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OZET

MEDIKAL GORUNTU ALANI ICIN FEDERE OGRENME CERCEVELERININ
KARSILASTIRILMASI

Kenan KOCADURDU

Bilgisayar Miihendisligi Anabilim Dali

[zmir Bakirgay Universitesi, Lisanststi Egitim Enstitlisti, Temmuz 2023
Danigman: Prof. Dr. Adil ALPKOCAK

Tibbi goriintiileme, hastaliklarin teshis ve tedavisinde kritik bir rol oynamakta olup,
karmasik ve heterojen verilerin biiyiik miktarlarini iiretmektedir. Tibbi goriintiileme verileri
Uzerinde makine o6grenimi modelleri egitmek, veri karmasikhigi, kithgr ve gizlilik
diizenlemeleri gibi zorluklarla karsilasmaktadir. Federated Learning (FL), gizliligi riske
atmadan birden fazla cihaz veya veri merkezi Uzerinde dagitilmis verilerle modellerin
egitilmesini saglayan bir dagitik makine 6grenimi ¢dziimii olarak ortaya ¢ikmistir. Bu tezde,
tibbi gorintileme alaninda FL cercevelerinin kapsamli bir analizini sunmaktayim.
MobileNetV2 CNN mimarisi ve gogilis rontgeni goriintiilerinden olusan bir veri kiimesi
kullanarak dort cercevenin (FedML, FLARE, Flower ve OpenFL) performansini
karsilastiriyorum. Degerlendirme metrikleri arasinda hassasiyet, geri ¢agirma, F1 puani,
dogruluk ve AUC-ROC bulunmaktadir. Sonuglar, ¢ercevelerin siniflandirma dogrulugunda
farkliliklar oldugunu gostermektedir, FedML {istiin performans sergilerken, onu FLARE ve
Flower takip etmektedir. OpenFL ise daha diisiik performans sergilemistir. Bu bulgular,
dogru FL cercevesinin segiminin dogru tibbi goruntl simmiflandirmasi igin  6nemini
vurgulamaktadir. Caligma, arastirmacilara ve uygulayicilara bilgi saglayarak cerceve
se¢imine yardimci olmakta ve tibbi goriintii analizini gelistirmektedir. ileriki arastirmalar,
gelismis saglik teshisleri i¢in FL'yi ilerletmek igin ek metrikler, mimariler ve veri setleri
iizerinde calisabilir.

Anahtar Sézcukler: Federe Ogrenme; Medikal Gortintii; Degerlendirme Metrikleri.



ABSTRACT

COMPARISON OF FEDERATED LEARNING FRAMEWORKS FOR MEDICAL
IMAGE DOMAIN

Kenan KOCADURDU

Department of Computer Engineering

[zmir Bakircay University, Graduate Education Institute, July 2023
Supervisor: Prof. Dr. Adil ALPKOCAK

Medical imaging plays a crucial role in the diagnosis and treatment of diseases,
generating large amounts of complex and heterogeneous data. Training machine learning
models on medical imaging data faces challenges such as data complexity, scarcity, and
privacy regulations. Federated Learning (FL) has emerged as a solution for distributed
machine learning, allowing models to be trained on data distributed across multiple devices
or data centers without compromising privacy. In this paper, we provide a comprehensive
analysis of FL frameworks for the medical image domain. We compare the performance of
four frameworks (FedML, FLARE, Flower, and OpenFL) using a dataset of chest X-ray
images and the MobileNetVV2 CNN architecture. Evaluation metrics include precision, recall,
F1-score, accuracy, and AUC-ROC. The results indicate variations in the frameworks'
classification accuracy, with FedML demonstrating superior performance, followed by
FLARE and Flower. OpenFL exhibited lower performance. These findings emphasize the
importance of selecting the appropriate FL framework for accurate medical image
classification. The study contributes insights for researchers and practitioners, aiding in
framework selection and improving medical image analysis. Further research can explore
additional metrics, architectures, and datasets, advancing FL in the medical domain for
enhanced healthcare diagnostics.

Keywords: Federated Learning Framework; Medical Image; Evaluation Metrics.
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1. INTRODUCTION

Medical imaging is a rapidly growing field that plays a crucial role in the diagnosis and
treatment of various diseases. Medical imaging modalities such as X-ray, MRI, and CT
generate large amounts of data that contain valuable information about the patient's condition
[1]-[3]. However, training machine learning models on medical imaging data poses several
challenges. First, medical imaging data is highly complex and heterogeneous, and it requires
specialized preprocessing and analysis techniques. Second, medical imaging data is often
scarce, and it can be challenging to collect enough data to train accurate and robust models.
Third, medical imaging data is sensitive and subject to strict data privacy regulations, which
limits the sharing of data between institutions [4], [5].

Artificial intelligence has regained a significant level of interest with the emergence of
breakthrough architectures like AlexNet [6], which won the ILSVRC in 2012 [7]. This event
sparked a resurgence in machine learning, a subfield of Al, and led to remarkable
achievements in computer vision and natural language processing [8], [9]. A critical factor in
this success is the exponentially increasing volume of data, which has been made possible by
advancements in technology. However, this growing amount of data has brought about new
challenges, such as the need for more resources and long training times [10]. As the amount
of data continues to increase exponentially, machine learning model training has evolved
from centralized architectures to more distributed ones. Furthermore, regulations such as the
GDPR [11] added another layer of complexity to data collection and sharing. All this has
given rise to new paradigms, including FL, which was first introduced by MacMahan in 2016
[12]. Despite its relatively short lifespan, a significant amount of work has been done on FL
algorithms, architectures, and frameworks [13] [14] [15] .

In recent years, there has been a growing interest in using FL in the medical domain,
particularly in medical imaging. However, choosing the appropriate framework to implement
these algorithms and architectures has become a critical issue. Researchers such as Kholod |
[16] and Novikova E [17] have evaluated the data obtained from 10T devices using open-
source FL frameworks in their studies. Meanwhile, Liu X [18] and Riviera W [19] have

compared a significant number of frameworks based on various parameters they defined.



Additionally, Chen D et al. [20] have proposed a new framework and compared it with
several existing ones in terms of their effectiveness and efficiency.

In this thesis, | investigate a comprehensive analysis of FL frameworks for the medical
image domain. While the use of FL in this field has been increasing, there has been a lack of
detailed analysis of the frameworks used. Our work aims to address this gap by providing
researchers and providers with a comparative analysis of the training process and model
performance of various FL frameworks for the medical image domain. | believe that our
findings will contribute to the advancement of FL in the medical imaging field and assist
researchers and providers in improving their products.

This thesis is structured as follows. In Section 2, | provide basic definitions for
federated learning. In Section 3, | review related works on comparison of FL frameworks. In
Section 4, | introduce FL frameworks. Section 5 presents the results of our experiments and
evaluations, where | compare the performance of several FL frameworks. Finally, in Section

6, | provide conclusions and suggestions for future research directions.



2. BASIC DEFINITIONS

Machine learning has seen tremendous advancements, particularly in deep learning
techniques. These advancements have enabled more complex models to be developed and
trained, leading to better performance and accuracy in various tasks such as image
recognition, natural language processing, and speech recognition [8], [9]. However, these
advanced models demand an enormous amount of computational power, which has not kept
pace with the rapid advancements in machine learning and the increasing volume of data.
Consequently, training these models on a single machine or even a cluster of machines can
be impractical or unfeasible. Furthermore, with the rise of data, there is a pressing need to
manage and process large amounts of data. Centralized machine learning systems that require
all data to be stored and processed in one location can be inefficient, slow, and raise privacy
concerns. To address these challenges, distributed machine learning architectures have been
proposed, which distribute both the computation and the data across multiple machines [10].
This approach accelerates the training process, and also addresses privacy concerns by
allowing data to remain on the individual machines where it was collected, while still
enabling the creation of a global model. FL is one such paradigm for distributed machine
learning that has gained popularity because it enables training of models on data distributed
across multiple devices or data centers, without the need to transfer data to a central location
[12].

2.1. Federated Learning

The purpose of federated systems is collaboration, and this concept is utilized in various
fields, including government, business, and sports organizations. FL [12] is a collaborative
machine learning technique designed to ensure data privacy. This technique was first
proposed by McMahan in 2016 to provide consumer data privacy as specified in the 2012
White House Report. McMahan defined FL as a collaborative model built with distributed
data on mobile devices.

Distributed machine learning architectures aims to raise a common model with

different data collections at multiple points in parallel [10]. FL is a special type of distributed



machine learning and the obvious differences with other distributed architectures are Non-
IID (Non-Identical Independent Distribution), data privacy and unequal state per node [21]
[22]. Centralized machine learning poses risks to data privacy because it involves collecting
data from different sources and storing it in a central location for training. This centralized
storage creates a single point of failure where data can be compromised. Additionally, it may
not be feasible to collect and store all data in one location due to regulatory or privacy
constraints [21]. FL addresses these concerns by enabling distributed machine learning
without requiring the data to be shared or moved to a central location. In this way, data
remains on the devices where it was collected, and only model updates are shared, reducing
the risk of data exposure. FL also allows for local training of models on sensitive data, such
as medical records, that cannot be shared due to privacy concerns. This makes FL a crucial

technique for protecting data privacy in the era of big data and machine learning [12].

Global
Model @ Sending gradients
on (@ Sending global updates

t &Jzb Local Model

Figure 2.1. Federated Learning Topology [23].

Basic operation of FL, assume we have a dataset D={x,y} where x represents the input
and y represents the output. We want to learn a function f) that can predict the output y given
an input x. In the traditional centralized machine learning approach, we would use this dataset
D to train a model on a centralized server. However, in FL, we want to train the model using

distributed data that is stored on multiple devices (clients) without compromising the privacy



of the data. Let F be the set of all possible models that can be learned from the data. We
define the loss function L(f (x), y) as the difference between the predicted output and the
actual output. In FL, we want to find the optimal model f * that minimizes the average loss
across all clients:
fr = L se (s ),B8))
(g) o oo

where N is the number of clients, xi and yi represent the local data at client i, and Li is
the local loss function for client i. The optimization problem is solved in a distributed manner
using an iterative process that involves the following steps:

e The server selects a subset of clients to participate in the training process

e The selected clients download the current global model from the server and train the
model locally on their data

e The clients upload their updated models to the server

e The server aggregates the models from all clients and updates the global model

e The process is repeated until convergence is reached [12].

FL is a critical technique for protecting data privacy in applications that involve
sensitive data, such as healthcare and finance, where data sharing is restricted due to

regulatory and privacy concerns.
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Figure 2.2. General working process of federated learning [24]



2.2. Categorization of Federated Learning

FL can be classified into several categories based on factors such as data distribution
and privacy mechanisms [13] [15]. In this evaluation, we focus on three categories of FL
based on data distribution: Horizontal Federated Learning, Vertical Federated Learning, and
Transfer Federated Learning.

Horizontal Federated Learning involves data that has the same features and output
labels across all clients. An example of this category is the use of labeled mammography
images with and without cancer obtained from different radiological imaging centers.

Vertical Federated Learning is characterized by data that has the same output but
different features. For example, combining data from radiological imaging centers with data
obtained from insurance companies falls under this category.

Transfer Federated Learning differs from the other two categories as it involves neither
common output nor features. An example is the use of information or models developed for
output B to obtain output A. For instance, using a segmentation model trained for a
segmentation task in space to create a similar model using radiology center data would be an

example of Transfer Federated Learning.
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Figure 2.3. Horizontal Federated Learning [15]
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Figure 2.5. Transfer Federated Learning [15]

2.3.Challenges in Federated Learning

Federated learning (FL) faces unique challenges that differ from those of centralized
machine learning. One major challenge is non-1ID data, where data is not identically
distributed across all clients participating in the FL process. Techniques such as data
normalization and model personalization can be used to address this challenge [25]. Another
significant challenge in FL is ensuring the privacy and security of client data, which is
distributed across many devices in a decentralized manner and thus vulnerable to attacks. To
protect client data during model training, various privacy-preserving techniques, such as
differential privacy and secure aggregation, have been proposed. In addition, FL poses

challenges related to communication efficiency and convergence speed, which can impact



overall system performance. To mitigate these challenges, techniques such as model

compression and parallel processing can be employed [26], [27]

2.4. Federated Learning Frameworks

In this paper, | investigated existing four open-source FL frameworks that are ambitious
in the medical image analysis: FedML [28], Flower [29] , NVIDIA Flare [30], OpenFL [31].

2.4.1. FedML

FedML [28] is an open-source research library and benchmark for federated machine
learning that provides a common interface for researchers and practitioners to easily develop,
benchmark, and compare various FL algorithms.

FedML was developed by researchers from several institutions and is maintained by a
community of contributors. It consists of a comprehensive set of building blocks, including
data loading, model construction, communication, and optimization modules, to enable the
development of customized FL algorithms for different use cases. These building blocks
provide a flexible and extensible framework for developing novel federated learning
algorithms. In addition to providing a framework for developing FL algorithms, FedML also
includes a benchmark suite that enables users to compare the performance of different FL
algorithms across various datasets and settings. The benchmark suite includes several
standard datasets commonly used in machine learning research, as well as several evaluation
metrics for measuring the performance of FL algorithms, such as accuracy, convergence
speed, and communication efficiency. FedML also supports a wide range of FL algorithms,
including Federated Averaging (FedAvg), Federated Stochastic Gradient Descent (FedSGD),
Federated Learning with Differential Privacy (FedDP), and Federated Proximal Gradient
Descent (FedProx). These algorithms can be customized and adapted to meet the specific
requirements of different applications. One of the key features of FedML is its modular and
extensible design. The library is built on top of PyTorch, which makes it easy to integrate

with existing PyTorch workflows and models. FedML's modular design allows users to swap



out different components, such as optimization algorithms or communication protocols, to
tailor the library to their specific use case.

Overall, FedML provides a powerful and flexible framework for developing and
benchmarking FL algorithms. Its modular and extensible design, along with its support for a
wide range of FL algorithms and evaluation metrics, make it a valuable resource for

researchers and practitioners working on federated machine learning

2.4.2. Flower

Flower [29] is an open-source federated learning framework that provides a flexible
and modular approach to developing and evaluating FL algorithms. The framework
emphasizes flexibility, scalability, and ease of use, and enables developers to define custom
client and server logic and communication protocols that can be optimized for different use
cases. One of the main strengths of Flower is its support for a variety of FL approaches,
including Federated Averaging, Federated Stochastic Gradient Descent, and Federated
Distillation.

Overall, Flower is a powerful and flexible FL framework that offers a user-friendly and
modular approach to building and evaluating FL algorithms. With its support for various FL
approaches and privacy-preserving techniques, as well as its modular architecture and easy-
to-use tools, Flower is a great option for developers and researchers interested in building

and evaluating FL systems

2.4.3.NVIDIA Flare

NVIDIA Flare (NVIDIA Federated Learning Application Runtime Environment) [30]
is a FL framework designed to enable efficient training of machine learning models in
distributed environments. The framework is designed to work in diverse environments,
ranging from simulation to real-world settings. It can support a wide range of use cases,
including autonomous vehicles, healthcare, and industrial 10T.

The Flare framework provides several key features, including distributed data

management, privacy-preserving techniques, and scalable model aggregation. The



distributed data management feature allows Flare to work with data stored across multiple
devices or servers, which can be beneficial in scenarios where data cannot be centralized.
The privacy-preserving techniques implemented in the framework include differential
privacy and secure multi-party computation, which help to protect sensitive data during the
training process. The scalable model aggregation feature allows Flare to aggregate model
updates from a large number of devices, which can be useful in applications with a large
number of participants. One of the unique features of Flare is its ability to operate in a
federated simulation environment. This allows developers to test and refine their models in
simulated environments before deploying them in the real world. The framework also
provides a comprehensive set of tools for monitoring and debugging FL processes, making
it easier to identify and resolve issues that may arise during training.

Overall, NVIDIA Flare is a powerful and flexible FL framework that can be used in a
wide range of applications. Its support for privacy-preserving techniques and distributed data
management makes it an excellent choice for organizations that need to protect sensitive data
during the training process. Its ability to operate in a federated simulation environment is also
a significant advantage, as it allows developers to test and refine their models before

deploying them in the real world.

2.4.4.0OpenFL

OpenFL [31] is an open-source federated learning framework developed by Intel Al,
aimed at facilitating the development and deployment of distributed machine learning models
that preserve data privacy and security. It provides support for various types of federated
learning, including federated averaging, federated boosting, and federated transfer learning,
and allows users to customize and configure their own FL algorithms, as well as utilize a set
of pre-defined algorithms. Additionally, OpenFL offers features such as differential privacy
and secure aggregation to protect sensitive data.

One of the unique features of OpenFL is its support for federated transfer learning,
which enables the transfer of knowledge learned from one FL task to another, reducing the

training time and improving the accuracy of the models. Another important aspect of OpenFL
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is its focus on scalability, which allows the framework to handle large-scale FL scenarios
with multiple clients and data sources.

Overall, OpenFL is a comprehensive and flexible FL framework that provides users
with the tools and features necessary to develop and deploy FL algorithms for various use
cases while ensuring data privacy and security. Its support for various types of FL and its
compatibility with different platforms make it a powerful tool for researchers and

practitioners working in the field of federated learning.
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3. RELATED WORKS

FL has gained significant attention from researchers and developers in recent years,
leading to the development of many open-source FL frameworks. This section presents a
brief overview of some of the most relevant works in this field.

In [16], the authors conducted a comparative analysis of several open-source FL
frameworks that are suitable for 10T devices. The authors evaluated several open-source FL
frameworks, including TensorFlow Federated Learning, and Pysyft, based on their
communication overhead, privacy and security features, and ease of use. The study
highlighted the strengths and weaknesses of each framework, providing valuable insights for
developers and researchers interested in FL for 10T devices. In [19], the authors presented a
user-centric evaluation of FL frameworks, comparing them based on their features, ease of
use, and user satisfaction. The study involved 70 participants who tested several frameworks,
including TensorFlow Federated and FL Framework. The results showed that users preferred
frameworks that were easy to install and had good documentation, highlighting the
importance of user experience in the adoption of FL techniques. UniFed [18] is a benchmark
suite that evaluates the performance of FL frameworks. The authors developed several
benchmarks that measure the scalability, robustness, and efficiency of frameworks, which
can be used to compare different FL approaches. The benchmarks included synthetic and
real-world datasets, providing a comprehensive evaluation of FL frameworks in different
settings. In [17], the authors analyzed the privacy-enhancing technologies used in open-
source FL frameworks for driver activity recognition. The study evaluated several
frameworks based on their privacy features and showed that some frameworks provide better
privacy guarantees than others. The study highlighted the importance of privacy in FL
applications and the need for privacy-enhancing technologies in FL frameworks. OpenFed
[20] is a comprehensive and versatile open-source FL framework. It provides a user-friendly
interface for developers to train and deploy FL models, as well as several privacy-enhancing
technologies to ensure data privacy and security.

It is important to note that while these works provide valuable insights into the

performance and usability of open-source FL frameworks, they do not specifically focus on

12



medical image domains. Given the unique challenges and requirements of medical image

analysis, it is crucial to conduct specialized evaluations of FL frameworks in this field
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4. MATERIALS &METHODS

In this section, | provided information about dataset (Curated Dataset for COVID-19),
cnn architecture (MobilenetV2) and evaluation methods and metrics (accuracy, precision,
recall, F1 score and ROC AUC analysis) | used.

4.1. Experiment Dataset

This dataset [32] is a curated collection of COVID-19 Chest X-ray images obtained by
combining 15 publicly available datasets, which are listed in the references section. The
dataset consists of the following categories: 1281 COVID-19 X-rays, 3270 Normal X-rays,
1656 Pneumonia-Viral X-rays, and 3001 Pneumonia-Bacterial X-rays. | conducted my
experiments by getting only the data labeled COVID-19 and Normal from the database.

Normal COVID-19 Pneumonia-Bacterial Pneumonia-Viral

Pneumonia-Bacterial Pneumonia-Viral

Figure 4.1. Samples of the Curated Collection of COVID-19 Chest X-ray

4.2. CNN Architecture (MobilenetV2)

MobileNetV2 [33], is a state-of-the-art convolutional neural network architecture
specifically designed for efficient and accurate image classification on mobile and embedded

devices. Introduced by Sandler et al. in their seminal paper, "MobileNetV2: Inverted
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Residuals and Linear Bottlenecks," this architecture builds upon the success of its
predecessor, MobileNetV1 [34], and incorporates novel features to further optimize resource
usage while maintaining high performance. Introduction with the increasing demand for real-
time image processing on mobile and edge devices, there is a need for lightweight yet
powerful deep learning models. MobileNetVV2 addresses this challenge by introducing
architectural improvements that enable efficient and accurate image classification.

The core idea behind MobileNetV2 is the use of inverted residuals, which are
lightweight and efficient modules for capturing and enhancing feature representations.
Inverted residuals consist of a sequence of depthwise separable convolutions followed by
1x1 pointwise convolutions. This design significantly reduces the computational cost while
maintaining the expressiveness of the model.

The architecture of MobileNetV2 also incorporates linear bottlenecks to further
enhance the representational power of the network. By inserting 1x1 pointwise convolutions
with a linear activation function between non-linear layers, the model can preserve more
information within the limited dimensions of the bottleneck layer. This technique helps in

reducing information loss during the forward pass.

Add ‘ conv 1x1, Linear

N\ §
[ conv 1x1, Linear

f Dwise 3x3,
stride=2, Relub

Dwise 3x3, Relub T

Conv 1x1, Relub

Conv 1x1, Relué
( input ) ( input )
Stride=1 block Stride=2 block

Figure 4.2. Two different components in MobilenetV2 [33]

In addition to the inverted residuals and linear bottlenecks, MobileNetV2 employs
other design principles such as residual connections and the use of expansion factors and the

stride parameter in depthwise separable convolutions. These elements contribute to the
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overall efficiency and effectiveness of the architecture, enabling MobileNetV2 to achieve

high accuracy on image classification tasks while operating at lower computational costs.

Input ‘ Operator ‘ t ‘ c ‘ n ‘ s
2242 x 3 conv2d - 32 1|2
1122 x 32 bottleneck | 1| 16 |1 |1
1122 x 16 bottleneck | 6 | 24 |2 |2
562 x 24 bottleneck | 6 | 32 |3 |2
282 x 32 bottleneck | 6 | 64 | 4 |2
142 x 64 bottleneck | 6 | 96 |3 |1
142 x 96 bottleneck | 6 | 160 | 3 | 2
72 x 160 bottleneck | 6 | 320 | 1 | 1
72 x 320 conv2d 1x1 | - | 1280 | 1 | 1
72 x 1280 | avgpool 7x7 | - - 1| -

1x1x1280 | conv2d 1x1 | - k -

Figure 4.3. MobilenetV2 layers [33]

4.3. Evaluation Metrics

These metrics help quantify and evaluate different aspects of a classification model's
performance, allowing for informed decision-making and comparison between different
models or parameter settings

Where:

- TP (True Positive) is the number of correctly predicted positive instances.

- TN (True Negative) is the number of correctly predicted negative instances.

- FP (False Positive) is the number of incorrectly predicted positive instances.

- FN (False Negative) is the number of incorrectly predicted negative instances.

4.3.1. Accuracy

Accuracy measures the overall correctness of predictions made by a classification
model. It is calculated as the ratio of the number of correct predictions (true positives and

true negatives) to the total number of predictions made.

TP+ TN
Accuracy =

TP+ TN + FP + FN
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4.3.2. Precision

Precision quantifies the model's ability to correctly classify positive instances out of all
the instances that the model predicted as positive. It is calculated as the ratio of true positives

to the sum of true positives and false positives.

o TP
Precision =
TP + FP

4.3.3. Recall (Sensitivity)

Recall measures the model's ability to correctly identify positive instances out of all
the actual positive instances. It is calculated as the ratio of true positives to the sum of true

positives and false negatives.

TP

Recall = m

4.3.4. F1 Score

The F1 score combines precision and recall into a single metric that balances both
measures. It is the harmonic mean of precision and recall and provides a single value to
evaluate the model's performance.

Precision x Recall
F1 Score =2x

Precision + Recall

4.3.5. ROC -AUC

ROC (Receiver Operating Characteristic) curve and AUC (Area Under the Curve) are
used to evaluate binary classification models. The ROC curve plots the true positive rate
(TPR) against the false positive rate (FPR) as the classification threshold changes. AUC
represents the area under the ROC curve and provides a single value to measure the model's

performance.
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The true positive rate (TPR) is synonymous with recall, and the false positive rate
(FPR) is calculated as the ratio of false positives to the sum of false positives and true
negatives.

ROC AUC is the area under the ROC curve, which ranges from 0 to 1, with higher
values indicating better model performance. An AUC of 1 represents a perfect model, while

an AUC of 0.5 suggests a random classifier
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5. EXPERIMENTATION & EVALUATION

In this section, | present the experimental setup and results of our comparison of
federated learning frameworks for the medical image domain using a chest X-ray dataset and
a single CNN architecture, MobileNetV2. We evaluate four frameworks: FedML, FLARE,
Flower, and OpenFL. The performance of each framework is assessed based on various
evaluation metrics, including precision, recall, F1-score, accuracy, and ROC-AUC.

5.1. Dataset Preparation

| utilized a chest X-ray dataset comprising 9,208 images for training and evaluation
purposes. | resized the images in the dataset to 224 x 224 pixels. It was then divided into four
clients, each of which was assigned a subset of the data. The dataset was divided into two
different distributions: evenly division and unevenly division. To perform the dataset
splitting, we employed the train_test_split function from the sklearn library. Initially, we
separated the test set with a ratio of 0.2. For an equal division among the four clients, | used
a test set ratio of 0.5 for both divisions, with the random_state parameter set to 43. In the case
of uneven division, we applied test set ratios of 0.2, 0.1, and 0.1, respectively, while also
setting the random_state parameter to 43.

Table 5.1. Class distribution after the preparation process

Train Validation Test Total

COVID-19 807 207 267 1281
Normal 2080 519 671 3270
Pneumonia-Bacterial 1918 494 589 3001
Pneumonia-Viral 1087 254 315 1656
Total 5892 1474 1842 9208
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After Evenly Division

Table 5.2. Class distribution after evenly division the dataset to 4 clients

Train Validation
Client1 | Client2 | Client3 | Client4 | Client1 | Client2 | Client3 | Client4
COVID-19 161 238 205 203 46 57 54 50
Normal 560 494 528 498 124 130 116 149
Pneumonia-Bacterial 472 474 481 491 133 124 120 117
Pneumonia-Viral 280 267 259 281 65 58 78 53
Total 1473 1473 1473 1473 368 369 368 369
600 160
140
500
120
400
100
300 80
60
200
40 |
100
20
0 0 |
Client 1 Client2 Client3 Client4 Client1 Client2 Client3 Client4
H CcovID-19 B Normal H CovID-19 B Normal

B pneumonia-Bacterial ™ Pneumonia-Viral

Figure 5.1.a. Train set class distribution (after evenly

division)

B pneumonia-Bacterial

Pneumonia-Viral

Figure 5.1.b. Validation set class distribution
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After Unevenly Division

Table 5.3. Class distribution after unevenly division the dataset to 4 clients

Train Validation
Client1 | Client2 | Client3 | Client4 | Client1 | Client2 | Client3 | Client4
COVID-19 575 61 157 14 156 12 37 2
Normal 1473 184 373 50 372 42 91 14
Pneumonia-Bacterial | 1396 146 342 34 357 40 85 12
Pneumonia-Viral 797 81 189 20 176 24 52 2
Total | 4241 472 1061 118 1061 118 265 30
1600 400
1400 350
1200 300
1000 250
800 200
600 150
400 100
200 50
0 |JIIIL1 gy - 0 IllIIL1 .
Client1 Client2 Client3 Client4 Client1 Client2 Client3 Client4
B COVID-19 B Normal B COVID-19 B Normal

B Pneumonia-Bacterial

Pneumonia-Viral

Figure 5.2.a. Train set class distribution (after

unevenly division)

B Pneumonia-Bacterial

Pneumonia-Viral

Figure 5.2.b. Validation set class distribution (after
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5.2. Experimental Setup

To ensure the consistency of comparison metrics, | conducted all comparisons using
identical hardware and, whenever possible, the same versions of commonly used software.
The experiments were performed on a device equipped with an Nvidia GeForce RTX 3080
8 GB graphics card, an Intel Core i7 11800H processor, and 32 GB of RAM. Each framework
was set up on a separate operating system within the Windows Subsystem for Linux (WSL2)
platform.

For model training, | used on the Python programming language and the PyTorch deep
learning platform. The following environment details were utilized:

-Windows Subsystem for Linux 2 (Windows 11 Pro)

-Operating System: Ubuntu 20.04.5 LTS (Focal Fossa)

-Python 3.8.10

-Torch 1.13

-Torchvision 0.14.1

-Torchaudio 0.13.1

-Scikit-Learn 1.2.2

-Matplotlib 3.7.1

These specific environments provided the necessary tools and resources for training

the models, conducting medical image analysis, and generating the desired results.

5.3. Experimental Procedure

I employed the MobileNetV2 architecture as our base CNN model due to its efficiency
and strong performance in image classification tasks. Since our dataset consists of 4 classes,
we set the number of output features in the classifier part of the architecture to 4.

Each framework was configured to run with similar hyperparameters, including the
number of communication rounds and epochs in round, cross entropy loss function, learning
rate (1e-04), batch size (1), and aggregation method. We ensured that the federated averaging

algorithm was used for model aggregation in all frameworks.
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Each framework was initialized with the same MobileNetV2 model, and the chest X-
ray dataset was divided into clients. The federated learning process was performed for 5
communication rounds, with each round consisting of 5 epochs. After the training process, |
selected the best models from each framework and evaluated their performance on the test
set.

I evaluated the performance of the federated learning frameworks based on the

following metrics: Precision, Recall, F1-score, Accuracy and ROC-AUC.

5.4. Results

Below are the results of our experiments, where the performance of each framework is
evaluated using the aforementioned metrics. These results provide insights into the
effectiveness of each framework in the medical image domain.

Table 5.4. After Training results of accuracy

FedML Flare Flower OpenFL

evenly | unevenly | evenly | unevenly | evenly | unevenly | evenly | unevenly
Acuuracy 0.84 0.86 0.78 0.86 0.81 0.79 0.35 0.67

Table 5.5. After Training results of precision

Precision
FedML Flare Flower OpenFL
evenly | unevenly | evenly | unevenly | evenly | unevenly | evenly | unevenly
COVID-19 0.96 0.94 0.92 0.97 0.93 0.90 0.31 0.51
Normal 0.94 0.95 0.91 0.92 0.91 0.95 1.00 0.83
P.-Bacterial 0.78 0.82 0.75 0.79 0.76 0.76 0.56 0.63
P.-Viral 0.59 0.65 0.46 0.73 0.56 0.49 0.18 0.43
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Table 5.6. After Training results of recall

Recall
FedML Flare Flower OpenFL
evenly | unevenly | evenly | unevenly | evenly | unevenly | evenly | unevenly
COVID-19 0.95 0.96 0.93 0.95 0.91 0.96 0.88 0.65
Normal 0.97 0.95 0.89 0.97 0.94 0.86 0.38 0.86
P.-Bacterial 0.78 0.83 0.76 0.86 0.76 0.79 0.01 0.71
P.-Viral 0.56 0.62 0.47 0.53 0.54 0.52 0.46 0.19
Table 5.7. After Training results of F1 Score
F1 Score
FedML Flare Flower OpenFL
evenly | unevenly | evenly | unevenly | evenly | unevenly | evenly | unevenly
COVID-19 0.95 0.95 0.92 0.96 0.92 0.93 0.46 0.57
Normal 0.95 0.95 0.90 0.94 0.93 0.90 0.55 0.84
P.-Bacterial 0.78 0.83 0.75 0.82 0.76 0.77 0.02 0.67
P.-Viral 0.57 0.63 0.47 0.62 0.55 0.50 0.26 0.26
Table 5.8. After Training results of ROC-AUC
ROC-AUC
FedML Flare Flower OpenFL
evenly | unevenly | evenly | unevenly | evenly | unevenly | evenly | unevenly
COVID-19 0.9706 0.9762 0.9571 0.9709 0.9478 0.9727 0.7734 0.7731
Normal 09665 0.9585 0.9187 0.9593 0.9447 0.9164 0.6874 0.8775
P.-Bacterial 0.8394 0.8733 0.8188 0.8774 0.8235 0.8366 0.5026 0.7559
P.-Viral 0.7400 0.7732 0.6799 0.7460 0.7254 0.7024 0.5095 0.5694
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6. CONCLUSION

In this study, we compared four federated learning frameworks, namely FedML, Flare,
Flower, and OpenFL, using a dataset of chest X-ray images and a single CNN architecture
(MobileNetV2). The experimentation phase focused on evaluating the frameworks based on
precision, recall, F1-score, accuracy, and ROC-AUC metrics.

The results of our experiments shed light on the effectiveness of each framework in the
context of the medical image domain. Based on the performance metrics, we observed
variations among the frameworks in terms of their ability to accurately classify chest X-ray
images.

Among the frameworks, FedML demonstrated superior performance in terms of
precision, recall, F1-score, accuracy, and ROC-AUC. FLARE and Flower also exhibited
competitive performance, although slightly lower than FedML. OpenFL, displayed a fairly
lower performance compared to the other frameworks.

These findings suggest that the choice of federated learning framework can
significantly impact the accuracy and effectiveness of medical image classification tasks.
Researchers and practitioners should consider the performance characteristics of the
frameworks, particularly in the context of precision, recall, F1-score, accuracy, and ROC-
AUC, when selecting the most suitable framework for their specific medical image analysis
needs.

Overall, this study provides valuable insights into the comparative performance of
federated learning frameworks in the medical image domain. The results contribute to the
existing body of knowledge and can serve as a guideline for researchers and practitioners
working on similar tasks, aiding in the selection of the most appropriate framework for
achieving optimal results in medical image analysis.

It is important to note that further research and experimentation can be conducted to
explore additional performance metrics, consider different CNN architectures, and evaluate
the frameworks on larger and more diverse medical image datasets. These efforts can provide
a more comprehensive understanding of the strengths and limitations of federated learning
frameworks in the medical domain, ultimately advancing the field and facilitating improved

healthcare diagnostics and decision-making processes.
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