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Comments:

1. It would be interesting to understand the quality of images in the database. Were the
images all looking ideal, normalized wrt some parameters? Did the author carry out
any quality check on the images and any pre-processing steps were used before

using them for deep learning?
Response:

The quality of images varies across the Chest X-Ray, ACDC, and SunnyBrook databases,

each serving specific purposes in medical imaging research.

1. The ChestX-ray Dataset: Dataset has extensive pre-processing to avoid class imbalance
due to insufficient sample images from one particular class. So, to achieve that, we have
applied the data augmentation method to increase the number of sample images and make
it a uniform distribution. In order to perform data augmentation, we have tried
ImageDataGenerator module from Keras library by tuning various data augmentation
parameters like rescale = 1/255, rotation range = 20, width_shift range = 0.2,
height shift range = 0.2, and, also, we set horizontal flip = True, as in chest X Ray, we
are mainly focusing about the vertical area, so horizontal flip does not make any such
difference and hence does not lose much information. In order to remove duplicate
images, we searched for exact duplicates or near exact duplicates with the help of Pillow
library in python. With the help of hashing, we successfully removed these kinds of
duplicates. We have also selected the same number of images from each class to avoid
overfitting or underfitting to one particular class. The network remains unbiased to any

specific class when performing classification tasks.



2. ACDC Database: The ACDC (Automated Cardiac Diagnosis Challenge) database
provides high-quality cardiac MRI images with fine pixel-level panoptic semantic
annotations for adverse conditions. The emphasis is on detailed annotations and

controlled imaging conditions .

3. SunnyBrook Database: The SunnyBrook Cardiac Data (SCD) contains cardiac
cine-MRI images used in the 2009 Cardiac MR Left Ventricle Segmentation Challenge. It
consists of 45 cine-MRI images from mixed sources. The quality of images may vary due

to the different sources and the challenges associated with cardiac MRI acquisition .

In summary, the ACDC database is known for its high-quality cardiac MRI images with
detailed annotations. The quality of images in ChexNet and SunnyBrook databases can

vary depending on the specific dataset sources and imaging conditions .

2. I request the author to comment in general how the contrast inhomogeneities,
subject variations from patient to patient or changes in acquisition parameters can
affect the outcomes of the training. In general, a comment on this for both chapters
3 and 4 would be useful for future researchers trying to curate a database or use the

same database for training.

Response:

Certainly, the factors you've mentioned—contrast inhomogeneities, subject variations,
and changes in acquisition parameters—can significantly impact the outcomes of training
deep learning models on medical image datasets like ChexNet. Here's an explanation of

how each of these factors can affect training outcomes:

1. Contrast Inhomogeneities: Medical images, including X-rays, can exhibit variations
in contrast due to factors such as the imaging equipment used, the patient's condition, and

the imaging technique. These variations can impact the visual features that the model



learns during training. If not addressed, the model might struggle to generalize across
images with differing contrast levels, potentially leading to reduced diagnostic accuracy.
Pre-processing techniques that normalize contrast or apply histogram equalization can

help mitigate these variations.

2. Subject Variations from Patient to Patient: Patients' physical characteristics, body
positions, and underlying medical conditions can result in significant variability in the
appearance of pathologies in medical images. Deep learning models trained on a dataset
with diverse subject variations might inadvertently focus on irrelevant features or be
sensitive to non-essential differences. Robust models need to learn the essential
disease-related patterns while ignoring irrelevant variations. Data augmentation
techniques, combined with careful curation of diverse patient cases, can help models

become more resilient to subject variations.

3. Changes in Acquisition Parameters: Different medical facilities might employ
varied acquisition parameters such as X-ray machine settings, exposure levels, and
positioning protocols. These parameter differences can introduce image variations that
the model may not have encountered during training. Consequently, the model's
performance might degrade when applied to images acquired with different parameters.
To address this, a diverse dataset that incorporates a range of acquisition settings can aid

the model in learning to handle variations eftectively.

In addressing these challenges, researchers and authors often take the following steps:

- Data Augmentation: By applying various transformations during training, like
rotations, flips, and deformations, models can learn to handle subject variations and

changes in acquisition parameters.

- Normalization: Normalizing pixel values and contrast can help mitigate the effects of

contrast inhomogeneities, making the data more consistent for the model.



- Data Diversity: Ensuring that the dataset encompasses a broad range of patient profiles,
disease severities, and acquisition conditions can improve the model's generalization

capabilities.

- Regularization Techniques: Techniques like dropout and batch normalization can help

models become more robust to variations during training.

- Validation and Testing: Rigorous validation on diverse datasets, including data
collected from different sources, can reveal how well the model generalizes across
variations. Testing the model's performance on external datasets can provide insight into

its real-world applicability.

In summary, understanding and addressing contrast inhomogeneities, subject variations,
and changes in acquisition parameters are crucial for developing deep learning models on
medical image datasets like ChexNet. A combination of pre-processing techniques,
diverse data curation, and appropriate training strategies can help models navigate these

challenges and produce more reliable and generalizable diagnostic outcomes.

3. Various deep learning architectures have been explored for x Ray classification and
segmentation. Chapter 3 describes a couple of models. The results reported in
chapter 3 shows accuracies of the proposed model compared with reported
literatures (table 3.1). The results show good comparison with the existing models
with the same data. It would be good if the author can comment on what could

improve the performance of a 4 class data.

Response:
Certainly, improving the performance of a 4-class classification model on the ChexNet
dataset, which includes Covid, normal, viral pneumonia, and bacterial pneumonia cases,
involves a combination of data-related strategies and model optimization techniques.

Here's a comprehensive response on how the model's performance can be enhanced:



1. Data Augmentation: Expanding the dataset through data augmentation techniques can
improve model generalization. By applying transformations like rotations, flips, and
scaling to the images, the model learns to recognize the same pathology from different

perspectives, making it more robust to variations in presentation.

2. Balancing Class Distribution: Ensure that the dataset has a balanced representation of
all four classes. If one class has significantly fewer samples, the model may struggle to
learn patterns from that class. Techniques like oversampling, undersampling, or

generating synthetic samples can help achieve a more equitable distribution.

3. Fine-Tuning and Transfer Learning: Start with a pre-trained model, such as one
trained on a large dataset like ImageNet. Fine-tune the model's weights using the
ChexNet dataset. This leverages the features learned from a larger dataset and can lead to

improved performance on the target classes.

4. Architecture Selection: Experiment with different deep learning architectures suitable
for image classification tasks. Popular architectures include Convolutional Neural
Networks (CNNs) like ResNet, DenseNet, and Inception. The architecture's depth and
complexity should match the size of the dataset and the complexity of the classification

task.

S. Hyperparameter Tuning: Tune hyperparameters like learning rate, batch size,
optimizer, and regularization strength. A grid search or random search approach can help

identify the optimal combination of hyperparameters that yield the best performance.

6. Regularization Techniques: Implement regularization techniques like dropout and
batch normalization to prevent overfitting and improve model generalization to unseen

data.



7. Attention Mechanisms: Utilize attention mechanisms, such as self-attention or spatial
attention, to enable the model to focus on more informative regions of the images. This

can enhance the model's ability to capture subtle patterns.

8. Ensemble Learning: Combine predictions from multiple models to create an
ensemble. Ensemble methods can improve performance by reducing bias and variance

and capturing diverse patterns in the data.

9. Progressive Learning: Train the model progressively by starting with simpler tasks
and gradually increasing the complexity. This approach allows the model to learn

progressively more challenging patterns, leading to better convergence.

10. Transfer Learning with Domain Adaptation: If there are domain-specific
variations in the ChexNet dataset, consider techniques like domain adaptation. This
involves adapting the model to the target domain while leveraging knowledge from the

source domain.

11. Interpretable Al Techniques: Employ techniques like Grad-CAM
(Gradient-weighted Class Activation Mapping) to visualize and interpret the areas of the
image that the model focuses on when making predictions. This can provide insights into

the model's decision-making process.

12. Regular Monitoring and Model Updating: Continuously monitor the model's
performance on validation and test sets. If the performance plateaus or degrades, consider

updating the model with new data or refining the training process.

In conclusion, improving the performance of a 4-class classification model on the
ChexNet dataset requires a multifaceted approach that includes data augmentation,
balanced classes, architecture selection, hyperparameter tuning, regularization, and

potentially advanced techniques like attention mechanisms and ensembling.



Experimentation, iterative refinement, and a deep understanding of the dataset's nuances

are key to achieving optimal performance.

4. Chapter 4 describes the transfer learning approach for detection of Covid 19 from
CT/X rays and presents an efficient classification methodology for the precise
identification of infection caused by Covid-19 using CT and X-ray images. Features
were extracted using MobileNet V2 and classification was carried out through SVM.
Figure 4.2 shows a flow chart with 'other lung diseases'. However, from the data
used and results, it is not clear if it is a two class problem that classifies normal and
covid cases or if other classes of diseases were also present in the training set. Please
clarify this in the chapter. In Fact the title of the thesis itself says transfer learning

approach to multiclass classification. Please clarify this in the thesis.

Response:

In this paper, a different Chest X-Ray and CT dataset was used, as curated by the authors,
and is available as open source on Kaggle . It has released 219 COVID-19, 1341
Normal, and 1345 Viral Pneumonia Chest X-ray (CXR) images. In this paper, our goal
was to identify the presence of Covid-19, Normal vs Other lung diseases (Viral
Pneumonia), and the term ‘other lung diseases’, have been used for Viral Pneumonia

cases, and It is a multi class classification problem.

5. Please shine more details on the database and type of data used. (what type of
images, Classes of images in the database, etc) were used for training the Mobile Net

SVM for transfer learning?

Response:
The Curated database is of chest X-ray images for COVID-19 positive cases along with
Normal and Viral Pneumonia images, available on Kaggle. This COVID-19, normal, and



other lung infection dataset is released in stages. In the first release, it has released 219
COVID-19, 1341 normal, and 1345 viral pneumonia chest X-ray (CXR) images. In the
first update, they have increased the COVID-19 class to 1200 CXR images. In the 2nd
update, they have increased the database to 3616 COVID-19 positive cases along with
10,192 Normal, 6012 Lung Opacity (Non-COVID lung infection), and 1345 Viral

Pneumonia images and corresponding lung masks.

6. ChapterS discusses a cascaded model for weakly supervised segmentation of the left
ventricle in Cardiac MR Images. The approach here is very interesting. The author
uses various traditional segmentation algorithms based on techniques like Seed
Region growing, Random Walker, and K-Means clustering and the generated masks

are used to train the deep learning model to get the final segmentation.

Response:

Not Applicable (Thanks for the compliment)

7. The proposed method is validated for the segmentation of the left ventricle in
cardiac magnetic resonance images (ACDC Dataset). The method is again
cross-validated with another dataset on which the model is not previously trained.
The author might explain a little bit in detail whether a transfer of learning
approach was actually implemented in this problem or the outcomes of the

traditional segmentation results were used as ground truths to the DL algorithm.

Response:

In this study, we present a novel approach for weakly supervised segmentation by
combining established conventional segmentation techniques with contemporary deep
neural network architectures. Our methodology entails a cascade of traditional methods
including seed region growing, random walker, and K-means clustering, which operate

on pixel classification based on intensity levels. These traditional methods are employed



to extract initial patch-based segmentations, yielding binary masks that are subsequently
input into a newly proposed deep neural network. This network integrates an autoencoder
with a U-Net style skip connection to accomplish the segmentation task. The autoencoder
architecture aligns with U-Net's structure, comprising four layers and encoder-to-decoder
skip connections to retain spatial-temporal feature maps. Distinctively, U-Net employs
upsampling in the decoder to match feature map sizes, whereas the autoencoder employs
pooling. Thus, our approach leverages an adapted U-Net architecture, customarily
referred to as a variant of U-Net, for our segmentation task. It's noteworthy to mention
that this adaptation, while utilizing the Unet framework, does not encompass pre-existing
weights or parameters from previous tasks. Consequently, this process diverges from
transfer learning, which specifically encompasses the utilization of prior knowledge to

enhance performance on new tasks.
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Comments:

1. Very thoroughly researched the scope of the problem.

2. Very clear summary of the findings in each area of the current imaging
techniques.

3. Application of the new transfer learning was demonstrated.

4. Delineation of the limitations of the newer techniques of analysis.

5. Combining the other modalities of investigations with the new methodology
would greatly enhance diagnostic value.

6. Liked the statement on future prospects.

List of points for clarification

1. The x-ray images used in the manuscript, page 49, are from different age groups.
Does it mean the pathology is similar among all ages? The criteria for diagnosis can
be different. Please explain. You may be able to achieve higher accuracy and
precision when similar ages are combined for the model building. It is not only the
diagnostic criteria which can be generalized to other age groups because many times
the pathological evolution can be different. So be careful, the model is not

generalizable and applied to tests from the training group.

Response:

The concerns raised align closely with considerations when working with the ChexNet
dataset for multi-class classification involving four categories: Covid, normal, viral
pneumonia, and bacterial pneumonia. The dataset incorporates X-ray images from
diverse age groups, prompting a closer examination of the relationship between age,

pathology presentation, and diagnostic accuracy.



1. Age-Related Pathology Variation: Notably, the ChexNet dataset comprises X-ray
images from individuals spanning various age groups. This variation in age introduces
the possibility of distinct pathology presentations across these groups. Pathologies might
manifest differently due to developmental factors, changes in the immune system, or

other age-related influences, potentially influencing the accuracy of diagnostic models.

2. Age-Dependent Diagnostic Criteria: Another pertinent consideration is the influence
of age on diagnostic criteria. The criteria for identifying specific pathologies could indeed
differ across age groups. Physiological and developmental disparities might lead to
different diagnostic thresholds. Thus, a model trained predominantly on one age group
might not seamlessly apply its learned criteria to others, which is a limitation for a

generalized model.

3. Age-Constrained Model Performance: It's worth noting that training models on
age-specific subgroups could enhance accuracy and precision for those groups. Similar
age cohorts might exhibit consistent pathological patterns that the model can more
effectively learn. However, this approach risks creating models that are optimized for
narrow age ranges and struggle with unfamiliar age groups due to the complexities tied to

age-related variations.

4. Model Generalization Challenge: The cautionary insight about model
generalizability is pertinent. If a model trained predominantly on one age demographic is
employed to analyze X-ray images from distinct age groups, its performance might
diminish. Variances in pathology presentation and diagnostic criteria could compromise
its efficacy, highlighting the need for models capable of accommodating diverse

age-related factors.

5. Age-Related Pathological Evolution: Indeed, the evolution of pathologies can
diverge across different age groups. The progression of diseases might differ in pediatric,
adult, or elderly patients, warranting consideration of age-related nuances when

constructing and assessing diagnostic models.



To recap, while pursuing heightened accuracy by focusing on specific age groups during
ChexNet model training is appealing, it's pivotal to strike a balance between precision
and broad applicability. Comprehensive evaluation across diverse age groups and
external datasets is essential to ensure models perform adeptly across various cases.
Acknowledging and addressing age-associated disparities in pathology presentation,
diagnostic criteria, and pathological progression is key to developing resilient and

dependable diagnostic models.

Suggestions for modification etc.

2. Assumption of the diagnostic criteria is a static belief as our understanding about
any disease increases so does the diagnostic criteria. With the changing diagnostic

criteria over time how does the model capability improve with that change in time.

Response:

Certainly, the query you've presented delves into an important aspect of diagnostic
models, especially in the context of medical image analysis like the ChexNet dataset.
Here's an explanation of how models' capabilities might evolve with changing diagnostic
criteria over time:

1. Dynamic Nature of Diagnostic Criteria: Diagnostic criteria for medical conditions
are not static; they evolve as our understanding of diseases improves. As medical
research advances, new insights and discoveries lead to refined criteria for diagnosing
various pathologies. This dynamic nature reflects the complexity of medical science and
the ongoing pursuit of accuracy in diagnosis.

2. Model Adaptation to Changing Criteria: Deep learning models like those used in
medical image analysis, including ChexNet, possess the potential to adapt to changing
diagnostic criteria. However, this adaptation is contingent upon timely updates to the
model's training data and retraining processes. When diagnostic criteria change,
incorporating updated data that reflects these changes becomes essential to ensure the
model remains accurate and aligned with current medical knowledge.



3. Continuous Learning and Retraining: One way to enable models to accommodate
changing diagnostic criteria is through continuous learning and retraining. Models can be
periodically retrained using new data that reflects the updated criteria. This process
allows the model to learn the evolving patterns and characteristics associated with the
revised criteria.

4. Incremental Improvement: Over time, as models are exposed to more varied and
up-to-date data, their performance can incrementally improve. This improvement reflects
the model's ability to learn and generalize from a broader range of cases. As new data
with revised diagnostic criteria is introduced, the model may gradually refine its ability to
accurately diagnose diseases based on the latest understanding.

5. Challenges and Caveats: Adapting models to changing criteria comes with
challenges. Models need to be validated rigorously after updates to ensure they retain
their generalization capabilities and do not overfit to specific changes. Striking a balance
between retaining knowledge learned from previous data and incorporating new
information is vital to maintaining robust model performance.

6. Collaboration with Medical Experts: Close collaboration between machine learning
practitioners and medical experts is essential. Medical professionals can provide insights
into changing diagnostic criteria, helping guide the model's retraining process effectively
and ensuring it aligns with the current medical landscape.

In summary, while deep learning models have the potential to improve their capabilities
with changing diagnostic criteria, this improvement requires a proactive approach
involving continuous learning, retraining, validation, and collaboration between machine
learning experts and medical professionals. By incorporating updated data and
maintaining a flexible learning approach, models can adapt to evolving medical
knowledge and contribute to more accurate and relevant diagnoses.
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Dear Reviewer,

I wish to express my gratitude for your constructive feedback and insights. I have taken the time
to thoroughly assess the research papers you shared, conducting an extensive literature review in
the process. As a result, I have embarked on an in-depth exploration of the potential influence of
age and gender-related biases on the classification of COVID-19 compared to other pneumonia

types, utilizing X-ray images as our primary dataset.

I have carefully considered your suggestions regarding the comparison of X-rays of adult
individuals with COVID-19, bacterial pneumonia, and viral pneumonia to adult "normal" X-rays,
as well as comparing COVID-19, bacterial pneumonia, and viral pneumonia cases with normal
X-rays of children of similar ages. These comparisons, undoubtedly, could provide deeper

insights into the relationships between age, gender, and the diagnoses of these conditions.

I wholeheartedly acknowledge the significance of your comments, which underscore the critical
importance of considering these demographic factors within the context of medical image
analysis. Your dedication to advancing the quality of research in this field is deeply appreciated

and serves as a motivating force for my work.

However, I would like to provide some context to explain why I missed these important key

aspects in my thesis :
Dataset and Computational Challenges:

The dataset utilized for my research lacked age and gender-related metadata, except that it was
mentioned as an adult chest X-Ray dataset. Unfortunately, specific age information was not
available. This limitation was a consequence of the dataset's unavailability during the early
stages of the COVID-19 pandemic when comprehensive data was not widely accessible,

particularly with detailed age, gender, or demographic information.



It is worth noting that the dataset landscape has evolved since then, and more comprehensive
datasets have become available, as evidenced by the studies you referenced in your comments.
However, the challenges presented by these larger, more detailed datasets extend beyond just

their availability. They pose significant computational demands and time constraints.

I trust this clarification provides a more accurate picture of the constraints I faced during the
research phase, which limited my research to a more generalized version, rather than a

specialized or micro study approach.

Action Points Taken (Thesis Modification):

I have implemented several revisions in my thesis, which I have appended to the end of this
response letter, distinctly marking the key points I have incorporated for your convenience.
Furthermore, I have integrated these modifications into the thesis itself, in accordance with your

insightful recommendation to enhance its overall quality.

By keeping these things in mind, we can work towards creating more versatile and effective
models for COVID-19 detection in both adult and pediatric populations, ultimately improving
diagnostic accuracy and benefiting the field of medical imaging and healthcare as a whole. [ am
committed to further exploring these critical aspects in future research endeavors as well. I

appreciate your understanding of the complexities involved in this situation.

Once again, | extend my heartfelt appreciation for your thoughtful review and for sharing
valuable articles that support the consideration of age and gender-related biases in medical
image analysis. Your feedback has been instrumental in shaping the trajectory of my research,

and I look forward to your continued guidance.

Sincerely, I

. . D
Alok Tiwari, Research Scholar %‘) M}'o
School of Biomedical Engineering,

IIT-BHU, Varanasi, UP
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4. Incremental Improvement: Over time, as models are exposed to more varied and up-to-date
data, their performance can incrementally improve. This improvement reflects the model’s ability
to learn and generalize from a broader range of cases. As new data with revised diagnostic criteria
is introduced, the model may gradually refine its ability to accurately diagnose diseases based on

the latest understanding.

5. Challenges and Caveats: Adapting models to changing criteria comes with challenges.
Models need to be validated rigorously after updates to ensure they retain their generalization
capabilities and do not overfit to specific changes. Striking a balance between retaining knowledge
learned from previous data and incorporating new information is vital to maintaining robust model

performance.

6. Collaboration with Medical Experts: Close collaboration between machine learning prac-
titioners and medical experts is essential. Medical professionals can provide insights into changing
diagnostic criteria, helping guide the model’s retraining process effectively and ensuring it aligns

with the current medical landscape.

In summary, while deep learning models have the potential to improve their capabilities with
changing diagnostic criteria, this improvement requires a proactive approach involving continuous
learning, retraining, validation, and collaboration between machine learning experts and medical
professionals. By incorporating updated data and maintaining a flexible learning approach, models

can adapt to evolving medical knowledge and contribute to more accurate and relevant diagnoses.

3.5.5 Evaluating model robustness: Age-Group Generalization

To acknowledge the importance of age and gender-related biases in medical imaging, and in order
to validate our model on age-related variations [58], I have downloaded a smaller dataset sample
from Kaggle, which is specifically mentioned as the children’s chest X-ray dataset. The dataset is
organized into 3 folders (train, test, val) and contains subfolders for each image category (Pneu-

monia/Normal). There are 5,863 X-Ray images (JPEG) and 2 categories (Pneumonia/Normal).

Chest X-ray images (anterior-posterior) were selected from retrospective cohorts of pediatric pa-
tients of one to five years old from Guangzhou Women and Children’s Medical Center, Guangzhou.

All chest X-ray imaging was performed as part of patients’ routine clinical care.

For the analysis of chest X-ray images, all chest radiographs were initially screened for quality

control by removing all low-quality or unreadable scans. The diagnoses for the images were then
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graded by two expert physicians before being cleared for training in the Al system. In order to

account for any grading errors, the evaluation set was also checked by a third expert.

I took a sample dataset from the above which includes 1400 images, which has been split into
training (1120 images) and testing (280 images) sets with a split ratio of 0.75. It consists of three
classes, namely - Normal, Viral Pneumonia, and Bacterial Pneumonia. I have trained the proposed

model on this dataset, and the model’s test performance results are as follows:
Classification Results (Normal Vs Pneumonia for children chest X-Ray dataset)
Predicted Positive  Predicted Negative

Actual Positive 130 30
Actual Negative 35 85

Accuracy

(TP + TN )/(TP + TN + FP + FN) = = (130 + 85) / (130 + 85 + 35 + 30) = 67.83 %
Presicion

TP / (TP + FP) = 130 / (130 + 35) = 78.79 %

Recall

TP / (TP + FN) = 130 / (130 + 30) = 81.25 ¥%

F1-Score

2 * (Precision * Recall) / (Precision + Recall)

=2 * (0.7879 * 0.8125) / (0.7879 + 0.8125) = 79.99 ¥

3.5.6 Model Performance Comparison (Adult vs Children)

Upon scrutinizing the outcomes presented above and in direct contrast to the model’s performance
when applied to the adult dataset, it is evident that the corresponding metrics exhibit notable
disparities [58] [59], [60], [61], [62], [63]. This disparity is visually represented in the accompanying

table:
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Dataset Model Train Accuracy  |Val Accuracy Test Accuracy

ResNet 0.99 0.97 0.98
VGG-16 0.97 0.96 0.96
Adult ChestX-ray ) ception Net 0.95 0.93 0.94
Proposed Net 0.97 0.96 0.97
ResNet 0.62 0.58 0.61
. |VGG-16 0.61 0.59 0.58
Children Xhest X-Ray [, eption Net 0.59 0.57 0.56
Proposed Net 0.67 0.61 0.59

In order to Justify poor model performance on a children’'s X-ray dataset compared to an adult
chest X-ray dataset for COVID-19 detection can be attributed to several probable factors. Here is

a proper justification for this difference in performance:
1. Age-Related Differences in Disease Presentation:

COVID-19 can manifest differently in children compared to adults. Children often exhibit milder
symptoms, and their chest X-rays may not show the same level of pathology as those of adults
[61, 62, 64]. This fundamental difference in disease presentation can make it more challenging to

detect COVID-19 in children through imaging alone.
2. Dataset Size and Diversity:

The size and diversity of the dataset play a crucial role in model performance. Adult chest X-ray
datasets are typically more extensive and well-annotated than children’s datasets [65] due to the
higher incidence of chest X-ray imaging in adults. A smaller and less diverse dataset for children

can limit the model’s ability to generalize to a broader population.
3. Data Imbalance:

Children’s X-ray datasets may suffer from class imbalance [65], where the number of COVID-19
cases is significantly lower than other conditions or normal cases. This imbalance can lead to bias
in the model, making it more proficient at classifying the majority class (e.g., normal cases) and

less accurate in identifying the minority class (COVID-19 cases).
4. Developmental Differences in Anatomy:

Children’s anatomy differs [7] from that of adults, and their chest X-ray images can vary in terms

of size, structure, and growth-related changes. Models trained primarily on adult datasets may
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struggle to adapt to these age-specific anatomical variances, affecting their performance on pediatric

X-rays.
5. Limited Availability of Pediatric Data:

Pediatric-specific COVID-19 datasets, especially those containing a large number of X-ray images,
may be limited [66] in comparison to adult datasets. This scarcity of data can hinder model training

and result in suboptimal performance.
6. Technical Challenges in Pediatric Imaging:

Capturing high-quality X-ray images of children can be technically challenging[67] due to their
smaller size and higher likelihood of movement during the imaging process. Lower image quality

can introduce noise and reduce the model’s ability to detect subtle abnormalities.
7. Model Optimization for Age Groups:

Models optimized for adult chest X-ray analysis may not be suitable for pediatric cases without
fine-tuning or transfer learning [68]. Age-specific model optimization is crucial to adapt to the

unique characteristics of pediatric X-rays.
8. Disease Prevalence in the Population:

The prevalence of COVID-19 may differ between adults and children in a given population [69]. A
lower prevalence in the pediatric population may result in fewer positive cases for model training,
making it more challenging for the model to learn the patterns specific to pediatric COVID-19

cases.

In summary, the poorer model performance on a children’s X-ray dataset compared to an adult
chest X-ray dataset for COVID-19 detection can be attributed to a combination of differences
in disease presentation, dataset characteristics, anatomical variances, and techmical challenges.
Addressing these challenges may require dedicated efforts, including the collection of more extensive

and diverse pediatric datasets and the development of age-specific model optimizations.

3.5.7 Achieving the enhanced generalization capabilities of the model

To develop a model with enhanced generalization capabilities[70] across both adult and pediatric
X-ray datasets, while also improving its performance in the context of COVID-19 classification,

the following research avenues warrant exploration:




Chapter 3. Deep learning-based autornated multi-class classification of chest X-rays into
Covid-19, normal, bacterial pneumonia and viral pnewmonia 72

1. Comprehensive Age-Stratified Datasets:

Collect and curate large and comprehensive X-ray datasets that include both adults and children,
stratified [71] by age groups. Ensure that these datasets capture a wide range of COVID-19 cases,

other pneumonia types, and normal cases for each age group.
2. Anatomical Variation Modeling:

Investigate methods for modeling and accommodating the anatomical variations|72] between adults
and children in chest X-ray images. This could involve developing age-specific preprocessing tech-

niques and data augmentation strategies to standardize image size and features.
3. Transfer Learning and Fine-Tuning:

Explore transfer learning techniques by pretraining models on adult chest X-ray datasets and fine-
tuning [73] them on pediatric datasets. Fine-tuning should consider the differences in age groups,

enabling the model to adapt to both populations effectively.
4. Age and Gender Biases:

Investigate the impact of age and gender biases [61] in COVID-19 classification. Analyze how these
biases affect model performance and develop techniques to mitigate bias-related challenges for both

adults and children.
5. Ensemble Models:

Evaluate the effectiveness of ensemble models [74] that combine predictions from multiple models,
each specialized for a specific age group. This can help improve overall model performance and

robustness.
6. Data Augmentation and Synthesis:

Develop advanced data augmentation and synthesis techniques [75] specifically designed for pedi-
atric X-ray images. These methods can help address the challenges posed by smaller datasets for

children.
7. Explainable AI in Pediatric Medicine:

Incorporate explainable Al techniques to provide interpretable results for pediatric COVID-19
diagnosis [76]. This can enhance the trust and adoption of Al-based diagnostic tools in pediatric

medicine.
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8. Clinical Validation and Collaboration:

Collaborate with medical professionals to validate model performance in real clinical settings.
Gather feedback from clinicians [77] to fine-tune the models for practical use and ensure alignment

with clinical needs.
9. Multimodal Approaches:

Investigate the potential benefits of combining X-ray data with other clinical data modalities [78],
such as patient history and laboratory results, to enhance diagnostic accuracy for both adults and

children.
10. Robustness to Noise and Image Quality:

Develop models that are robust to variations in image quality and noise [79], which can be common

in pediatric X-rays. This can involve preprocessing techniques to enhance image quality.
11. Ethical Considerations:

Address ethical considerations [80] related to pediatric data collection and model deployment,

ensuring that privacy and informed consent protocols are in place.
12. Knowledge Sharing and Collaboration:

Foster collaboration among researchers, medical institutions, and data providers to share knowl-
edge, datasets, and best practices for developing generalized models for COVID-19 detection across

different age groups.

By considering the above-mentioned points, we can work towards creating more versatile and effec-
tive models for COVID-19 detection in both adult and pediatric populations, ultimately improving

diagnostic accuracy and benefiting the field of medical imaging and healthcare as a whole.

3.5.8 Discussion and Conclusion

In this paper, we have proposed a transfer-learning-based model, which discusses three case studies

1. Four-Class Classification
2. Three-Class Classification

3. Two-Class Classification
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