deep learning to CT image processing. Deep 

Convolutional Neural Networks (CNN) was first suggested in 2016 by Li et al. [27] 

as a method for the identification of nodules with semisolid, solid, and ground-

glass opacities.  
 

In their study [5] Balagourouchetty et al. suggested employing a Google DeepMind 

Network known as an ensemble FCNet classifier in order to categorise liver 

disorders. The fundamental structure of Googlenet was altered in three different 

ways in order to make the process of feature extraction more user-friendly. For 
the identification and classification of lung nodules, Masood et al. [25] introduced 

the multidimensional Region-based Fully Convolutional Network (mRFCN), which 

has a classification accuracy of 97.91%. The greatest obstacle in lung nodule 

detection is the identification of micronodules, which are nodules smaller than 3 

millimetres in diameter, without sacrificing sensitivity or accuracy. DLA, which is 

based on supervised MSS U-Net and 3DU-Net, was suggested by Zhao and Zeng 
2019 [30] in order to autonomously partition kidney tumours and kidneys 

themselves from CT images. During the current pandemic, Fan et al. [25] and Li 

et al. [29] employed algorithms based on deep learning to determine whether or 

not COVID-19 was present in CT scans.  
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Mammograph (MG)  

 

When it comes to cancer, breast cancer is one of the most common causes of 

death amongst females. In the early stages of breast cancer diagnosis, magnetic 
resonance imaging (MRI) is considered the gold standard (MG). MG is a low-dose 

x-ray imaging approach that is used to view the architecture of the breast [30]. 

This method is used for the purpose of breast cancer detection. Mammography 

scans may miss some types of breast cancers like this one because tumours make 

up such a tiny portion of the total breast picture. In the process of analysing MG 

breast lesions, there are three steps: detection, segmentation, and classification 
[29]. There is also ongoing research being conducted in the field of automated 

categorization and early mass identification in MG. During the course of the last 

ten years, DLA has made great strides in improving its capacity to identify and 

categorise breast cancer. The most recent improvements made by DLA regarding 

mammography image analysis are shown in Table 5.  
 

According to Fonseca et al. [27], the ACR standard recommends using CNN for 

feature extraction for classifying breast composition. This recommendation is in 

accordance with what the researchers at Fonseca et al. A twelve-layer 

convolutional neural network (CNN) was presented by Wang et al. [21] as a 

method for the identification of Breast Arterial Calcifications (BACs) in 
mammography pictures for the purpose of determining the likelihood of coronary 

artery disease. Ribli et al. [24] created a computer-aided diagnosis (CAD) system 

that was based on Faster RCNN with the goal of automatically identifying and 

classifying benign and malignant lesions on mammography images. The authors 

of this study, Wu et al. [26], present a deep convolutional neural network (CNN) 
for the purpose of categorising breast cancer screening tests. More than a million 

mammogram photos were used throughout the CNN's training and evaluation 

processes. In order to differentiate between calcified and soft lesions in digital 

breast tomosynthesis (DBT) pictures, an artificial intelligence system that was 

created by Conant et al. [26] and was based on a Deep Convolutional Neural 

Network (CNN) was used. The fuzzy fully connected layer (FFCL) architecture was 
presented by Kang et al. [22]. This design incorporates fuzzy rules into 

conventional CNN in order to score semantic BI-RADS. The FFCL design that was 

proposed produced higher BI-RADS scores for both triple and multi-class 

classifications.  

 
Histopathology  

 

Histopathology is the examination of human tissue using a microscope that has a 

stage made of sliding glass. This method may be used to diagnose a wide range of 

malignancies, including those that affect the kidney, lung, and breast. 

Hematopathologists make use of staining to bring attention to a particular area of 
tissue and to facilitate a more thorough examination of that location [25]. In 

tissue that has been stained with hematoxylin and eosin (H&E), the nucleus 

comes out looking dark purple, while the surrounding components stay pink. For 

the greater part of a century, the H&E stain has been a significant factor in the 

diagnosis and grading of cancer, in addition to the identification of a broad variety 
of illnesses. Imaging in digital pathology is a practise that is considered to be 

cutting edge. Deep learning [28] is becoming a powerful tool for the analysis of 
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histopathological pictures, including the identification of nuclei, the classification 

of images, the segmentation of cells and tissues, and other similar tasks. The 

present development of deep learning in the subject of pathology is broken down 
and summarised using tables 6 and 7. The most recent breakthrough in the 

research on digital pathology image analysis is a technique known as whole slide 

imaging (WSI). With the use of WSI, one is able to get high-resolution digital 

pictures of stained tissue sections mounted on glass slides. The difficulties 

associated with analysing multi-gigabyte WSI pictures for the purpose of 

developing deep learning models were investigated by Dimitriou et al. [30]. A. 
Serag et al. [25] provide an overview of a variety of public "Grand Challenges" and 

highlight breakthroughs in computational pathology that are based on DLA. 

 

Limitations and challenges  

 
In spite of these challenges, the use of deep learning algorithms to medical 

imaging looks to hold considerable promise. The diversity in data (resolution, 

contrast, and signal-to-noise) that is produced as a result of clinical practise 

procedures is one of the challenges that must be overcome in order to use DL in 

the analysis of medical images [23]. Another issue that arises with medical image 

analysis is the lack of standardised procedures for the acquisition of medical 
images. The application of deep learning in medical image analysis requires the 

preceding step of having medical images that have been annotated. The 

fundamental issue is a lack of data, and in comparison, to sharing data from 

other datasets, medical data sharing presents a significant challenge. It is 

necessary to do research on the social as well as the technical elements of 
medical data privacy. The creation of DLA calls for a significant quantity of data 

that has been annotated. A further significant obstacle is the annotation of 

medical photographs.  

 

Radiologists are the most qualified professionals to do the specialised duty of 

labelling medical pictures. The accurate annotation of medical data is thus a 
time-consuming process. The problem of "few labelled data" may be circumvented 

by using semi-supervised learning in conjunction with a large amount of 

unlabeled data as a potential solution. The problem of "data scarcity" may also be 

circumvented through the creation of learning algorithms that make much less 

use of the available data. In spite of the fact that DL technology has achieved a 
great deal of success, it is still subject to a number of limitations and challenges 

in the medical sector. It is unknown at this time whether or not using DL in the 

healthcare industry will result in cost savings, an increase in productivity, and 

happy patients. Nevertheless, it is essential for the success of clinical studies to 

provide evidence that deep learning algorithms are effective and to establish 

criteria for their use in the processing of medical images.  
 

Conclusion and future directions  

 

The information obtained from medical imaging is used to guide clinical decision-

making. This article presents a summary of the most recent developments that 
have been made in the algorithms and methodologies used in deep learning. A few 

goals will be accomplished at the end of this short introduction to DLA for medical 

image analysis. The first part of this guide will provide an introduction of deep 
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learning and the principles that underlie it. The second objective is to provide an 

overview of the DLA-based medical image analysis sector at a high level. The 

procedure started in the 1940s with the construction of the very first neural 

network, and it is still going on today with the production of DL algorithms that 
might have potential uses in the medical field. The initial approaches that are 

going to be described are both supervised and unsupervised deep learning 

methods. These methods include auto-encoders, recurrent, CNN, and limited 

Boltzmann machines.  

 

This article covers a variety of different optimization frameworks and approaches, 
including but not limited to Caffe, TensorFlow, Theano, and PyTorch. After that, 

the deep learning algorithms that were determined to be the most effective were 

analysed for the possible applications they may have in medical picture 

segmentation, detection, and classification. In the research that has been done, 

applications of RBM networks in medical image processing have only sometimes 
been discussed. CNN-based models have demonstrated to be useful in a variety of 

contexts, including classification and detection tasks. There are many different 

therapies available today for a wide range of ailments. However, there are still a 

lot of obstacles to overcome in the field of medical image processing, and the only 

way to do it is with the assistance of deep learning. In spite of the fact that deep 

learning is increasingly shifting toward unsupervised and semi-supervised 
learning to deal with real-world data without the requirement for manual human 

labelling, many current DL implementations still rely on supervised approaches. 

This is because supervised approaches are easier to implement. 
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The healthcare industry is under enormous pressure to deliver high-quality care 

and healthcare services as the world's population continues to grow. People now 

more than ever want smart healthcare services, programmers, and wearable’s 
that will improve their quality of life and increase their lifespan. The healthcare 

industry has consistently been one of the biggest supporters of cutting-edge 

technology, and machine learning and artificial intelligence are no exception. 

Similar to how ML and DL quickly impacted the commercial and e-commerce 

sectors, they also discovered a wide range of applications in the healthcare sector. 

In fact, Machine Learning and Deep Learning have come to play a crucial role in 
the field of healthcare, from enhancing the delivery system of healthcare services, 

reducing costs, and handling patient data to the development of novel treatment 

methods and drugs, remote monitoring, and so much more. 

 

The potential for Machine Learning and Deep Learning applications to join the 
biomedical and healthcare industries is growing as a result of the need for "better" 

healthcare services. Healthcare is not exempt from the effects that ML, and DL 

are having on today's world. Additionally, the need for incorporating artificial 

intelligence and machine learning into the healthcare sector's design is made all 

the more pressing by the fact that the sector's data burden is growing at a rapid 

rate (due to the rising incidence of diseases and the world's population). The 
potential applications of artificial intelligence and machine learning are limitless. 

AI & ML are advancing applications that are improving the healthcare sector. 

 

The developments and applications of artificial intelligence and machine learning 

in biomedicine and healthcare are covered in this Special Issue. The integration of 
computer science, life science, healthcare, and statistical concepts into statistical 

models using current data, finding patterns in data to extract the information, 

and forecasting changes and diseases based on this data and models will all be 

covered. The practical uses of artificial intelligence and machine learning for 

disease diagnosis and management will be covered in this SI. In addition, the 

impact of AI and machine learning will be discussed in relation to conditions 
including diabetes, cancer, mycobacterium TB, Covid-19, and others. Using 

machine learning and artificial intelligence, this SI will serve as working examples 

of how various types of biological and healthcare data may be used to create 

models and forecast diseases. With concrete examples, this SI will also discuss 

transfer learning, personalized medicine, and precision medicine. The use of 
machine learning and artificial intelligence for disease visualization, prediction, 

detection, and diagnosis will also be covered. Programmers, medical 

professionals, and researchers who are interested in learning about the uses of AI 

and ML in biomedical and healthcare informatics will find this to be a useful 

resource. 


