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Abstract: This extensive examination delves into the dynamic field of Al-driven medical image generation, highlighting the diverse
applications of various Generative Adversarial Networks (GANs). As artificial intelligence increasingly integrates into the healthcare
sector, the synthesis of artificial medical images has emerged as a pivotal area of study, offering significant prospects for enhanced
diagnostics, training, and data augmentation. This burgeoning field presents its own set of challenges, including the necessity for
high fidelity, diversity, and interpretability in the generated images. The study involves a comprehensive analysis and comparison of
different GAN architectures employed in medical image generation, exploring their individual strengths and limitations and
providing a nuanced understanding of their capabilities and constraints. Additionally, the review elucidates the distinctive challenges
posed by medical image synthesis, such as the need for images that accurately represent complex medical conditions while
maintaining high quality and clinical relevance. It suggests avenues for refinement, such as improving training datasets and
developing more sophisticated GAN models to enhance the quality and applicability of generated images. By offering a clearer
picture of the status, progress, and future trajectories of Al-powered medical image generation, this review aspires to contribute to
the broader discussion on the convergence of artificial intelligence and healthcare, underscoring the potential of GANs to
revolutionize medical imaging while acknowledging the technical and ethical considerations that must be addressed to fully realize
this potential.
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Figure 1. Process of GAN[1]

Intelligence (AI), specifically the integration of
Generative Adversarial Networks (GANSs), has marked a
transformative shift in the landscape of medical image
generation [3]. Machine learning algorithms, particularly
Generative Adversarial Networks (GANs), showcase
notable proficiency in producing lifelike and high-quality
medical images, holding considerable promise for Iustrated in Figure 1, Generative Adversarial
improving diagnostic precision and advancing medical  Networks (GANs) have become a potent force in the
research [4,7]. This review centers on the latest  Jomain of medical image synthesis. Comprising a
progressions and implementations of  Al-boosted generator and discriminator, these Al models engage in
techniques for generating medical images through GANs,  competitive learning, culminating in the creation of
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exceptionally realistic images [8,12]. In the realm of
medical imaging, GANs prove invaluable for generating
synthetic images closely mirroring actual patient data,
overcoming challenges related to data scarcity and privacy
concerns. The capability of GANs to produce diverse and
representative medical images not only facilitates
enhanced machine learning algorithm training but also
holds the potential to revolutionize the construction of
image datasets for various medical conditions.

The utility of GANs in medical image generation
extends beyond addressing data limitations [14,16].
These Al-boosted methods exhibit promise in
augmenting training datasets, thereby bolstering the
resilience and generalization of deep learning models in
medical image analysis. Furthermore, GANs play a
pivotal role in generating authentic pathological images,
empowering researchers, and clinicians to explore and
comprehend variations in disease manifestations [22,27].
This capability proves particularly beneficial in training
healthcare professionals, refining diagnostic criteria, and
devising targeted treatment strategies. As GANs continue
evolving, the integration of Al-generated medical images
into clinical workflows holds the potential to redefine
diagnostic paradigms and enhance patient outcomes
[28,30].

Despite the significant strides made, challenges and
ethical considerations persist in the use of GANs for
medical 1image generation. Issues such as the
interpretability of generated images, potential biases in
training data, and the necessity for standardized
evaluation metrics require attention to ensure the
responsible and reliable deployment of these technologies
in clinical settings [32,34]. This review critically assesses
the current landscape of Al-enhanced medical image
generation methods using GANSs, emphasizing their
transformative potential, ongoing challenges, and the
ethical considerations accompanying their integration into
healthcare practices. Through a comprehensive analysis,
this paper aims to contribute to understanding the present
state of the field and spotlight avenues for future research
and development in Al-driven medical imaging.

2. LITERATURE REVIEW

The reviewed literature presents a comprehensive
exploration of Generative Adversarial Networks (GANs)
in the context of medical image augmentation and
synthesis. Xu et al.'s study introduces a cross-domain
attention-guided generative data augmentation approach
to address the challenges posed by limited medical
datasets, emphasizing the role of attention mechanisms in
improving image synthesis for medical applications [1].
Zhang et al's work focuses on GAN-based one-
dimensional medical data augmentation, demonstrating
the versatility of GANs beyond traditional image data and

their potential to enhance machine learning model
performance [2]. In the realm of endoscopic image
classification, Park et al. propose a data augmentation
technique based on GANSs, showcasing their application to
improve the classification accuracy of endoscopic
images [3].

Liang and Huang introduce an adaptive cycle-
consistent adversarial network for malaria blood cell
image synthetization, contributing to the generation of
realistic pathological images for enhanced training and
diagnostic purposes [4]. Ma et al. combine a Deep
Convolutional GAN (DC-GAN) with ResNet for blood
cell image classification, highlighting the synergy
between  different  architectures for  improved
classification accuracy [5]. Zhao et al. present an
Attention Residual Network for white blood cell
classification, incorporating Wasserstein GAN data
augmentation to enhance the robustness of the
classification model [6].

In the domain of medical imaging beyond blood cells,
Wu and Tian propose an adaptive GAN for cardiac
segmentation  from  X-ray chest radiographs,
demonstrating the potential of GANs in segmentation
tasks [7]. Fujioka et al. focus on breast ultrasound
imaging, employing GANs for efficient anomaly
detection, showcasing the significance of GANSs in
improving diagnostic capabilities [8]. Zaman et al.
leverage GANs for data augmentation in bone surface
segmentation from ultrasound images, illustrating their
utility in enhancing the performance of segmentation
algorithms [9].

Further emphasizing the relevance of GANs in
medical imaging, Zhuang et al. present an RDAU-NET
model for lesion segmentation in breast ultrasound
images, highlighting the role of GANs in accurate
segmentation tasks [10]. Negi et al. introduce RDA-
UNET-WGAN, an approach for breast ultrasound lesion
segmentation, further emphasizing the use of Wasserstein
GANs for improved segmentation accuracy [11].
Mabhapatra et al. contribute to image super-resolution
using progressive GANs for medical image analysis,
showcasing the potential of GANs in enhancing image
quality [12].

Moving towards medical image translation, Karim et
al. propose MedGAN, a model specifically designed for
medical image translation using GANs, emphasizing the
importance of tailored solutions for medical applications
[13]. Yang et al. present a Structure-Constrained
CycleGAN for unpaired brain MR-to-CT synthesis,
showcasing GANs' ability to bridge the gap between
different imaging modalities [14].

The literature also covers the broader spectrum of
data augmentation using GANSs. Shijie et al. investigate
data augmentation for image classification based on
Convolutional Neural Networks (CNNs), showcasing the
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potential of GANSs in enhancing the diversity of training
datasets [15]. Poka and Szemenyei delve into data
augmentation powered by GANs, emphasizing their
utility in generating synthetic data for improved model
generalization [16]. Similarly, Yorioka et al. and Nishant
et al. explore data augmentation for deep learning using
GAN:Ss, underscoring their role in augmenting datasets for
improved model training [17, 18].

In the domain of pathology image analysis, Frid-Adar
et al. propose GAN-based synthetic medical image
augmentation for increased CNN performance in liver
lesion classification, emphasizing the role of GANs in
addressing data scarcity in medical imaging [19]. Han et
al. introduce an enhanced framework of GANs for
environmental microorganism image augmentation,
demonstrating their potential in generating diverse
environmental microorganism images [20].

The literature study also encompasses GAN
applications in various medical imaging modalities, such
as breast ultrasound (Zhuang et al. [10], Negi et al. [11]),
X-ray (Yang et al. [23], Huang et al. [24]), MRI (Huang
et al. [25], Arora et al. [26]), and CT imaging (Han et al.
[22], Bhagat et al. [29]). Additionally, GANs are
explored for sound-based COVID-19 diagnosis (Nishant
etal. [18]).

Moreover, the literature includes studies on GANs'
impact on classification tasks, such as bone fracture
detection (Darabi [37]) and skin lesion classification
(Tschandl et al. [39]). The relevance of GANs in retinal
image analysis is highlighted by Menze et al.'s work on
the Multimodal Brain Tumor Image Segmentation
Benchmark (BRATS) [34] and Kermany et al.'s labeled
Optical Coherence Tomography (OCT) and Chest X-
Ray dataset [35].

In summary, the reviewed literature underscores the
diverse applications of GANs in medical image
augmentation and synthesis, showcasing their potential to
address data limitations, improve model performance, and
contribute to various medical imaging tasks across
different modalities and domains. The studies collectively
demonstrate the versatility and impact of GANs in
advancing medical image analysis and interpretation.

3. MATERIALS AND METHODS

3.1 Medical Images

3.1.1 Brain Imaging

The BraTS 2020 dataset encompassed a considerable
volume of 3D MRI scans. Participants were provided
with a training set to formulate and train their algorithms,
alongside a distinct testing set to assess the efficacy of
their models. The precise count of images might
fluctuate, and for the most precise and current
information, it is advisable to consult the official BraTS
documentation.

T1 Tlce T2 Flair

Figure 2. Brain Imaging [34]

All scans in the dataset are available as NIfTI files and
the different types of data in the dataset is described
below:

e Native (T1).

*  Post-contrast T1-weighted (T1ce).

o T2-weighted (T2).

e T2 Fluid Attenuated Inversion Recovery (T2-

FLAIR)

3.1.2 Chest Radiographs

The dataset is structured into three main folders, namely
train, test, and val, and within these folders, subfolders
are organized for each image category, distinguishing
between Pneumonia and Normal cases. The dataset
comprises a total of 5,863 X-Ray images in JPEG format,
categorized into two groups: Pneumonia and Normal.
The chest X-ray images (anterior posterior) were
specifically chosen from retrospective cohorts of
pediatric patients aged one to five years, sourced from the
Guangzhou Women and Children’s Medical Center in
Guangzhou. It's essential to note that all chest X-ray
imaging procedures were conducted as part of the routine
clinical care for the patients.

Viral Pneumonia

Normal Bacterial Pneumonia
- —

Figure 3. Chest Radiographs [35]

3.1.3 Retina Imaging

Diabetic Retinopathy stands as the predominant cause of
blindness among the working-age global population. The
dataset utilized in this context is sourced from the Kaggle
public dataset and comprises a substantial collection of
high-resolution retina images captured under diverse
imaging conditions. The dataset includes a total of five
types of training images, where 0 signifies the absence of
Diabetic Retinopathy (NO DR detected), 1 indicates Mild
detection, 2 represents Moderate detection, 3 denotes
Severe detection, and 4 signifies Proliferative DR. The
overall size of the dataset amounts to 88.29 gigabytes.
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Figure 4. Retina Imaging [36]

3.1.4 Bone surface

The dataset encompasses images classified into distinct
classes, each corresponding to a specific type of bone
fracture. These classes are Elbow Positive, Fingers
Positive, Forearm Fracture, Humerus Fracture, Shoulder
Fracture, and Wrist Positive. Each image within the
dataset is annotated with either bounding boxes or pixel-
level segmentation masks, providing information about
the location and extent of the identified fracture. This
annotation scheme facilitates the training and assessment
of algorithms designed for bone fracture detection.

Figure 5. Bone surface [37]

The bone fracture detection dataset proves to be an asset
for researchers and developers aiming to train machine
learning models, with a specific emphasis on object
detection algorithms. These models are designed to
autonomously identify and classify bone fractures in X-
ray images. The dataset's diverse range of fracture classes
facilitates the creation of robust models capable of
accurately detecting fractures in various regions of the
upper extremities.

3.1.5 WBC Cell

The ALL IDBI1 version 1.0 serves a dual purpose, being
suitable for evaluating both the segmentation capabilities
of algorithms and the effectiveness of classification
systems and image preprocessing methods. This dataset
comprises 108 images gathered in September 2005,
featuring approximately 39,000 blood elements. Expert
oncologists have meticulously labeled the lymphocytes
within these images. The dataset includes images
captured at various microscope magnifications, ranging
from 300 to 500.

Figure 6.  WBC Cell [38]

Crafted specifically for assessing the efficacy of
classification systems, the ALL-IDB2 version 1.0 is a
compilation of cropped areas of interest featuring both
normal and blast cells from the ALL-IDBI1 dataset. The
ALL-IDB2 images maintain similar Gray-level properties
to those in the ALL-IDBI, except for differing image
dimensions.

3.1.6 Dermatology

The ISIC 2019 dataset comprises 25,331 images
designated for the classification of Dermoscopy images
into nine distinct diagnostic categories. These categories
include Melanoma, Melanocytic nevus, Basal cell
carcinoma, Actinic keratosis, Benign keratosis (solar
lentigo / seborrheic keratosis / lichen planus-like
keratosis), Dermatofibroma, Vascular lesion, Squamous
cell carcinoma, and None of the above.
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Figure 7. Dermatology [39]

3.1.7 Breast Ultrasound Imaging

The baseline data collection encompasses breast
ultrasound images from women aged between 25 and 75
years old, gathered in 2018. The dataset comprises
information from 600 female patients, featuring a total of
780 images with an average size of 500x500 pixels,
presented in PNG format. Ground truth images are
provided alongside the original images, with
categorization into three classes: normal, benign, and
malignant.

Figure 8. Breast Ultrasound Imaging [40]
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3.1.8 Mammography

The dataset is a compilation of images sourced from the
DDSM and CBIS-DDSM datasets. These images have
undergone pre-processing, including the extraction of
Regions of Interest (ROIs) and conversion to 299x299
dimensions. The data is organized and stored as tfrecords
files, designed for compatibility with TensorFlow.

Figure 9. Mammography Imaging [41]

The dataset encompasses a total of 55,890 training
examples, wherein 14% are categorized as positive, while
the remaining 86% are classified as negative. These
examples are distributed across five tfrecords files.

3.1.9 Cardiac Imaging

The Cardiac Nodule Chest X-ray dataset, dated around
the year 2000 and sourced from Japan, comprises chest
X-rays obtained through scanned films using a high-
quality digital camera. In each nodule case, a singular
nodule is present, and the severity is assessed by 20
distinct radiologists, with Area Under the Curve (AUC)
values ranging from 0.72 to 0.89. This dataset is
particularly well-suited for evaluating nodule detection
performance across various levels of nodule subtlety.

Figure 10. Mammography Imaging [42]

3.2 Generative Adversarial Networks (GANSs)

A Generative Adversarial Network (GAN) is a type of
deep learning model consisting of two neural networks, a
generator, and a discriminator, engaged in an adversarial
training process. The generator creates synthetic data,
while the discriminator evaluates the authenticity of both
real and generated data. Through competition, the
generator learns to produce increasingly realistic data,
while the discriminator becomes better at distinguishing
real from fake. GANs are widely used for tasks such as
image generation, style transfer, and data augmentation,
driving advancements in artificial intelligence by creating
realistic and diverse data. However, training GANs can
be challenging due to issues like mode collapse and
training instability, prompting ongoing research for
improvements.

3.2.1 Deep Convolutional GAN (DCGAN) [7,8,9,11] :
Architecture: DCGANs consist of a generator and a
discriminator. The generator typically starts with a noise
vector as input and gradually upscales the image using a
series of transposed convolutional layers. The
discriminator is a convolutional neural network (CNN)
that assesses the authenticity of the generated and real
images.

Discriminator

e ™,

i \
| Input Image )
“\\ i /

I

Convolutional Layer

Generator
e ™
LA 7 A
| Input Noise Vector |

Convolutional Layer

Dense Layer

Reshape Layer

b .
Transpose Conwvolution

!

Transpose Convolution

Figure 11. DCGAN

Unique Characteristics: As shown in Figure 11
DCGANSs introduced several key architectural features:
Stride convolutions in the discriminator for downscaling.
Batch normalization layers in both the generator and
discriminator to stabilize training. The use of ReLU
(Rectified Linear Unit) activation functions in the
generator, except for the output layer that employs a tanh
activation. Employing a noise vector as input to the
generator to ensure diversity in generated samples.

3.2.2 Conditional GAN (cGAN) [7,9,11]:

Architecture: As shown in Figure 12 ¢cGANSs extend the
GAN architecture by adding conditional information. The
generator takes both a noise vector and conditional
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information (e.g., class labels) as input. The Doin Do
discriminator, likewise, considers this conditional ‘ ‘ \
information. i]nput[maqeﬁ: ‘Ir\pu[lmagm:
Discriminator Generator NS NS
/{4.»' '\.:\.
Discriminator B DiG(vimin_alorA
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l l e ne
Convolution | ‘ Convelution Convelution ‘ Convolution

A

Convolutional Layers Input Noise Vector

Dense Layer

Concatenation Layer

Discriminator Output Reshape Layer

Generated Image

Figure 12. ¢cGAN

Unique Characteristics: The key feature of cGANSs is
the ability to conditionally generate images. This allows
for controlled image generation based on the provided
conditions. The architecture remains similar to vanilla
GAN:Ss, but with additional input channels for conditional
data.

3.2.3 CycleGAN|7,11]:

Architecture: As shown in Figure 13 CycleGANs
involve two generators (G_AB and G_BA) and two
discriminators (D_A and D_B). G_AB converts images
from domain A to domain B, while G_BA performs the
reverse conversion. The discriminators assess the
authenticity of the generated images in their respective
domains.

l 1

Convalution | ‘ Convolution

T | I

\
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Reshet Blocks
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ResNet Blocks

| piseriminator Output | : Discriminator Output ResNet Blocks ResNet Blocks

\, / N /
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GenerarBtoA Generagr Ato B

Convolution

==

Reshlet Blocks

Convolution ‘

==

Reshlet Blorks

=

l Transpose Convolution |

|

‘ Transpose Comvolution |

| Generated Inage A

‘ Transpose Convolution ‘

‘ Transpose Convelution ‘

Y,
1 ‘I
Generated Image B

/

h ,/

Figure 13. CycleGAN

Unique Characteristics: CycleGANs are designed for
unpaired image-to-image translation, making them
suitable for tasks like style transfer or domain adaptation.
The "cycle consistency" loss enforces that the translation
between domains A and B and back should recover the

original image, which helps ensure high-quality
translations.

3.2.4 StyleGAN|[4,5,6,18,22] :

Architecture: As shown in Figure 14 StyleGAN

introduces a novel architecture where the generator
separates image style (texture) and content (shape)
through a mapping network and a synthesis network.
StyleGAN2 further refines this architecture, improving
training stability and image quality.
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Generator

Discriminator
Input Noise Vector

Input Image

| )

Convolution Layers Latent Mapping Network

I !

Dense Layers Adaptive Instance Normalization

| }

Synthesis Network

}

Generated Image

| Discriminator Qutput |

Figure 14. StyleGAN

Unique Characteristics: StyleGANs allow for fine-
grained control over generated images. The mapping
network maps input noise to style vectors, which are then
used to control the style of different layers in the
synthesis network. This separation of style and content
results in highly customizable and realistic images.

3.2.5 Self-Attention GAN (SAGAN)[1] :

Architecture: As shown in Figure 15 SAGANSs enhance
GANSs with self-attention mechanisms. The generator and
discriminator incorporate self-attention layers to capture
long-range dependencies in images.

Discriminator

[ Input Image |

Generator

Convolutional Layers \ Input Noise Vector |

Dense L)yu

| Discriminator Output | ‘ Reshape Layer

Self-Attention Mechanism

|

Convolutional Layer

|

| Generated Image |

Figure 15. SAGAN

Unique Characteristics: The self-attention mechanism
allows SAGANs to consider relationships between
distant pixels, leading to more coherent and globally
consistent generated images. This architecture has been
particularly effective in improving the quality of large
and complex images.

Each of these GAN architectures offers unique
capabilities and is tailored to specific image generation
tasks. The choice of architecture depends on the desired
output, training stability, and control over the generated
images in each application. Researchers continue to
innovate and create new GAN variations to address
various challenges and push the boundaries of image
generation further.

4. COMPRATIVE STUDY
TABLE 1. COMPARATIVE STUDY OF COMMON DISEASES IN
MEDICAL
GAN
Medical Domain Architectures
Used
Brain Imaging [1,8,12] CDAGAN,
X-Ray, CT, MRI DCGAN,
Yol ¢GAN,
Chest Radiographs [7] c G]i(T:\IGé)I:QIe—
X-Ray, CT, MRI GAN
. . DCGAN,
RetlnMailrrl;e;%l)ng [t c¢GAN, Cycle-
124 GAN
Bone surface [9] DCGAN,
X-Ray, MRI ¢GAN
. DCGAN,
Blood Cl\e/llilclrkonsilgms [4,5,6] ¢GAN, Star-
124 GAN
DCGAN,
Dermﬁti‘;]r‘(’izo“ 8,221 ¢GAN, Style-
124 GAN
Breast Ultrasound Imaging [10]
X-Ray, CT, MRI, PET Cycle-GAN
Mammography DCGAN,
X-Ray, CT, MRI cGAN
Cardiac Imaging [7] WGAN,
X-Ray, CT, MRI AGAN
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TABLE II. COMPARATIVE STUDY OF GANS
GAN Strengths Limitations
Architecture
Deep 1. Stable training for | 1. Limited control
Convolutional | image generation. over generated
GAN 2. Well-defined | images.
(DCGAN) architecture. 2. May require deep
7,8,9,11] 3. Good for generating | networks for complex
realistic images. tasks.
3. Not designed for
specific applications.
Conditional 1. Controlled image | 1. Requires labeled
GAN (cGAN) | generation with | conditional data.
[7,9,11] conditional 2. More complex
information. 2. | architecture.
Effective for image-to-
image translation.
CycleGAN 1. Unpaired image-to- | 1. Lack of direct
[7,11] image translation. supervision for
2. Useful for domain | translation.
adaptation and style | 2.  Limited fine-
transfer. grained control over
output.
StyleGAN 1. High-quality and | 1. Computationally
[4,5,6,18,22] customizable image | intensive.
generation. 2. Complex
2. Separation of style | architecture.
and content. 3. Large memory
requirements.
Self-Attention 1. Captures long-range | 1. Increased
GAN dependencies in | computational cost.
(SAGAN) [1] images. 2. Complexity in
2. Improved image | implementation.
coherence.

CONCLUSION AND FUTURE SCOPE

The literature review delves into the multifaceted
applications of Generative Adversarial Networks (GANs)
in the realm of medical image augmentation and
synthesis. GANs have emerged as a transformative tool,
addressing critical challenges in the field, such as limited
datasets, data diversity, and the need for high-quality
synthetic images. The reviewed papers collectively
demonstrate the versatility of GANs in various medical
imaging tasks, including data augmentation, image
translation, and segmentation across diverse modalities
like ultrasound, X-ray, MRI, and CT scans.

Beyond image-centric applications, GANs play a
crucial role in one-dimensional medical data
augmentation, further expanding their utility in diverse
healthcare domains. The reviewed literature emphasizes
the adaptability of GANs, with researchers exploring
novel architectures, attention mechanisms, and integration
with other deep learning models to tailor solutions to
specific medical imaging challenges.

The exploration of GANs in medical image
augmentation and synthesis has laid a solid foundation,
but the field holds immense potential for further

advancements and innovations. Several future directions
and areas for exploration emerge from the reviewed
literature:

1. Interpretability and Explainability: Future research
should focus on enhancing the interpretability and
explainability of GAN-generated images in the medical
context. Developing methods to understand and trust the
synthetic images generated by GANs is crucial for their
acceptance in clinical practice.

2. Robustness and Generalization: Addressing
challenges related to the robustness and generalization of
GANSs remains a key area for improvement. Ensuring that
GAN-generated images generalize well across diverse
patient populations and medical conditions is essential
for their widespread adoption.

3. Ethical Considerations: The ethical implications of
using GANs in medical imaging, such as potential biases
in generated images, privacy concerns, and the
responsible deployment of these technologies, need
careful consideration. Future research should explore
frameworks and guidelines to ensure ethical practices in
GAN-based medical image applications.

4. Integration with Clinical Workflows: Efforts should
be directed towards seamless integration of GAN-
generated images into clinical workflows. Developing
user-friendly interfaces and establishing standard
protocols for incorporating GAN-generated data into
existing medical imaging pipelines is critical for practical
implementation.

5. Multimodal Synthesis: Exploring GANs' potential for
synthesizing multimodal medical images, such as
combining information from MRI and CT scans, could
open new avenues for comprehensive diagnostic
assessments and treatment planning.

6. Real-Time Applications: Investigating real-time
applications of GANs in medical imaging, particularly
for dynamic modalities like video endoscopy, can lead to
advancements in intraoperative guidance, allowing for
immediate feedback and decision-making by healthcare
professionals.

7. Collaborative Research: Facilitating collaborative
research between computer scientists, medical imaging
experts, and healthcare practitioners is essential for the
development of GAN-based solutions that align with the
clinical needs and standards of medical practice.

In conclusion, the future scope of GANs in medical
image augmentation is promising, with opportunities for
innovation, refinement, and ethical integration into
clinical settings. Continued interdisciplinary collaboration
and advancements in GAN architectures and
methodologies will contribute to the ongoing evolution of
these technologies in enhancing medical imaging and
healthcare outcomes.
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