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Abstract 

The growing need for predictive diagnostics in healthcare demands both high-

performing models and strict privacy assurances. This study presents a 

federated transfer learning (FTL) approach deployed within a distributed cloud 

computing framework to facilitate diagnostic predictions without centralized 

data collection. Addressing the heterogeneity of healthcare data across 

institutions, our method ensures privacy-preserving collaboration while 

enhancing model generalizability. We evaluate this approach on synthetic and 

real-world datasets (MIMIC-III and COVIDx), demonstrating its efficacy in 

maintaining diagnostic accuracy and minimizing data exposure. 

Keywords: Federated learning, transfer learning, privacy preservation, 

healthcare diagnostics, cloud computing, model generalization, heterogeneous 

systems. 

1.  Introduction 

The healthcare sector is undergoing a digital transformation where predictive 

diagnostics play a central role in early detection and personalized treatment planning. 

However, the integration of machine learning (ML) models in clinical settings is hindered by 

strict data privacy regulations (e.g., HIPAA, GDPR), institutional data silos, and 

infrastructural disparities. Traditional centralized training mechanisms are increasingly 

unsuitable due to the sensitivity and heterogeneity of medical records. 

To address these challenges, federated learning (FL) has emerged as a solution that 

enables collaborative model training without centralizing patient data. Yet, FL faces 

limitations in model generalizability when applied to diverse, non-IID (independent and 

identically distributed) healthcare data. Transfer learning, particularly cross-domain 

adaptation, can mitigate this by allowing models to transfer learned knowledge from data-rich 

institutions to data-scarce ones. When embedded in distributed cloud computing 
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environments, federated transfer learning (FTL) achieves scalable, privacy-aware diagnostics 

across heterogeneous systems. 

This paper explores the design and deployment of FTL models in cloud-based federated 

systems to preserve privacy while improving diagnostic accuracy in real-world healthcare 

applications. 

 

 

 

 

2. Literature Review 

Several studies have advanced the field of federated and transfer learning in healthcare.  

2.1. Li et al. (2020) introduced FedAvg, a foundational algorithm for federated 

learning, demonstrating its ability to perform decentralized model training while ensuring 

data privacy. However, it underperformed on heterogeneous data. 

2.2. Sheller et al. (2020) implemented FL for brain tumor segmentation across 

institutions. Their results confirmed that federated models could match the performance of 

centrally trained models, but they highlighted challenges in non-IID data convergence. 

2.3. Zhang et al. (2021) applied transfer learning to COVID-19 detection, showcasing 

improved diagnostic outcomes in underrepresented patient groups, especially when 

combining domain adaptation with convolutional neural networks (CNNs). 

2.4. Xu et al. (2022) proposed a hybrid federated transfer learning framework for 

cardiology data. They used residual blocks and fine-tuning layers to enhance model 

robustness across different healthcare settings. 
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2.5. Al-Rakhami and Al-Qurishi (2023) evaluated privacy-enhancing technologies 

(e.g., differential privacy, homomorphic encryption) in federated learning systems. Their 

work established a trade-off between privacy preservation and model accuracy. 

These foundational studies demonstrate both the promise and challenges of integrating 

FL and TL in healthcare, particularly around model divergence, communication overhead, 

and privacy assurance. 

 

3. Methodology 

This study proposes an FTL framework leveraging a distributed cloud computing 

infrastructure. The model architecture is built using a base CNN with domain-adaptive layers, 

pre-trained on MIMIC-III and fine-tuned across several synthetic hospital datasets 

representing varied patient populations. 

3.1. System Architecture: 

The system uses a star-topology cloud network, where each hospital (client) trains a 

local model on-site and sends model updates (not raw data) to a central aggregator. 

3.2. Model Workflow: 

• Stage 1: Pretraining on a large labeled dataset (source domain). 

• Stage 2: Local Fine-tuning at each institution using transfer learning. 

• Stage 3: Aggregation using weighted FedAvg with transfer-aware gradients. 

 

Table 1. Dataset Characteristics 

Dataset 
Size 

(records) 
Domain Label Type Source Institution 

MIMIC-III 58,976 ICU Mortality Risk PhysioNet 

COVIDx 16,756 Radiology COVID+/COVID- Open Repository 

Synthetic A 10,000 Cardiology Readmission Risk Simulated Hospital A 

Synthetic B 12,000 Oncology Survival Status Simulated Hospital B 
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4. Experimental Design and Metrics 

To evaluate the effectiveness of our FTL framework, we conducted simulations using 

both real and synthetic datasets across five federated nodes. 

4.1. Metrics: 

• Accuracy, Precision, Recall, and F1-Score for classification tasks. 

• Communication Efficiency: Number of rounds to convergence. 

• Privacy Leakage Score using model inversion attack simulations. 

4.2. Experiment Setup: 

• Hardware: Google Cloud TPUs and NVIDIA A100s. 

• Frameworks: TensorFlow Federated, PySyft (for privacy simulation). 

• Privacy Mechanisms: L2 norm clipping, differential privacy noise injection. 

 

5. Results and Analysis 

Our model showed strong performance under heterogeneous conditions. Compared to 

baseline federated models (FedAvg, FedProx), the FTL model achieved superior diagnostic 

accuracy and faster convergence. 

 

Table 2. Model Performance Comparison (Averaged Across Nodes) 

Model Accuracy Precision Recall F1-Score Rounds to Converge 

FedAvg 81.2% 78.9% 76.3% 77.6% 55 

FedProx 83.1% 80.4% 79.2% 79.8% 50 

FTL (ours) 87.5% 85.9% 84.1% 85.0% 38 

 

Privacy leakage simulations revealed that differential privacy successfully minimized 

risk with less than 1% model inversion success rate under our FTL scheme. 
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6. Conclusion 

This study demonstrates that federated transfer learning deployed over distributed cloud 

infrastructures offers a viable path toward privacy-preserving and high-accuracy predictive 

diagnostics in heterogeneous healthcare environments. By leveraging pretrained models and 

local fine-tuning, institutions can collaborate effectively without compromising patient data. 

Future work should explore cross-modal transfer (e.g., text to image), optimize 

communication protocols, and investigate real-time deployment under stricter latency 

constraints. 
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