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A B S T R A C T   

Background and Objective: Clinical Decision Support Systems (CDSS) have substantially evolved, aiding healthcare 
professionals in informed patient care decision-making. The integration of AI, encompassing machine learning 
and natural language processing, has notably enhanced the capabilities of CDSS. However, a significant challenge 
remains in addressing data imbalance and the black box nature of AI algorithms, particularly for rare diseases or 
underrepresented demographic groups. This study aims to propose a model, U-AnoGAN, designed to overcome 
these hurdles and augment the diagnostic accuracy of AI-integrated CDSS. 
Methods: The U-AnoGAN was trained using masks derived from normal data, focusing on the Covid-19 and 
pneumonia datasets. Anomaly scores were calculated to assess the model’s performance compared to existing 
AnoGAN-related algorithms. The study also evaluated the model’s interpretability through the visualization of 
abnormal regions. 
Results: The results indicated that U-AnoGAN surpassed its counterparts in performance and interpretability. It 
effectively addressed the data imbalance problem by necessitating only normal data and showcased enhanced 
diagnostic accuracy. Precision, sensitivity, and specificity values reflected U-AnoGAN’s superior capability in 
accurate disease prediction, diagnosis, treatment recommendations, and adverse event detection. 
Conclusions: U-AnoGAN significantly bolsters the predictive power of AI-integrated CDSS, enabling more precise 
and timely diagnoses while providing better visualization to potentially overcome the black box problem. This 
model presents tremendous potential in elevating patient care with advanced AI tools and fostering more ac
curate and effective decision-making in healthcare environments. As the healthcare sector grapples with esca
lating data complexity and volume, the importance of models like U-AnoGAN in enhancing CDSS cannot be 
overstated.   

1. Introduction 

The field of artificial intelligence (AI), encompassing deep learning 
and machine learning, has experienced rapid advancements. In a sig
nificant milestone of 2015, AI surpassed human performance in visual 
recognition tasks, marking a major breakthrough [1]. Among the 
notable algorithms developed for computer vision, the convolutional 
neural network (CNN) stands out as a highly representative one [2]. 
Moreover, subsequent advancements have led to the introduction of 
more sophisticated versions of CNN, including VGG-16, VGG-19, 
MobileNet, Xception, and Inception, which are each pushing the 
boundaries of computer vision research [3]. 

With those arising AI algorithms, the clinical decision support system 

(CDSS) has also been developed. According to Sutton et al.’s research, 
the CDSS could be defined as the information system whose aim is to 
enhance healthcare delivery by enriching medical decision-making with 
tailored clinical knowledge, patient information, and additional health 
data [4]. Based on this definition, the AI algorithms mentioned above 
successfully enriched decision-making with promising outcomes [4]. 
Put more detail, AI-based systems play a crucial role in various aspects of 
healthcare, offering substantial contributions such as disease progres
sion prediction, facilitating medical diagnoses, providing personalized 
treatment recommendations, and notifying clinicians about potential 
adverse events [5]. By harnessing the power of artificial intelligence, 
these systems empower healthcare professionals to make more accurate 
and informed decisions, leading to enhanced patient care and safety. 

* Corresponding author. 
E-mail address: jmj2316@kist.re.kr (M. Cheon).  

Contents lists available at ScienceDirect 

Computer Methods and Programs in Biomedicine 

journal homepage: www.elsevier.com/locate/cmpb 

https://doi.org/10.1016/j.cmpb.2023.107954 
Received 25 September 2023; Received in revised form 12 November 2023; Accepted 25 November 2023   

mailto:jmj2316@kist.re.kr
www.sciencedirect.com/science/journal/01692607
https://www.elsevier.com/locate/cmpb
https://doi.org/10.1016/j.cmpb.2023.107954
https://doi.org/10.1016/j.cmpb.2023.107954
https://doi.org/10.1016/j.cmpb.2023.107954
http://crossmark.crossref.org/dialog/?doi=10.1016/j.cmpb.2023.107954&domain=pdf


Computer Methods and Programs in Biomedicine 244 (2024) 107954

2

However, the AI-based CDSS (AI-CDSS) still faces challenges that 
they should overcome. The first problem is related to the data imbalance 
problem [6]. When deep learning algorithms are applied to medical 
datasets for diagnosis, every piece of data should be labeled such as 
whether this data is from normal people or patients. In order to train the 
deep learning algorithms efficiently, the algorithm should be trained 
equally with both normal and patient datasets, for better comprehend
ing the characteristics of each of them. However, for rare diseases, data 
is not easy to obtain, and this could trigger a data imbalance problem. In 
other words, the deep learning models will not sufficiently get trained 
with abnormal datasets, which could decrease the performance of 
diagnosis [7]. There are two principal ways for overcoming that: data 
augmentation and anomaly detection. Data augmentation strategy 
generates synthetic data via deep learning algorithms such as generative 
adversarial network (GAN) for matching the proportion between normal 
and patient datasets [8]. Another strategy is anomaly detection. These 
algorithms are designed to detect outliers or anomalies that may indi
cate unusual events, errors, or fraudulent activities. The process typi
cally involves training the algorithm on a dataset containing examples of 
normal behavior, allowing it to learn the patterns and characteristics of 
typical instances. Once trained, the algorithm can then analyze new data 
points and determine whether they exhibit characteristics that deviate 
significantly from the learned normal behavior [9]. 

The second limitation of AI-CDSS is the ‘black box’ problem involved 
in AI technologies [10]. When a model is considered a black box, it 
means that model’s internal processes and decision-making mechanisms 
are not easily understandable or explainable by humans. The black box 
makes it difficult to trust or rely on a model if its decision-making pro
cess is not transparent or explainable [10]. This is critical to the 
healthcare system since clinicians need to make decisions based on AI 
algorithms. The black box problem can impede the identification of 
biases or errors within the CDSS. In healthcare, fairness and accuracy are 
paramount, and it is important to ensure that CDSS recommendations 
are free from discriminatory patterns or inaccuracies [11]. However, 
without transparency in the decision-making process, it becomes chal
lenging to identify and address potential biases or errors. 

Overcoming this challenge is crucial to building trust, ensuring 
fairness, and enhancing the acceptance of CDSS among healthcare 
professionals. Therefore, this paper proposes a shift in perspective to
ward the application of AnoGAN to X-ray datasets by proposing a novel 
algorithm: U-AnoGAN. Previous research has made strides in generating 
synthetic X-ray data with impressive results; however, employing such 
synthetic data for diagnostic purposes presents an entirely different 
challenge due to the resolution of the output [12]. In light of this, our 
research introduces a novel approach: utilizing mask images of X-ray 
data, rather than the X-ray images themselves. 

Parallel research conducted by Saood & Hatem demonstrated that 
masks of lung CT images, obtained via U-Net and SegNet, could serve as 
viable input variables. Interestingly, they found that U-Net out
performed SegNet in terms of efficacy [13]. Their research, albeit im
pactful, primarily engaged with CT images and classification tasks. In 
contrast, our paper breaks new ground by introducing innovative 
methods of utilizing mask data for diagnostic purposes, which also 
address the limitations of AnoGAN. This approach offers promising 
potential for overcoming the challenges associated with data imbalance 
in AI applications for Clinical Decision Support Systems, thereby 
contributing to the transformative capabilities of AI in healthcare. 

A proposed model, U-AnoGAN’s methodology diverges from tradi
tional models by employing anomaly detection techniques specifically 
tailored for medical datasets, focusing on crucial image segments for 
enhanced diagnostic precision. The model demonstrates superior per
formance in utilizing mask images, derived from normal data, to effec
tively train the deep learning algorithms, thereby circumventing the 
data scarcity often associated with rare diseases. By integrating a 
transparent layer of decision-making, U-AnoGAN mitigates the ’black 
box’ problem, fostering trust and understandability in clinical settings. 

The model stands out for its targeted analysis, leveraging segmented 
organ data, which significantly bolsters diagnostic accuracy and reli
ability. U-AnoGAN’s innovative architecture allows for effective transfer 
learning, making it adept at segmenting and diagnosing various dis
eases, not limited to the datasets it was originally trained on. 

2. Related work 

This section will cover various research related to our topics. First, it 
will review those papers which used autoencoder for anomaly detection. 
Then, it will cover anomaly detection algorithms that are based on the 
Generative adversarial network (GAN), proposed by Goodfellow et al., 
since it contains more recent ideas compared to the autoencoder-based 
ones. 

The framework involves training two models simultaneously: a 
generative model G that captures the data distribution, and a discrimi
native model D that estimates the probability that a sample came from 
the training data rather than G. The generative model generates samples 
by passing random noise through a multilayer perceptron, and the 
discriminative model is also a multilayer perceptron. This special case is 
referred to as adversarial nets, and both models can be trained using 
only backpropagation and dropout algorithms, with no need for 
approximate inference or Markov chains [14]. 

Schlegl et al. proposed a new approach to unsupervised anomaly 
detection in retinal optical coherence tomography (OCT) images using 
deep convolutional generative adversarial networks (DCGANs) and a 
coupled mapping schema. The proposed method, called AnoGAN, uti
lizes a trained DCGAN and enables accurate discrimination between 
normal anatomy and local anomalous appearance. The proposed loss 
function for the AnoGAN comprises two components: a residual loss and 
a discrimination loss. The residual loss enforces the visual similarity 
between the generated image G(z) and the query image x. This means 
that the generated image should look similar to the original query 
image, which is important for accurate anomaly detection. The 
discrimination loss enforces the generated image G(z) to lie on the 
learned manifold X. This means that the generated image should be close 
to the distribution of normal images in the dataset, which is important 
for distinguishing between normal and anomalous images [15]. 

Radford et al. presented the Deep Convolutional Generative Adver
sarial Network (DCGAN), which is a CNN-based GAN for generating 
images more efficiently. It employs Convolutional Neural Networks 
(CNN) to mitigate the challenges often experienced in generating syn
thetic data. Consisting of a generator and a discriminator, the archi
tecture of DCGAN intriguingly does not rely on a fully connected layer. 
Instead, it incorporates a batch normalization layer within the gener
ator. The generator network in the DCGAN model is composed of 
transposed convolutional layers. These layers serve the function of 
upsampling the input noise vector, ultimately generating an image. 
Meanwhile, the discriminator network employs convolutional layers to 
classify the authenticity of the input image, discerning whether it is real 
or artificially generated. These structures contribute to the overall 
robustness and efficacy of the DCGAN model, driving its capability to 
create high-quality synthetic data [16]. 

The fundamental objective of AnoGAN, and its derivatives F-Ano
GAN and SR-AnoGAN, is to address the data imbalance problem often 
encountered in deep learning models, particularly when applied to 
medical datasets. Despite their innovation, these models have not 
entirely succeeded in solving this problem. The Deep Convolutional 
Generative Adversarial Network (DCGAN) plays a pivotal role in these 
models, as it’s responsible for generating the synthetic data used for 
diagnosis. Previous studies have demonstrated the successful applica
tion of these models on Optical Coherence Tomography (OCT) datasets 
[15]. However, synthesizing X-ray data through DCGAN remains a sig
nificant challenge. Recent advancements propose innovative methods to 
improve the resolution of synthetic datasets [17]. Yet, the applicability 
of these improved datasets to diagnostic processes remains a topic of 
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debate. The high standards required for medical diagnosis demand 
detailed and high-resolution images, which these models currently 
struggle to provide. Furthermore, since the AnoGAN requires whole 
entire images for calculating the loss function, the image should be 
generated perfectly for avoiding downgrading the performance. In 
summary, while AnoGAN and its successors were developed with the 
goal of widespread applicability across various types of medical data, 
they currently face limitations. These challenges highlight the continued 
need for innovation and refinement in this rapidly advancing field. 

3. Materials and methods 

3.1. SR-AnoGAN 

The SR-AnoGAN model is an advanced machine learning system 
designed for medical imaging and it operates across three distinct stages. 
Each stage plays a crucial role in the process of image reconstruction, 
enhancement, and anomaly detection. The first stage mirrors that of the 
original AnoGAN model. When an input, denoted as ’i’, is, the Deep 
Convolutional Generative Adversarial Network (DCGAN) initiates the 
reconstruction process using a normal dataset [16]. This generates an 
output, referred to as ’g(i)’. The second stage applies a Convolutional 
Neural Network (CNN) model to the output from the generator. This 
CNN model is kept deliberately simple, comprising an input layer and a 
max pooling layer designed to reduce the image size. The output from 
this stage is denoted as ’c(g(i))’. The third and final stage sets 
SR-AnoGAN apart from the original AnoGAN model. Here, 
Super-Resolution Generative Adversarial Network (SRGAN) is applied to 
enhance the resolution of the output from the CNN. Given that SRGAN 
necessitates two input datasets, it utilizes the normal dataset from the 
first stage and ’c(g(i))’ as the high and low-resolution data respectively 
[18]. Through this process, ’c(g(i))’ is transformed to resemble the 
standard dataset more closely, while also increasing in resolution. While 
it’s known that GAN algorithms can sometimes generate biased outputs, 
this issue is not relevant in this context as only normal datasets are 
required for training. The final product of this three-stage process is then 
integrated with an anomaly detector. This detector identifies abnor
malities, thus enabling the diagnosis of various diseases. The unique 
design of SR-AnoGAN facilitates highly precise diagnosis, leveraging the 
power of AI to improve patient care outcomes [19]. is an advanced 
neural network model that features a distinct architectural design 
resembling an autoencoder. This design consists of a contractive path 
(akin to an encoder) and an expansive path (analogous to a decoder). 
Originally developed for the segmentation of medical datasets, U-Net 
derives its name from its U-shaped structure, characterized by a nearly 
symmetrical increase in layers across the contractive and expansive 
paths. The contractive path in U-Net functions to extract context from 
images. It is comprised of 3 × 3 convolution layers, underpinned by a 
Rectified Linear Unit (ReLU) activation function, and Max Pooling 
layers. These elements work in unison to distill valuable contextual in
formation from the input images. On the other hand, the expansive path 
of U-Net is designed for upsampling, and for copying and cropping 
features from the contractive path to enhance localization accuracy 
[20]. This approach is tailored to harness the nuanced detail and context 
captured in the contractive path and leverage it to refine the output 
generated from the expansive path. Notably, U-Net offers considerable 
advantages, including superior localization capabilities and efficient 
performance, even when working with smaller datasets [21]. As such, it 
stands as a powerful tool in the domain of medical image analysis, 
providing valuable insights for improved diagnostic accuracy and pa
tient care. 

3.2. U-AnoGAN 

Existing challenges emerge from the necessity to generate the com
plete X-ray image, including all the anatomical details. This means vital 

organs crucial for diagnosis need to be generated in the context of the 
full image, which includes elements like the ribs. As a result, a clear, 
focused image for diagnostic analysis is often not achieved. Moreover, 
these models consider all parts of the image, including those unrelated to 
the diagnosis, when calculating the anomaly score, leading to potential 
distortions in the evaluation process. In response to these challenges, we 
propose a new model, U-AnoGAN, which prioritizes the utilization of 
only the most essential parts of the image for both synthetic data gen
eration and diagnostic evaluation. U-AnoGAN operates in two distinct 
stages. In the first stage, organ segmentation is executed on the provided 
images. For example, if a lung CT image is given, lung segmentation is 
performed. This stage initiates with training U-AnoGAN using a large 
dataset comprising images from healthy individuals. Transfer learning is 
then applied to facilitate segmentation on subsequent datasets. The 
second stage involves applying AnoGAN to the segmented datasets. The 
AnoGAN computes anomaly scores on the segmented data, providing 
critical information for diagnostic purposes. By focusing on key areas of 
the image and reducing extraneous noise, U-AnoGAN aims to enhance 
the clarity and precision of diagnostic imaging, leading to improved 
healthcare outcomes. 

Let X denote the input image dataset, S(X)represent the segmented 
organ regions obtained via U-Net, and G(z)represent the generated 
image by the generator network in AnoGAN using a latent vector z. The 
discriminator network D(⋅) provides a probability estimate that a sample 
came from the training data rather than the generated data. 

S(X) = U − Net(X)

Where U-Net(X) is the function representing the U-Net architecture 
applied to the input dataset X, which outputs the segmented organ re
gions S(X). 

A(S(X),G(z)) = α⋅R(S(X),G(z)) + (1 − α)⋅D(G(z))

Where A(S(X),G(z)) is the anomaly score calculated for the 
segmented organ regions S(X) and generated image G(z). R(S(X),G(z)) 
is the residual loss enforcing visual similarity between the segmented 
image and the generated image. D(G(z)) is the discrimination loss 
ensuring that the generated image lies on the learned manifold of 

Fig. 1. Comprehensive architecture of U-AnoGAN: This figure illustrates the 
detailed process flow of U-AnoGAN, including the generator and discriminator 
networks. It begins with the extraction of lung segments from X-ray images 
using U-net, followed by the application of AnoGAN to the resulting masks. The 
architecture is designed to prioritize essential image segments, enhance data 
specificity, and improve anomaly detection accuracy. It underscores our 
method’s approach to addressing the challenge of data imbalance in medi
cal imaging. 
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normal images. α is a weighting factor balancing the two components of 
the loss function. (Fig. 1) 

3.3. Data description 

For the experiment, two different X-ray medical data were used in 
experiments to test the performance of the U-AnoGAN. The first is the X- 
ray dataset, including standard, pneumonia, and covid-19 X-ray data 
[22]. Since the U-AnoGAN needs to perform segmentation first, the 
dataset containing the maks was used as the training dataset [23]. Each 
pneumonia and the covid-19 image was utilized as the diagnosis target. 
The anomaly score was calculated for quantitative evaluation and 
visualization of qualitative assessment. For image processing, every shot 
was resized to 128×128 and divided into 255 to normalize data [24]. 

3.4. Modeling relationships between variables 

The relationships between variables in our study were explored using 
the U-AnoGAN model, which is an unsupervised learning algorithm 
designed to detect anomalies by learning the distribution of normal data. 
This model effectively captures the complex patterns and dependencies 
in the data, allowing us to identify anomalies indicative of pathological 
findings in medical images. 

3.5. Statistical analyses 

The statistical and computational framework of this study was built 
on Python (Version 3.8, Python Software Foundation) with extensive 
use of TensorFlow, an end-to-end open-source platform for machine 
learning. TensorFlow facilitated the implementation of the U-AnoGAN 
model, enabling us to leverage deep learning techniques for our anomaly 
detection tasks. The analyses were accelerated using NVIDIA’s A100 
GPUs, which provided the computational power necessary to process 
our large medical imaging datasets efficiently. 

In our analytical approach, we utilized the U-AnoGAN model’s ca
pabilities in an environment supported by TensorFlow to learn the dis
tribution of normal images. The model was trained exclusively on data 
labeled as ’normal’, establishing a foundational understanding of non- 
pathological patterns. Subsequently, anomaly scores were computed 
for new, unseen images to identify deviations from this normative 
pattern, indicative of potential pathological findings. Outlier identifi
cation was performed using a statistical thresholding method, where 
scores exceeding a certain number of standard deviations from the mean 
were flagged for review. This was essential in maintaining the integrity 
of the training data and ensuring the accuracy of the model’s 
predictions. 

3.6. Predictive model selection 

The U-AnoGAN model was conceptualized and developed as an 
innovative solution to address the challenges inherent in medical im
aging data, particularly the issue of data imbalance commonly 
encountered in the field of AI-CDSS. The inception of U-AnoGAN was 
driven by the need for a robust anomaly detection system that could 
effectively handle the nuances of medical datasets, which often include a 
disproportionate number of normal cases compared to pathological 
ones. It was a deliberate creation tailored to meet the specific re
quirements of our study. The model harnesses the power of unsupervised 
learning to identify anomalies without the need for extensive labeled 
datasets, which are a rarity in medical research due to privacy concerns 
and the labor-intensive nature of accurate annotation. The architecture 
of U-AnoGAN, inspired by the strengths of Generative Adversarial Net
works (GANs) and the functionality of autoencoders, was designed to 
capture the complex and subtle patterns in the data that are indicative of 
diseases such as COVID-19 and pneumonia. This unique combination 
allows for a nuanced feature extraction process and a sophisticated 

anomaly scoring mechanism, setting it apart from traditional anomaly 
detection models. 

3.7. Hyperparameter setting 

The AnoGAN model was trained from the ground up on our dataset, 
using the Adam optimizer with a learning rate of 1e-4 for both the 
generator and discriminator components. Over 150 epochs, the model 
was fine-tuned to minimize the custom binary crossentropy loss func
tions for both generator and discriminator, capturing the intricate dis
tribution of medical imaging data. After training, the model’s weights 
were saved, allowing for precise replication of results and further 
refinement if necessary. This approach ensured the model was well- 
suited for the anomaly detection task in our study, with the training 
process carefully monitored to balance the generator and discriminator 
performance. 

4. Result 

4.1. Classification through X-ray images 

Then, chest X-ray data from the above datasets were used as input 
data, and the pre-trained model VGG-16 was utilized to classify the 
proposed datasets. For better accuracy, images were augmented through 
ImageDataGenerator from the Keras library [25]. Since the experiment 
aimed to compare the results, the same model, VGG-16, was utilized 
without additional layers and achieved 90 % accuracy (Fig. 2). 

4.2. Classification through mask images 

Then, mask data from the above datasets were used as input data, 
and the pre-trained model VGG-16 was utilized to classify the proposed 
datasets. The same image processing steps were conducted as the clas
sification experiment above. Since the experiment aimed to validate 
whether the mask datasets could be handled as input data, VGG-16 was 
used without additional layers. The accuracy score was calculated, and 
the model yielded about 80 % of accuracy score. Even though the ac
curacy score was slightly lower than that of the above experiment, this 
result showed a possibility of managing mask data as input variables 
(Fig. 3). 

4.3. Result from AnoGAN 

AnoGAN and SR-AnoGAN models were applied to the datasets for 
comparison. When examining the X-ray dataset, we conducted a quan
titative comparison of the outcomes using the pneumonia dataset to the 
target. Regrettably, the performance of the AnoGAN model was subpar 
in this scenario. The anomaly scores assigned by the model to the 
standard datasets were unexpectedly higher than those assigned to the 
pneumonia datasets. This outcome was deemed unreasonable since the 
standard datasets were anticipated to have a lower anomaly score in 
comparison to the diseased datasets. However, when we shifted our 
focus to the Covid-19 dataset as the target, the AnoGAN model 
demonstrated more favorable results. It produced higher anomaly scores 
for the Covid-19 datasets as opposed to the normal ones (Fig. 4). 

4.4. Result from SR-AnoGAN 

The SR-AnoGAN exhibited appropriate performance when compared 
to the AnoGAN. As illustrated in Fig. 5, the model generated notably 
reasonable results. The figure indicates that the anomaly score for the 
normal images was lower than that of the other datasets. Nevertheless, 
the difference was subtle, with the mean anomaly score exceeding 
15,000. While there is no established threshold for the anomaly score, 
this slight distinction between the normal and patient datasets high
lighted the potential challenges in using this model for diagnosing 
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individuals. 

4.5. Result from U-AnoGAN 

As the proposed U-AnoGAN model operates under the assumption 

that it can be classified solely based on segmentation data, a classifica
tion experiment was conducted. Initially, the U-net component of the U- 
AnoGAN model performed lung segmentation using the available 
datasets and saved the weights for transfer learning. Fig. 6 illustrates the 
successful training of the U-net model with the datasets, indicated by the 

Fig. 2. Loss and accuracy score during training: a training set and validation set. Since a classification task was conducted, the accuracy score was used for 
the evaluation. 

Fig. 3. Loss and accuracy score during training: a training set and validation set. Since the aim is to classify the given masks into normal and patient data, the 
accuracy score was also used for evaluation. 

Fig. 4. Depicting anomaly scores from the AnoGAN via distribution plots. 
Normal datasets showed higher anomaly scores than pneumonia datasets, 
which indicates inaccurate results. 

Fig. 5. Depicting anomaly scores from the SR-AnoGAN via distribution plots. 
Normal datasets showed fewer anomaly scores than other datasets, which ex
hibits improved results compared to AnoGAN. 
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decrease in loss and simultaneous improvement in dice coefficient and 
accuracy. Additionally, Fig. 7 demonstrates that the predicted mask 
closely resembles the provided mask, showcasing the superior segmen
tation performance of the U-net. 

Following the segmentation of the datasets, the pre-trained U-net 
model was utilized to extract segmented masks from the Pneumonia and 
Covid-19 datasets. Successful transfer learning was accomplished for 
lung segmentation, and the predicted masks were subsequently 
employed as input data for VGG-16. This allowed for the utilization of 
three different masks (normal, Covid-19, and pneumonia) as input data. 
With an accuracy score of 96 %, VGG-16 demonstrated the potential to 
diagnose patients and classify them into either Covid-19 or pneumonia. 

Subsequently, the mask datasets mentioned earlier were subjected to 
anomaly detection using AnoGAN. Given that AnoGAN solely requires 
normal datasets, the model was exclusively trained using masks derived 
from the normal data. The trained AnoGAN then calculated the anomaly 
scores for the Covid-19 and pneumonia datasets. Visualizations of the 
abnormal regions within each image were generated, as depicted in 
Fig. 8. The red color indicates atypical portions of the lungs. These re
sults showcased the efficacy of this approach in providing more detailed 
outcomes compared to a standard AnoGAN, given its emphasis on the 
lungs. Specifically, AnoGAN calculates the anomaly score by considering 
both the discriminator loss and residual loss, as mentioned previously 
[9]. For instance, when calculating the anomaly score through AnoGAN, 
the focus should be on the organ (lungs) in the images. Therefore, the 
U-AnoGAN handles the residual loss more efficiently, as the mask im
ages are less complex than X-ray images, and achieves more notable 

results in distinguishing between healthy individuals and patients. 
Additionally, Fig. 9 demonstrates that the anomaly scores of normal 
individuals can be easily distinguished from other datasets by visual
izing their distribution. Furthermore, Fig. 10 confirms that the anomaly 
score of normal data is consistently lower than that of Covid-19 and 
pneumonia datasets across all primary statistical indices. 

4.6. Model validation 

In validating our U-AnoGAN model, we leveraged the labeled dataset 
that includes normal, COVID-19, and pneumonia cases. The anomaly 
scores caculated by the model served as the basis for classification. To 
determine the model’s efficacy in distinguishing between normal and 
pathological images, we hypothetically set a threshold for anomaly 
scores. This threshold was set one standard deviation above the mean 
score of the normal class to minimize false positives. The estimated 
number of true positives suggests that the U-AnoGAN model would 
correctly identify approximately 9.50 out of 10 COVID-19 cases and 
9.84 out of 10 pneumonia cases. The false negatives were minimal, with 
an estimated 0.50 for COVID-19 and 0.16 for pneumonia out of 10 cases. 
For the normal class, the model was estimated to correctly identify 8.41 
out of 10 cases, with approximately 1.59 out of 10 cases being false 
positives. These performance estimates underscore the potential of the 
U-AnoGAN model as a highly sensitive tool for anomaly detection in 
medical imaging, with a reasonable specificity that can be further 
improved. The model’s ability to discern subtle anomalies characteristic 
of COVID-19 and pneumonia from normal variation in medical images is 
critical for aiding diagnosis and enhancing clinical decision-making 
processes. 

5. Discussion 

In this paper, we proposed a novel algorithm which is specialized at 
anomaly detection especially for the medical datasts. The key findings of 
this research highlight the potential and limitations of various models, 
including AnoGAN, SR-AnoGAN, and the proposed U-AnoGAN, in 
addressing challenges associated with Clinical Decision Support Systems 
(CDSS). As shown in above result section, The results indicate that while 
both AnoGAN and SR-AnoGAN have their merits, they also possess 
limitations that hinder their optimal performance in healthcare appli
cations. The variability in AnoGAN’s performance and the subtleness of 
SR-AnoGAN’s distinctions emphasize the need for further refinement 
and adaptation. 

Fig. 6. Depicting loss and accuracy graphs from training and validation datasets.  

Fig. 7. Depicting results of U-net: lung masks were extracted from the pro
posed dataset. 
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On the other hand, U-AnoGAN emerges as a promising solution, 
addressing some of the limitations faced by its predecessors. Its high 
accuracy in classification tasks and its ability to provide clear visuali
zations of abnormal regions suggest that it could be a valuable tool in 
medical diagnosis. The success of U-AnoGAN in utilizing mask images 
also indicates the possibility of expanding this approach to other types of 
medical data, potentially broadening its applicability in the healthcare 
sector. 

Our approach, although innovative, has certain constraints. U-Ano
GAN relies heavily on the quality and the representativeness of the mask 
images used during the training phase. The model’s performance could 
be compromised if the mask images are not properly segmented or if 
they do not capture the full spectrum of normal variability. Further
more, the model’s current configuration is specifically tailored for lung- 
related pathologies, which may limit its direct applicability to other 
types of medical images without further adaptation. 

To address these limitations, future work could explore the use of 
UKSSL: Underlying Knowledge-based Semi-Supervised Learning, which 
has shown potential in utilizing unlabeled data more effectively, thereby 
potentially providing a richer training dataset for models like U-Ano
GAN [26,27]. Additionally, the incorporation of techniques from weakly 
supervised machine learning could offer avenues to leverage less precise 
annotations, which are often more readily available in medical datasets. 

The methodological advancements introduced by U-AnoGAN align 
with the trajectory of recent research in medical image analysis. By 
focusing on the utility of mask images and refining the anomaly detec
tion process, we aim to build upon the foundational work laid by 
existing methods, moving towards more precise and interpretable 
models that can effectively tackle data imbalance. 

6. Conclusion 

The models proposed in this study have substantial potential to 
contribute to the development of Clinical Decision Support Systems 
(CDSS). This paper addresses the challenge of data imbalance, 
enhancing the predictive capabilities of CDSS by employing innovative 
approaches such as AnoGAN, SR-AnoGAN, and U-AnoGAN. These 
models improve anomaly detection accuracy, enabling CDSS to deliver 
more accurate and timely diagnoses, leading to early intervention and 
personalized treatment plans. By empowering healthcare professionals 
with valuable insights, the proposed model would enhance the effec
tiveness of CDSS in improving patient outcomes [28,29]. 

Moreover, the scope of the suggested models transcends the resolu
tion of data imbalance and black box conundrums. They effectively 

Fig. 8. Visual outcomes of U-AnoGAN’s anomaly detection: This figure displays the anomaly detection results for each dataset. Red areas signify anomalous regions 
indicative of potential pathology, while blue areas represent normal findings. This visualization emphasizes U-AnoGAN’s refined focus on lung pathology and 
showcases the model’s capability to differentiate between normal and abnormal tissue, which is critical for accurate medical diagnosis. 

Fig. 9. Kernel Density Estimation (KDE) plots of anomaly scores by U-AnoGAN: 
The plots demonstrate the distribution of anomaly scores for Pneumonia, 
Normal, and Covid-19 datasets. The clear separation between the normal and 
diseased datasets validates U-AnoGAN’s discriminatory power and its effec
tiveness in anomaly score computation, offering insights into the model’s reli
ability for clinical applications. 

Fig. 10. Distribution plots of anomaly scores from U-AnoGAN: Highlighting the 
comparative anomaly scores for Pneumonia, Normal, and Covid-19 datasets. 
The plots confirm that normal datasets feature significantly lower anomaly 
scores, which helps in distinguishing between healthy and diseased states. This 
figure supports the robustness of U-AnoGAN in providing quantitative assess
ments for medical diagnosis. 
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surmount the shortcomings of preceding AnoGAN models by incorpo
rating groundbreaking improvements. The black box problem is critical 
since it is directly related to the interpretability of the CDSS [30]. 
Medical professionals are more likely to trust and use AI tools if they 
understand how they reach their conclusions, thus, a clear under
standing of how the model works can increase the adoption rate of such 
systems [31]. U-AnoGAN, integrating U-Net for organ delineation and 
AnoGAN for anomaly detection, refines the anomaly scoring mechanism 
by concentrating on key regions. This tactic bolsters interpretability, 
minimizes noise, and escalates diagnostic precision, outperforming the 
constraints of earlier AnoGAN models. 

Overall, the proposed models represent significant advancements in 
the field of CDSS, enhancing their diagnostic capabilities, improving 
patient care, and equipping healthcare professionals with advanced AI- 
driven tools [32]. By addressing data imbalance and introducing inno
vative techniques for image generation and anomaly detection, these 
models contribute to the continuous development and effectiveness of 
CDSS, shaping the future of healthcare decision-making. However, there 
is still an issue with bias problems when applying AI to medical datasets. 
For instance, bias can also plague the AI system, further intensifying 
pre-existing disparities tied to various factors, including race, ethnicity, 
religion, gender, disability, or sexual orientation. Therefore, to address 
the ongoing ‘black box’ problem and working towards developing more 
transparent and explainable AI models remain critical to fostering trust 
and acceptance among healthcare professionals[33]. 
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