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Abstract. As a matter of fact, machine learning (ML) has become a cornerstone in modern 

science and engineering, evolving from early algorithms like the perceptron to sophisticated deep 

learning models. The rise of distributed machine learning (DML) has enabled scalable, privacy-
preserving analysis of large healthcare datasets in recent years. With this in mind, this study 

summarizes the principles of DML, contrasting it with traditional as well as parallel computing 

approaches. At the same time, this research discusses its applications in medical imaging, 

predictive analytics, and real-time monitoring. According to the analysis, despite significant 

advancements, challenges related to data privacy, heterogeneity, and scalability persist. Based 

on the evaluations, future research is needed to overcome these limitations and further integrate 

DML into healthcare. Overall, these results underscore the transformative potential of DML in 

enhancing healthcare delivery and outcomes and pave a path as well as offer a guideline for 

implementations of machine leaning in medic industry. 
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1.  Introduction 

Machine learning (ML) is integrated into our daily lives and is a standard tool in many fields of science 

and engineering. The concept of machine learning originated in the mid-20th century, when early 

computational models and algorithms laid the foundation for artificial intelligence (AI). The perceptron 
algorithm developed by Rosenblatt in 1958 was a leap forward as a simple linear classifier that mimics 

biological neurons [1]. This innovation is one of the first attempts to mimic human cognition and sets 

the stage for future neural network research. In the 1980s and 1990s, there were significant advances in 
machine learning. In particular, the backpropagation algorithm was proposed, which made the training 

of multi-layer neural networks more efficient [2]. This period also saw the emergence of SVMS and 

other methods that were critical to improving the task of pattern recognition and classification in high-

dimensional Spaces [3]. 
Deep learning models are used well in image classification tasks and are widely adopted in various 

fields such as healthcare. Nowadays, considering the huge data sets and the scarcity of computing 

resources, the ability of deep learning to automatically learn from raw data has a wide range of 
applications and plays an important role in various fields. In recent years, distributed machine learning 

(DML) has gradually replaced traditional centralized machine learning, especially when it comes to 

handling large-scale data and computationally intensive tasks. Distributed machine learning involves 
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training models across multiple machines or nodes, it can realize parallel processing and greatly reduce 

model convergence time. The method is widely used in medical image analysis, where data sets are 

often large and require a lot of computing power to process. 
An important milestone in distributed machine learning is the development of federated learning, 

which enables training models across multiple decentralized devices or servers without sharing raw data. 

This has advantages in the medical field where the privacy of patient data cannot be compromised. 
Recent studies have confirmed that federated learning excels in training robust models for medical 

imaging tasks such as tumor detection and segmentation [4, 5]. These studies highlight the potential of 

joint learning to enhance inter-agency collaboration while maintaining data privacy and security. As the 

volume and complexity of healthcare data increases, we are increasingly using distributed machine 
learning in healthcare. Examples include electronic health records (EHRs), medical images, and real-

time monitoring data from wearable devices. In addition, with the rise of edge computing and the 

Internet of Medical Things (IoMT), there is a growing need for real-time analysis of medical devices. 
DML frameworks improve the efficiency and responsiveness of healthcare delivery by enabling models 

to be trained and deployed at the edge [5]. 

2.  Descriptions of distributed machine learning algorithms 

Traditional machine learning is trained on a single model with all the data in one place. The efficiency 

of this calculation is very low, and the performance is not very good when the data set is large and the 

model complexity is high. In addition, distributed machine learning sends the task of raw data and 

computation to multiple machines, which can train the model in parallel, which has two main modes, 
data parallelism and model parallelism. Data parallelism involves placing complete models on different 

devices and then dividing the data into parallel computations on each device. Data parallelism divides 

the data set into multiple subsets, each assigned to a different compute node (GPU) with a full copy of 
the model on each node. Each node processes a different subset of data, calculates the gradient, 

synchronizes the gradient through set communication, and updates the model parameters. Model 

parallelism is a technique in which a single model is divided into multiple machines, each is responsible 

for a part of the computational model. This approach is especially useful when the model itself is too 
large to work with a single machine, such as a deep neural network with millions of parameters. In this 

setup, each node computes the forward and backward transmission of the neural network for itself and 

communicates with other nodes to share the intermediate output. The primary difference between DML 
and traditional machine learning lies in the data and computation management. While traditional 

machine learning relies on a centralized approach where all data and computations occur on a single 

node, distributed machine learning utilizes a decentralized framework to divide tasks and resources 
across multiple nodes, thereby enhancing scalability and efficiency [6]. 

Distributed machine learning also differs significantly from conventional parallel computing. In 

parallel computing, the focus is on subdividing a single task into smaller subtasks that can be executed 

simultaneously on multiple processors on the same machine. This process, however, assumes a shared 
memory architecture and low-latency communication between processors. In contrast, distributed 

machine learning operates on a network of independent machines with their local memory and storage. 

This necessitates more sophisticated algorithms to handle the high-latency and potentially unreliable 
communication between nodes. 

3.  Data pre-processing 

Data preprocessing is of great significance in distributed machine learning, and addressing data privacy 
and heterogeneity is a challenge. This study will typically collect medical data from multiple institutions, 

so the data is fragmented and varies in format and quality. So standardizing data across institutions is 

the first step. In Federated Learning (FL), a widely used DML framework, data is kept local at each site 

and only model updates are shared [7]. This study typically uses techniques such as data normalization 
(standardizing pixel intensity), data enhancement (rotating, flipping), and processing missing data to 

address the heterogeneity of medical images [8]. Privacy-preserving methods like differential privacy 
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and secure multi-party computation are applied to ensure that sensitive patient information is not 

compromised during the model training process [7]. 

For distributed medical image analysis, CNNs are often employed due to their ability to capture 
spatial hierarchies in images. CNNs are particularly effective in tasks such as detecting anomalies in CT 

and MRI scans [9]. This approach maintains data privacy while benefiting from the collaborative 

learning of a more generalized model. For time-series medical data, such as patient histories, RNNs and 
LSTM networks are more appropriate due to their capability to capture temporal dependencies. Federal 

learning architectures such as FedAvg (Federal Average) algorithms are often used in healthcare 

Settings. The architecture enables each institution (the client) to perform local updates to the model 

before sending updated model parameters to a central server for aggregation. This process iterates until 
convergence, enabling the model to learn across a wide range of medical data sources without 

centralizing sensitive data [10] In conclusion, the application of distributed machine learning in the 

medical field must first preprocess the data, select a suitable model, and utilize a privacy-protecting 
distributed architecture such as federated learning. 

4.  Federated learning for medical imaging: 

Federated learning has been widely used in medical imaging, and it supports collaborative model 
training across institutions while maintaining data privacy. For instance, Rajendran et al. demonstrated 

the use of federated learning for cancer detection through a cloud-based system that allowed multiple 

hospitals to train shared models without transferring raw imaging data [11]. This approach not only 

enhances the accuracy of cancer detection models but also addresses the challenge of data ownership 
and legal restrictions, such as those imposed by HIPAA and GDPR. By allowing models to be trained 

on diverse datasets from multiple institutions, federated learning improves model robustness and 

generalizability, a key advantage for diagnostic applications where diverse patient populations is crucial 
for effective outcomes [11]. A comparisons for ROC are depicted in Fig. 1 

In another study, Huang et al. applied federated learning to predict mortality and length of stay using 

distributed electronic medical records. Their approach involved clustering patients based on similar 

characteristics, which improved the efficiency of model training and led to more accurate predictions. 
This work exemplifies how federated learning can optimize healthcare operations by predicting 

outcomes based on distributed data sources without centralizing patient information, thus preserving 

data privacy and reducing the computational load on individual institutions [12]. 
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Figure 1. Typical ROC curves for comparisons [11]. 

5.  Predictive analytics and real-time monitoring 

Beyond medical imaging, distributed machine learning (DML) has played a pivotal role in predictive 

analytics and real-time monitoring, particularly within the Internet of Medical Things (IoMT). 
Deploying machine learning models across IoMT devices enables real-time health monitoring and early 

diagnosis of chronic diseases. Federated learning, for instance, has been applied to predict diseases like 

diabetes through wearable sensors and home-based devices, ensuring data privacy while providing real-
time insights. This approach minimizes latency and enhances patient monitoring efficiency (MDPI) [12, 

13]. A typical error analysis is given in Fig. 2. 
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Figure 2. Typical error analysis [12]. 

6.  Pandemic response and public health 

DML has also played a crucial role in addressing global health crises such as the COVID-19 pandemic. 

Distributed learning techniques have been used to analyze data across regions to model the spread of 

the virus and predict the outcomes of interventions. Guhathakurata et al. employed machine learning 
models to predict COVID-19 cases and outcomes using distributed data from different countries. By 

leveraging a distributed framework, their models were able to provide real-time predictions without 

centralizing sensitive health data, a critical factor given the international nature of the pandemic and the 
diverse sources of data required for accurate modeling [14]. The use of distributed machine learning in 

public health extends beyond pandemic response. It is also used to analyze data related to vaccination 

campaigns, healthcare resource allocation, and patient outcomes across diverse geographic locations. 
These applications highlight the versatility of DML in managing large-scale, multi-institutional data for 

critical healthcare operations. 

7.  Limitations and prospects 

Despite advances in distributed machine learning (DML) applications, there are still some limitations 
and challenges. One of the main limitations is data privacy and security concerns. Although the federated 

learning model addresses privacy concerns by keeping raw data locally, the exchange of model updates 

still poses potential risks. Adversarial attacks targeting aggregated model updates or intermediate 
communication phases could compromise the security of patient data. Ensuring robust security measures 

and secure aggregation protocols remains a key challenge [7]. Another challenge is the heterogeneity of 

data between different institutions. In healthcare, data collected from various sources can vary in format, 
quality, and presentation. This variability affects the performance of DML models because they must be 

generalized across different data sources. Techniques such as data normalization and standardization are 

employed to mitigate these issues, but achieving consistent performance across different data sets 

remains challenging [8]. Scalability is also a concern for DML systems, especially when dealing with 
large data sets or large numbers of distributed nodes. The communication overhead between nodes will 

increase, which will affect the efficiency and speed of model training. Developing more efficient 

algorithms and communication protocols to handle large-scale distributed systems is an ongoing area of 
research [6]. 

Looking ahead, the future of DML in healthcare is bright. Advances in edge computing and the 

Internet of Medical Things (IoMT) are expected to enhance real-time monitoring and predictive 
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analytics. Future research could focus on improving algorithms for better scalability and efficiency, 

integrating advanced security measures, and developing ways to process heterogeneous data more 

efficiently. The continued development of DML frameworks could lead to more powerful, privacy-
protecting solutions, further driving the integration of AI in healthcare. 

8.  Conclusion 

To sum up, this study discusses the development of DML and its applications in medical imaging, 
predictive analysis and real-time monitoring, and introduces the basic concepts and advantages of 

federated learning. However, some issues remain, such as data privacy, heterogeneity, and scalability 

challenges. The future research will move in this direction to further develop the application of 

distributed machine learning in medicine. Overall, these results provide an insight for implementation 
of AI techniques in various industry. 
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