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Abstract 

In recent years, synthetic data generation techniques have shown great potential in generating realistic data. In healthcare, 

synthetic data can help address many challenges, including privacy concerns, improving accessibility of training datasets, 

and reducing bias. This study explores different synthetic image generation techniques by reviewing high-quality peer-

reviewed articles. These articles are chosen based on our devised inclusion and exclusion criteria. The generation 

techniques mainly consist of Generative Adversarial Network (GAN) and its variants, followed by Variational 

Autoencoders (VAEs), diffusion models and 3D simulation. The study findings show that synthetic data can enhance the 

performance of AI models by improving the quality of existing datasets. However, there are still some limitations, such 

as unstable training, mode collapse, lack of effective evaluation metrics and explainability and high computational cost, 

that need to be addressed to unlock the full potential of generative models. 
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Introduction 

In the current digital era, Artificial Intelligence (AI) can 

enhance the provision of healthcare and other services 

that promote human health and well-being. AI can help 

to enhance disease diagnosis, develop personalised 

healthcare systems, and aid clinicians in decision-

making (Price 2019). AI algorithms are trained on large 

datasets to learn hidden patterns from real-world 

instances, based on which they make informed decisions 

(Alowais et al. 2023). In healthcare, most disease 

diagnoses are typically made by manually examining 

patient reports or scans. This process is tedious, time-

consuming, and prone to human error (Saba 2020). AI, 

with its abilities to process large amounts of data, can be 

used to automate clinical tasks that enable rapid disease 

diagnosis, efficient treatment delivery, and help reduce 

healthcare costs as well (Kumar et al., 2022). 

Despite all these advancements, AI algorithms still have 

some limitations, including the lack of generalisability, 

such that models trained on a specific dataset might not 

perform the same way in different conditions or when 

used on other datasets, and the issue of privacy 

preservation, especially when dealing with healthcare 

data (Team, 2024). Also, patient data is highly sensitive 

in nature, due to which different regulations, including 

the General Data Protection Regulation (GDPR) and 

Health Insurance Portability and Accountability Act 

(HIPAA), prohibit the sharing of such information to 

protect the privacy of patients and medical information. 

While such protections are necessary, these measures 

may lead to medical data scarcity by making data 

inaccessible (Sufi 2024). Therefore, the available real-

world medical datasets are usually small in size or 

imbalanced, i.e., they do not well represent different 

classes, ethnicities, genders, and races (Hameed et al. 

2024, Mehmood Qureshi et al. 2024). AI models trained 

on such datasets will inherit and replicate those 

shortcomings in their decisions (Mehrabi et al. 2021). 

These models usually favour the majority group or class 

and provide ill-suited recommendations for minority or 

the least represented groups (Qureshi et al. 2026).  

Since real-world medical data is scarce and not readily 

available to the large research community, one solution 

to this problem is the generation of synthetic or artificial 

data (Ali et al. 2023, Mittermaier et al. 2023). Synthetic 

data generation can be defined as the generation of 

artificial data that is statistically similar to real-world 

data (Hradec et al. 2022). As synthetic data is generated, 

it minimises the risk of revealing sensitive information 

(Hradec et al. 2022). Also, it increases the data volume, 

improves data accessibility, and introduces diversity in 

the datasets (Pezoulas et al. 2024). 

Motivation 

The inclusion of AI in the health industry can help in 

various clinical activities, including disease diagnosis, 

treatment planning, drug discovery, and many more 

(Hajizadeh, 2024). To build effective AI models, large 

training datasets that are well-represented of all possible 

scenarios, groups, and communities are required (Ashik 

et al. 2024). As large and diverse medical datasets are 

not easily accessible, synthetic data generation provides 

a potential solution to mitigate imbalance, increase data 

volume, and introduce diversity in the existing datasets 

(Hameed et al. 2024). Most disease diagnoses in the 

medical field are made by analysing a broad spectrum 

of medical imaging, such as Computed Tomography 

(CT), ultrasound, and Magnetic Resonance Imaging 
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(MRI), etc (Aamir et al. 2024). Therefore, this paper 

explores different synthetic image generation 

techniques, highlighting opportunities and challenges. 

The formulated hypothesis and related research 

questions are as follows: 

Hypothesis: Synthetic data can help improve medical 

image datasets by generating samples that enhance 

diversity, address imbalances, and increase dataset 

volume. 

RQ1: What are the different techniques used to generate 

synthetic medical images? 

RQ2: What are the challenges of the techniques used to 

generate synthetic data? 

Search Methodology 

To identify recent research articles in the field of 

synthetic medical image generation, we searched 

various databases, including Science Direct, 

IEEEXplore, Google Scholar, ACM Digital Library, 

and Springer. To query these databases, we formulated 

the following research query that consists of keywords: 

((Synthetic OR Artificial) AND (Artificial Intelligence 

OR Deep Learning OR Machine Learning) AND (image 

OR scans OR medical image)). To identify recent and 

relevant studies, we devised the following inclusion and 

exclusion criteria. 

Inclusion Criteria 

• Research articles that discuss synthetic image 

generation or synthetic data employed in the medical 

field. 

• Research studies published between 2021 and 2025. 

• Research articles published in journals, conferences, 

or proceedings and written in English were included. 

Exclusion Criteria 

• Research studies that are not peer-reviewed or are 

not relevant to our formulated research questions. 

The initial searches result in 2,360,000 articles. After 

applying inclusion and exclusion criteria, the number 

was reduced to 18,100 papers. Based on the title and 

abstract relevancy, we selected 56 articles. 

Finally, 17 research articles were selected after being 

thoroughly assessed through full article reading. 

Figure 1 shows the distribution of the selected research 

articles over the years. 

Synthetic Medical Image Generation 

Table 1 shows an overview of different synthetic image 

data generation techniques, the dataset used, and the 

evaluation metrics used in selected studies. Deep 

Learning (DL) models are the most commonly used 

techniques, with a large number of Generative 

Adversarial Networks (GANs) and their proposed 

variants. 

Techniques for Synthetic Image Generation 

With the improved computational capabilities, DL 

architectures with their deep neural networks have 

transformed image processing and computer vision  

 

Figure 1. Distribution of selected articles over the 

years 

industry (Zulfiqar et al. 2024). These deep architectures 

have significantly improved the image generation 

capabilities of the computer, which are helpful to 

mitigate imbalances and increase the volume of datasets 

used for AI model training.  

This section discusses the synthetic data generation 

techniques in detail. To enhance readability, we have 

organised these techniques into two subsections: the 

first focuses on Generative Adversarial Network (GAN) 

and its variants, followed by a second subsection 

covering other approaches. 

Generative Adversarial Networks (GANs) 

GANs are most commonly used for synthetic image data 

generation. A GAN architecture consists of two neural 

network architectures: the generator and the 

discriminator, as shown in Figure 2. The generator is 

responsible for generating synthetic data that looks real, 

and the discriminator tries to identify if the image is real 

or synthetic. These two models are trained to reduce the 

difference between generated and real data (Goodfellow 

et al. 2014). 

 
Figure 2. Architecture of GANs. (Source: Alqahtani 

et al., 2021) 
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To improve the quality of image data generated by GAN 

and to overcome limitations such as vanishing gradients, 

sensitivity to hyperparameters, mode collapse, and 

training instability, various variants of GAN have been 

proposed in the literature. Some of these recent variants 

are discussed in detail below: 

 

Table 1. Overview of synthetic image generation techniques, dataset, and evaluation metrics used in selected studies

Ref Technique Dataset Evaluation Metrics 

(Thambawita 

et al. 2022) 
SinGAN-Seg Pipeline HyperKvasir dataset 

Frechet Inception Distance 

(FID), Intersection over Union 

(IoU), Accuracy, Recall  

(Skandarani 

et al. 2023) 

GANs, Deep Convolutional GAN 

(DCGAN), Least Squares GAN 

(LSGAN), Wasserstein GAN 

(WGAN), Geometric GAN, 

Spatially Adaptive Denormalisation 

GAN (SPADE GAN), Style-Based 

GAN (StyleGAN) 

Automated Cardiac Diagnosis 

Challenge (ACDC), Segmentation 

of the Liver Competition 2007 

(SLiver07) and Indian Diabetic 

Retinopathy Image Dataset 

(IDRID)  

FID, Dice 

(Diamantis 

et al. 2022) 
Variational Autoencoders (VAE) KID Dataset Area Under Curve (AUC) 

(Vadisetty et 

al. 2024) 
Pix2Pix and GANs 

Montgomery County X-ray 

dataset and Shenzhen Chest X-ray 

Database  

Accuracy, Precision, Recall, F1-

score, DiceCoefficient  

(Heenaye-

Mamode 

Khan et al. 

2022) 

DCGAN 

PH2, Interactive Atlas of 

Dermoscopy and DermNet 

dataset 

Accuracy, Precision 

(Ali et al. 

2024) 
DCGAN 

Microscopic biomedical cell 

images of the cervical cancer 

dataset 

Accuracy, Recall, F1 Score, 

Precision, Mean Squared Error 

(MSE) 

(Pozzi et al. 

2024) 
GANs and diffusion models 

GenotypeTissue Expression 

(GTEx) dataset 

FID, Inception Score (IS), 

Precision, Recall, Density 

Coverage, IL-NIQE no 

reference image quality 

assessment method 

(Hamghalam 

and Simpson 

2024) 

Enhancement GAN (EnhGAN) 

based on Conditional GAN (cGAN) 
BraTS 2018 dataset 

DICE Score, sensitivity, 

accuracy 

SinGAN-seg 

SinGAN-Seg is a GAN variant that generates synthetic 

images and their segmentation mask, which is a pixel 

map that shows anatomical regions of the image with 

only a single training image. SinGAN-seg helps 

improve performance when only limited data is 

available, unlike traditional GANs, which need large 

datasets for training. It usually takes a single image as 

input, learns its internal distribution, including textures, 

scale, shape, and structures, and then generates new 

variations with changes in distribution (Thambawita et 

al.,2022).  

A study by (Thambawita et al. 2022) is focused on 

SinGAN-seg, which was trained on the Hyperkvasir 

dataset. This dataset consists of endoscopic images of 

the gastrointestinal tract and their polyp segmentation 

masks. The results showed that the accuracy score on 

generated data is very close to that trained on real data. 

However, the data generated by this technique is not 

diverse since it uses one image to generate synthetic 

data. 

DCGAN 

Deep Convolutional GAN (DCGAN) uses 

convolutional layers to improve the image generation 

process. A random noise with n dimensions is given as 

input to the generator, which is passed through 

convolutional layers, increasing the spatial resolution 

until a fake image is generated. The generated image is 

then passed onto a discriminator, which also consists of 

convolutional layers, to label it as real or a fake image 
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(Heenaye-Mamode Khan et al. 2022). DCGAN can 

generate high-quality images compared to traditional 

GANs (Ali et al. 2024). 

The study (Vipul Arya and Sathya 2025) has employed 

DCGAN to generate synthetic images trained on a 

dataset named Coronary CT Angiography, which 

consists of coronary artery images of 500 patients, 250 

patients of positive cases and 250 patients of negative 

cases. A pretrained model called MobileNet was used 

for classifications. The original and synthetic data are 

divided into six subsets: Full Data Negative (FDN), Full 

Data Positive (FDP), High-Confidence Data Negative 

(HCDN), High-Confidence Data Positive (HCDP), 

Low-Confidence Data Negative (LCDN), and Low-

Confidence Data Positive (LCDP). The DCGAN model 

achieved a maximum accuracy of 92% and FID scores 

as low as 7.8, especially in FDN and FDP. The low 

confidence dataset gave a low accuracy of 79% with an 

FID of 25.2 for LCDP. DCGAN helps in preserving the 

properties of real images. However, this technique is 

computationally very expensive, as it takes about 4 to 7 

hours for training. 

In another study by (Heenaye-Mamode Khan et al. 

2022) DCGAN was used to address the limitation of the 

inaccessibility of annotated data sets in dermatology. 

They used a dataset of 13,650 images to classify 15 

types of skin diseases, utilizing both labelled and 

unlabelled images. DCGAN uses the generator and 

discriminator with 4 convolutional layers in each. The 

DCGAN outperforms the traditional data augmentation 

method by achieving an accuracy score of 92.3% on 

labelled data and 91.1% on unlabelled data. DCGAN 

shows promising results in the classification of skin 

conditions; however, it lacks expert validation of the 

model. 

cGAN 

Conditional GAN or cGAN is a variant of GAN in 

which the discriminator and generator are conditioned 

on some information, such as a class label. In cGAN, 

random noise, along with the condition, is given as input 

to the generator. The synthetic images will be generated 

based on labels and conditions. These generated images 

are passed onto the discriminator trained on real images 

and their corresponding labels that classify the newly 

generated images as real or fake. cGAN is one of the 

best among basic GAN architectures because it can 

learn specific features from the input data via 

conditional information that improves the feature details 

in generation (Makhlouf et al. 2023). 

The study (Waisberg et al. 2025) have reviewed 

generative AI techniques in ophthalmology. While 

discussing the utility of cGAN, the study reported the 

use of cGAN for the generation of retinal fundus images 

(images of the interior surface of the eye) to train a Deep 

CNN algorithm for the diagnosis of exudate in retinal 

fundus images. The results show an improvement in 

model generalisation and network robustness when 

trained on synthetic data. Another study investigates the 

potential of cGANs in the generation of synthetic 

images. Based on cGAN, two new models named 

Enhancement and Segmentation GAN (ESGAN) and 

Enhancement GAN (EnhGAN) are proposed. In 

ESGAN, classifier loss is combined with adversarial 

loss to predict input patch labels, and EnhGAN is used 

to generate high-contrast images. ESGAN and EnhGAN 

are tested on publicly available BraTS 2013 and 2018 

datasets, consisting of 3D Brain MRI scans. The results 

showed that the use of synthetic data improved the 

segmentation performance as compared to other state-

of-the-art techniques (Hamghalam and Simpson 2024). 

Pix2pix 

Pix2pix is another variant of the cGAN designed for 

image-to-image translation. Like cGAN, Pix2pix output 

is also conditioned on an input image. This technique 

has demonstrated capabilities on a variety of image-to-

image translation tasks, such as converting maps to 

satellite images and changing black and white images 

into coloured ones, etc (Brownlee, 2021). A study by 

(Vadisetty et al. 2024) used Pix2Pix for the 

segmentation of pulmonary abnormalities using chest 

X-rays. They used the Montgomery dataset for model 

training, and then the Shenzhen dataset was used for 

validation. Different data augmentation techniques, 

such as rotation, shifting, shearing, and horizontal 

flipping, were used to introduce diversity in the dataset. 

The model achieved an accuracy score of 95.87% on the 

Shenzhen dataset, outperforming other techniques. 

SPADE GAN 

Spatially Adaptive Denormalisation GAN (SPADE 

GAN) is an improved variant of the pix2pix technique, 

which is specifically developed for semantic image 

synthesis. The most important part of SPADE GAN is 

the use of SPADE layers, which are conditional 

normalisation layers that propagate semantic 

information throughout the network. The results from 

SPADE GAN show that the proposed technique 

produced high-quality images that better preserve 

semantic information (Park et al. 2019). Moreover, the 

comparison of different GAN variants for generating 

synthetic images shows that the output from SPADE 

GAN was comparable to real-world images; however, 

the training time is very long, such that it can take up to 

10 days per dataset (Skandarani et al., 2023). 

StyleGAN 
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StyleGAN is designed to offer a more controlled image 

generation process. The generator of StyleGAN 

includes an Adaptive Instance Normalisation (AdaIN) 

block. It uses an 8-layer Multi-Layer Perceptron (MLP) 

mapping function on the input latent vector, and the 

noise is injected at every level of the network. The 

generated image quality improved considerably (Karras 

et al. 2019). The comparison of Style GAN, as 

demonstrated by (Skandarani et al., 2023) shows that 

synthetic images generated by Style GAN were visually 

very similar to the original dataset, such that the 

accuracy of manual classification performed by experts 

to differentiate real and generated images was recorded 

to be 60%. However, StyleGAN has a long training 

time; it can take up to 30 days to train on a dataset. 

LSGAN 

Least Squares GAN (LSGANs) are a variant of GAN 

that can generate better quality images as compared to 

traditional GANs and has stable performance during the 

learning process. The difference between LSGAN and a 

traditional GAN is that in a traditional GAN, the 

discriminator uses a sigmoid cross-entropy loss, which 

suffers from the problem of vanishing gradients, which 

makes the learning process of the model very slow, and 

it also prevents the model from improving its 

performance. LSGAN addresses this issue by using a 

least squares loss function, which makes the learning 

process more stable and generates high-quality outputs 

(Mao et al. 2017). In a study, LSGAN is used to generate 

synthetic images trained and tested on three datasets: 

ACDC, a cardiac cine-MRI; IDRiD, a retinal fundus 

image dataset; and SLiver07, a liver CT dataset. After 

training, the model generated 10,000 synthetic images 

for each dataset; these synthetic images were used to 

train a U-Net to evaluate the semantic segmentation. 

The results showed that LSGAN was much more 

sensitive to hyperparameters and did not perform well 

when compared to StyleGAN and SPADEGAN, despite 

intensive hyperparameter tuning (Skandarani et al., 

2023). 

WGAN 

Wasserstein GAN (WGAN) is developed to improve 

model learning stability, hyperparameter searches, and 

vanishing gradients etc. The loss function of traditional 

GANs uses the Jensen-Shannon divergence, which 

results in unreliable gradients when the real and 

generated data lie on low-dimensional manifolds. 

WGAN overcame this issue by replacing the Jensen-

Shannon divergence with the Wasserstein Earth Mover 

distance, thus reducing mode collapse and stabilising 

the learning process (Arjovsky et al. 2017). The 

comparison of GAN variants by training them on 3 

datasets shows that WGAN has more stable and 

consistent training than LSGAN; however, it is still not 

considered as very effective compared to advanced 

models (Skandarani et al. 2023). 

Geometric GAN 

The Geometric GAN is another variant of GAN that 

aims to ease the optimisation process by converging to 

the Nash equilibrium between the generator and 

discriminator. It divides the GAN training into three 

geometric steps, i.e., separating SVM hyperplane 

search, discriminator parameter update, and generator 

update. The discriminator learns how to separate real 

and generated images using a separating hyperplane 

with a maximal margin between classes. The generator 

then learns to generate data that looks similar to the real 

distribution. The mode collapse reduces with the 

Geometric GAN, and the training becomes more stable 

(Lim and Ye 2017, Skandarani et al. 2023).  

Other Techniques 

Variational Autoencoders (VAEs) 

Variational Autoencoders (VAEs), as shown in Figure 

3, are also a DL technique for generating synthetic data. 

The architecture of VAEs consists of an encoder and 

decoder. The encoders map the input data into a latent 

space, a compressed representation of data, producing 

mean and standard deviation vectors. The decoder 

reconstructs a synthetic image by decoding the latent 

space (Huang et al. 2018, Diamantis et al. 2022). The 

training of VAEs is fast due to backpropagation 

(Doersch 2016). 

 

Figure 3. Architecture of VAEs. (Source: Wang, 

2024). 

In a study by (Diamantis et al. 2022) VAEs are used to 

generate endoscopic images called Endoscopic VAE 

(EndoVAE). This study aims to use synthetic images as 

a substitute for real images in order to preserve privacy. 

To generate synthetic images, a publicly available KID 

dataset consisting of 2371 images of different parts of 

the gastrointestinal tract, with 728 normal cases and 227 

abnormal cases, is used. To assess the generated images, 

a classifier is trained on both generated and real images. 

The classifier achieved an Area Under Curve (AUC) of 

81.9% on synthetic images, comparable to the AUC of 

90.9% achieved on real images. This technique 

surpassed GAN, which has achieved an AUC score of 

79.2%. However, the quality of the generated image is 
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compromised due to blurriness and lower resolution, 

and colour inconsistency. 

Diffusion Models 

Diffusion models are generative models inspired by 

non-equilibrium thermodynamics. Diffusion models 

consist of two steps. In the first step, noise is gradually 

added to the input data, and then the model learns to 

eliminate the noise, generating synthetic data starting 

from noisy inputs (Pozzi et al. 2024). A study by (Pozzi 

et al., 2024) focused on diffusion models and, more 

particularly, the Denoising Diffusion Probabilistic 

Model (DDPM). In this study, the author used 648 

whole slide images from the Genotype Tissue 

Expression (GTEx) dataset. The diffusion model was 

trained in 215,000 steps, and it generated 3,001 

synthetic images per tissue. Diffusion models take 

longer to generate synthetic images as compared to 

GAN architectures. 

3D Simulation Tools 

3D simulation tools are used to generate synthetic data 

by creating virtual objects that try to represent or mimic 

real-world scenarios. These tools enable the simulation 

of difficult scenarios in the real world. They are broadly 

used in computer vision and medical imaging, where 

real data is not easily accessible and is expensive to 

acquire. In the medical field, 3D simulation tools create 

accurate 3D models of organs and body parts, as well as 

scans (Abufadda & Mansour, 2021). 

The study (Abufadda and Mansour 2021) discussed a 

3D model to create high-quality synthetic endoscopic 

images of different parts of the digestive system. These 

simulations were built using Unity software. Another 

open-source software named SOFA was used to 

simulate aberration and distortion using cinematic tools 

to test medical simulation. The result shows that 

synthetic images increased the performance of the 

model. 

Discussion 

The findings from the literature review suggest that 

synthetic image generation techniques can produce 

images that look similar to real-world data. The 

performance of the classifiers improved when synthetic 

data was used in conjunction with real data, and the 

evaluation metric scores remained comparable even 

when real-world data was entirely replaced with 

synthetic data (Diamantis et al. 2022, Heenaye-Mamode 

Khan et al. 2022). Therefore, we fail to reject our 

hypothesis stating that synthetic data can help improve 

medical image datasets by generating samples that 

enhance diversity, address imbalances, and increase 

dataset volume. The corresponding research questions 

are answered below: 

RQ1. What are the different techniques used to generate 

synthetic medical images? 

DL techniques have progressed rapidly in the field of 

artificial data generation. Different image generation 

techniques are discussed in this paper. GAN is one of 

the most commonly used techniques. There are various 

variants of GAN proposed in the literature to optimise 

the working of traditional GAN architecture to improve 

the quality of generated data. These variants include 

SinGAN-seg (Thambawita et al. 2022), DCGAN 

(Heenaye-Mamode Khan et al. 2022), cGAN, LSGAN, 

Geometric GAN and WGAN. Apart from GANs, 

Variational Autoencoders (VAEs) are another DL 

technique that mainly consists of an encoder and 

decoder to generate synthetic data. Furthermore, 

diffusion models generate synthetic data by adding 

noise to input data and then reversing the process. 3D 

simulation tools are also used to generate 3D 

simulations of images using different software. 

RQ2. What are the challenges of the techniques used to 

generate synthetic data? 

There are several limitations of data generation 

techniques discussed below: 

Lack of effective evaluation metrics: All these 

techniques employed different evaluation metrics, 

which shows the absence of effective metrics that make 

the performance comparison of different generative 

models difficult (Rujas et al. 2025). Also, the existing 

metrics do not capture visual quality, which is usually 

evaluated manually by human experts (Ali et al. 2025). 

Lack of Explainability: DL architectures consist of 

neural networks that lack explainability, and medical 

domain experts find it very difficult to understand the 

output of models and how the data is being generated. 

Mode Collapse: Another limitation highlighted most 

often is the mode collapse, where the generator ignores 

the data distribution and can only produce limited 

outputs, which decreases the model’s performance as 

well as diversity in the dataset (Chen et al. 2022, 

Kapania et al. 2025). 

Training Instability: Due to the adversarial nature of 

GAN, the stable convergence of the model is a 

challenging task. 

Limited training datasets: One of the key challenges in 

the field of synthetic image generation is the small size 

of datasets used for training models. Low-quality 

training images depreciate the performance of the 
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model, which may lead to poor generalisation and 

biased models (Altalib et al., 2025b). 

High computational cost: The computational cost of DL 

techniques is very high. For example, SPADE GAN 

take days for its training (Skandarani et al. 2023). Other 

than intensive computational resource requirements, 

they also generate excessive heat, which is harmful to 

the environment. 

Conclusion & future work 
This paper reviews synthetic image generation 

techniques, particularly focusing on the medical 

domain. For this purpose, we have searched different 

databases. A total of 17 articles are reviewed for their 

technique, dataset, evaluation metric, and limitations. 

The findings of the review show that synthetic data 

generation techniques have the capability to generate 

realistic data that improves the quality of existing 

datasets as well performance of the AI models trained 

on them. GAN is the most commonly used DL 

technique. There are various variants of GAN proposed 

in the literature to address the limitations of the 

traditional GAN. Other than that, VAE, diffusion 

models and 3D simulation are also used for medical 

image generation. The limitations of these techniques 

include limited training datasets, model collapse, 

vanishing gradient, lack of explainability and training 

instability of DL architectures. Efforts are underway to 

address these challenges to fully realise the potential of 

AI in the healthcare domain. In future, we will extend 

our review to other databases to increase the scope of 

this study. Also, we will include synthetic data 

generation techniques for other data modalities to 

provide broader coverage and enhance the findings of 

this study. 
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