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intensity, are extracted from the query and data set; then, a similarity measure is applied to compare the query features
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| 1. Introduction

Breast cancer accounts for 25% of all cancers in women worldwide. According to the American Cancer Society, a woman
is diagnosed with breast cancer in the world every 14 s. In the year 2020, approximately 2.3 million women were
diagnosed with breast cancer globally, and 685,000 lost their lives due to it i, Histopathology is commonly used in the
diagnosis and treatment of various diseases, including cancer. A biopsy, which is the removal of a small piece of tissue
from the body, is usually required for histopathological examination &. Human error in histopathology refers to mistakes or
inaccuracies made during the process of examining tissues or cells under a microscope . Some examples of human
errors in histopathology include sampling errors, processing errors, technical errors, interpretation errors, and reporting
errors Bl To minimize human errors in histopathology, it is essential to follow strict protocols and guidelines, perform
regular quality control checks, and ensure that all personnel involved in the process are properly trained and competent
B, The authors in 8 analyzed the accuracy of breast cancer diagnosis in 102 cases and found that there were diagnostic
errors in 15.7% of cases. The most common types of errors were misclassification of tumor type and misinterpretation of
pathology slides. Digital pathology could help pathologists to improve the accuracy and efficiency of cancer diagnosis,
reduce the risk of errors, and enhance patient care.

Digital pathology is a technology that uses digital images of tissues and cells to aid in the diagnosis and management of
diseases . Deep learning (DL) has revolutionized computer-aided diagnosis (CAD) in digital pathology and has opened
the door to improve cancer diagnosis while decreasing the pathologist's workload .

Content-based medical image retrieval (CBMIR) is a recent DL-based methodology that allows pathologists a quick and
precise search in previously diagnosed and treated cases [&. In CBMIR, image features, such as texture, shape, color,
and intensity, are extracted from the query and data set; then, a similarity measure is applied to compare the query
features with the features of the database 9. The retrieved images are ranked according to their similarity to the query
image, and the most relevant images are displayed to the user.

To further illustrate the advantages and practicality of CBMIR in the field of histopathology and cancer diagnosis, consider
a scenario where a patient is diagnosed with cancer, and grading it accurately poses a challenge for pathologists. In
traditional cancer diagnosis methods, the pathologist would need to physically send the glass slide containing the tissue
sample to another hospital, which could be located in a different city or even a different country. This process is not only
expensive and time-consuming but also carries inherent risks, such as the loss or damage of the glass slide during
transportation. Moreover, it adds additional stress to the patient’s already difficult situation.

By implementing world-wide content-based medical image retrieval (WWCBMIR), these challenges can be effectively
addressed, and the process of a cancer diagnosis can be significantly expedited without compromising accuracy. Through
the use of digital pathology, where whole-slide images (WSIs) are digitized and stored electronically, pathologists can
access and analyze the images remotely 2. The WWCBMIR enables pathologists to retrieve similar cases and relevant
information from a vast database of histopathological images without the need for the physical transfer of slides. This
approach not only reduces costs and saves time but also minimizes the potential risks associated with the transportation



of delicate tissue samples. Figure 1 shows how a WWCBMIR can provide unprecedented access to K number of patches
with the most similar patterns, allowing the pathologists to make a more confident diagnosis.

Figure 1. An overview of the use case of a worldwide CBMIR. Pathologists send their query (Q) to the worldwide CBMIR
since they need a second opinion to make a more confident decision. Then, the model retrieved top K similar images (S-
R), and the pathologists can obtain a second opinion from whole over the world.

One of the advantages of CBMIR from the pathologist’s (user) perspective is that it is not a completely black box for them.
CBMIR allows pathologists to find similar patterns among the retrieved images and the queries based on their knowledge.
This provides more reliable information than a label for pathologists, which makes CBMIR more beneficial for pathologists
than a classification.

An actual context needs a global CBMIR, which demands a generalized data set with a variety of images of different
quality, magnification, color, size, etc. The performance of CBMIR relies on a vast amount of data, which is difficult to
collect in the medical field due to patient privacy and time costs. In order to create a vast centralized data set, DL experts
need to transfer their WSIs. However, these images are gigapixels with high storage sizes. In addition to the challenges of
transferring a heavy data set for DL experts, patient privacy policies and other regulatory obstacles on the medical side
make it more challenging to create a sufficient data set.

Federated learning (FL) represents a possible solution to tackle this problem by collaboratively training DL models without
transferring WSis 11, Multiple institutions can safely co-train DL models in digital pathology using FL, achieving cutting-
edge performance with privacy assurances 12, FL brings an opportunity to share the weights for multi-institutional training
without sharing patient data and images. However, there are still some privacy risks since the training parameters and
model weights are distributed among collaborators 1],

DL models give information that goes beyond the scope of human vision, and FL solves the problem of data sparsity by
connecting international hospitals while complying with the data privacy policies, irrespective of the country of origin. This
benefit can remedy the health care limitations due to the lack of facilities (staining materials, scanners, etc.) and
experience (students, recently graduated pathologists, etc.). Moreover, it can tackle the lack of data sets of labeled WSIs
because of data privacy.

| 2. Content-Based Medical Image Retrieval (CBMIR)

CBMIR has been a subject of extensive research since the advent of large-scale databases nearly two decades ago, as
noted by Wang (14, Several studies have made significant contributions to this field. Tabatabaei 13 achieved an accuracy
rate of 84% in CBMIR using the largest patch-annotated data set in prostate cancer. Kalra 28 proposed Yottixel, a method
for representing the Cancer Genome Atlas whole-slide images (TCGA WSIs) compactly to facilitate millions of high-
accuracy searches with low storage requirements in real time. Conversely, Mehta L4 proposed a CBMIR system for sub-
images in high-resolution digital pathology images, utilizing scale-invariant feature extraction. Lowe 18 utilized scale-
invariant feature transform (SIFT) to index sub-images and reported an 80% accuracy rate for the top-five retrieved
images. Lowe’s experiments were conducted on 50 ImmunohHistoChemistry (IHC) stained pathology images at eight



different resolutions. Additionally, Hegde 12! used a manually annotated data set pre-trained on a deep neural network
(DNN) to achieve top-five scores for patch-based CBMIR at different magnification levels. The primary focus of recent
studies has been on enhancing the performance of CBMIR in different types of cancer; however, there are still several
challenges that can impede its effectiveness. These challenges include data privacy, as medical data is confidential and
subject to strict privacy regulations, making it arduous to share and access large data sets for model training. FL can
alleviate this issue by facilitating distributed model training on local data without compromising privacy. Another challenge
is data distribution; as medical data is frequently dispersed across numerous locations, it is difficult to train models on a
centralized data set. FL enables the training of models across multiple distributed data sets without aggregating the data
in a central location. In addition, medical data sets can be heterogeneous, varying in terms of imaging modalities, quality,
and annotation protocols, which can impede the development of robust and accurate models. FL can mitigate this
challenge by allowing models to be trained on diverse data sets in different qualities, improving their performance and
generalization ability. Furthermore, medical data sets can be large and complex, necessitating significant computational
resources to train models. FL can distribute the computational workload across multiple devices and locations, enhancing
scalability and reducing training time.

| 3. Federated Learning (FL)

In recent years, FL has achieved impressive progress that enhances a wide adoption of DL from decentralized data 1129
(21 FL is a distributed machine learning approach that can effectively handle decentralized data without raw data
exchange to train a joint model by aggregating and distributing local training. Many existing algorithms can be adopted to
aggregate updates from distributed clients. Typical examples include FederatedAveraging, viz FedAvg (11, and adaptive
federated optimization methods 24, e.g., FedAdagrad, FedYogi, and FedAdam. Some popular FL frameworks, such as
TensorFlow Federated (TFF) (https://www.tensorflow.org/federated (accessed on 23 September 2022)), PySyft 22, and
Flower 23] provide a set of robust tools for building privacy-preserving ML models. In addition, Jupyter-Notebook-based
tools, such as 24, also help simplify the FL setup and enable its deployment of a cross-country federated environment in
only a few minutes. Daniel Truhn in 22 employed homomorphic encryption to protect the model's performance while
training by encrypting the weight updates before sharing them with the central server. Firas Khader in 28 presented a
technique of “learnable synergy”, where the model only chooses pertinent interactions between data modalities and
maintains an“internal memory” of key information. Micah J. Sheller 13! investigated how FL among ten institutions is 99%
as efficient as that derived using centralized data. One recent work related to content-based image retrieval is introduced
in [ where FLSIR was proposed, and it enables secure image retrieval based on FL and additive secret sharing.
Nevertheless, it is not for clinical applications. Although the combination of CBMIR and FL is a relatively new area of
research, it has the potential to greatly improve healthcare outcomes. By offering healthcare professionals quick access to
accurate and relevant medical image data while maintaining patient privacy, the integration of these techniques can have
a significant impact on the field.
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