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PAPER

Privacy-Preserving Federated Learning for Prognostic 
Modeling in Rare Diseases: A Scalable Case Study 
on Kawasaki Disease

ABSTRACT
Predictive modeling in rare diseases faces major challenges, including data scarcity, class 
imbalance, and strict privacy regulations that limit cross-border collaboration. These chal-
lenges are particularly critical in Kawasaki disease (KD)—a rare vasculitis in children—where 
10% to 20% of patients are resistant to intravenous immunoglobulin (IVIG), the standard first-
line treatment. This significantly increases the risk of coronary artery abnormalities (CAA), 
making early and accurate prediction of resistance to IVIG essential for improving patient 
outcomes. Our work proposes a federated learning (FL) approach to address the constraints 
imposed by security and privacy concerns. We investigate convolutional neural networks 
(CNN) as the shared model, collaboratively trained across clients. Coupled with strategies to 
address class imbalance resulting from the rarity of the condition, the federated approach 
yielded promising results when evaluated against conventional machine learning (ML) 
models. The proposed approach demonstrated strong performance, achieving 94% accu-
racy, 93% precision, 89% recall, and 91% F1 score. To ensure robustness and generalizability, 
an independent dataset was also used, where the proposed model excelled similarly. These 
results highlight the potential of FL to overcome data privacy barriers and provide a scal-
able, secure solution for predictive modeling in rare diseases, supporting its integration into 
medical prediction workflows.

KEYWORDS
federated learning (FL), adaptive synthetic sampling, convolutional neural network (CNN), 
flower framework, rare disease, Kawasaki disease (KD), intravenous immunoglobulin 
resistance

1	 INTRODUCTION

The deployment of artificial intelligence (AI) and machine learning (ML) tech-
nologies in healthcare gives the opportunity to enhance service delivery through 
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advanced prediction and more sensitive classification of diseases. The new tech-
nologies outperform classical statistical techniques in discovering intricate rela-
tionships in complex datasets and hold great potential in diagnostics and treatment 
planning and in devising more personalized approaches to manage patients. On the 
other hand, the ML models are highly dependent on the existence of comprehen-
sive, high-quality datasets. When it comes to rare diseases, there are often very few 
patients and not much data available. This lack of information makes it hard for 
models to learn properly, which leads to poor performance. Additionally, ethical 
and legal restrictions such as general data protection regulation (GDPR) also make 
it difficult to collate data from different institutions and countries, which makes it 
apparent that there is a need for new and innovative solutions developed to tackle 
the problem of data scarcity and privacy in rare disease research.

Federated learning (FL), introduced by Google for next-word prediction in the 
GBoard application [1], holds significant potential to address critical challenges by 
tackling both data scarcity and privacy concerns, making it especially valuable for 
advancing research in rare diseases. It trains models without centralizing data but 
through collaborative efforts, where clients can train their models without sending 
raw data. The decentralized framework respects strict privacy regulations while 
providing flexibility in cross-border collaborations. FL aggregates parameters of a 
model from many clients to develop a predictive global model that harnesses the 
power of available diverse data. Such an approach is highly useful in rare diseases, 
where every client might just have a small segment of the data required for the 
model. By protecting data privacy and improving collaboration, FL enables research-
ers to break the constraints that would otherwise disable the proper development of 
accurate and personalized models of prediction.

Kawasaki disease (KD) is an exceptional but serious condition in pediatrics, in 
most cases affecting children under the age of five. The disorder is characterized 
by prolonged fever, rash, and widespread inflammation of blood vessels. If left 
untreated, it may change to serious complications, such as coronary artery abnor-
malities (CAA), which occur in 25% of untreated cases, with the development of 
coronary aneurysms. Intravenous immunoglobulin (IVIG) can significantly mitigate 
the risk if given before the onset of CAA. However, in 10–20% of the patients, IVIG 
fails and results in a condition termed IVIG resistance. IVIG-resistant patients are 
nine times more susceptible to having coronary artery injury than IVIG-sensitive 
patients. This makes early prediction of IVIG resistance critical for tailoring aggres-
sive treatment strategies, such as corticosteroid therapy or infliximab, which have 
shown better coronary outcomes than IVIG alone. The complexity of the condition 
and the limited availability of KD data underscore the need for innovative predictive 
models to support early and effective interventions.

Kawasaki disease presents a classical challenge of acutely scarce data combined 
with stringent confidentiality requirements. To address both issues, we devel-
oped a predictive model to estimate patients’ responses to IVIG treatment using 
an FL framework. We built this setup with the Flower framework, chosen for its 
flexibility, easy integration with PyTorch or TensorFlow, and strong community 
support, which accelerated development in this healthcare context. To capture 
complex, non-linear patterns and ensure compatibility with FL, we selected a 
convolutional neural network (CNN). Unlike traditional ML models, CNNs support 
gradient-based optimization and parameter sharing, both essential for FL. After 
rigorous local training and output integrations, we developed a global model that 
can be used with a wide variety of data while retaining patient confidentiality. 
This model ensures better acknowledgement of privacy compared to conventional 

https://online-journals.org/index.php/i-joe


	 68	 International Journal of Online and Biomedical Engineering (iJOE)	 iJOE | Vol. 21 No. 11 (2025)

Namitha et al.

centralized systems. The paper begins by reviewing recent advancements in 
IVIG resistance prediction and the role of FL in healthcare, emphasizing that this 
approach has not yet been applied in the rare disease context. It then details the 
dataset, methodologies, and comparative performance of conventional ML, deep 
learning, and our proposed FL approach. Our results show that the proposed 
model outperforms existing methods, highlighting the promise of privacy-preserv-
ing FL frameworks in rare disease prediction and their potential to facilitate timely, 
personalized treatment strategies.

2	 RELATED WORKS

Kawasaki disease, though its exact cause is unknown, can lead to severe com-
plications such as CAA and long-term cardiovascular issues if untreated. Diagnosis, 
treatment, and long-term care details follow in reference [2]. These steps were first 
noted by Dr. Tomisaku Kawasaki in 1967. Identifying high-risk patients at an early 
stage allows the adoption of greater intensity therapies such as corticosteroids 
or infliximab alongside the standard treatment with IVIG. Such combined ther-
apy results in greater coronary outcomes than when IVIG is used in isolation [3]. 
The first systematic study on predicting IVIG resistance in KD was administered 
by Kobayashi in 2006 [4]. The study highlighted the need for early intervention 
of IVIG non-responders to mitigate the need for advanced peripheral coronary 
artery blockage. Through examination of clinical profile and laboratory data, mul-
tivariable logistic regression (LR) was utilized to predict IVIG resistance, and ten 
laboratory criteria, alongside three demographic variables, were used to identify 
strong predictors. Additional research indicates use of corticosteroids alongside 
IVIG as initial treatment may also aid in the decline of detected coronary artery 
aneurysms.

A study conducted by [5] outlines the diagnosis and management of KD and 
highlights the role of adjunctive therapies to reduce the risk of CAA in high-risk 
patients. In [6], IVIG nonresponse was predicted using a gradient boosting decision 
tree, incorporating both demographic and laboratory variables. A more recent 
approach in [7] employed XGBoost, achieving an AUC of 77.4. Study [8] explored five 
ML models across two separate population datasets, noting consistently low sensitiv-
ity across all models, with a maximum of 0.216. In [9], a LightGBM model classified 
IVIG-resistant versus IVIG-responsive cases with a sensitivity of 0.50, compared to 
0.58 for LR and 0.60 for support vector machine (SVM).

To assess the performance of existing prediction models, [10] compared ten dif-
ferent IVIG resistance scoring systems—including Kobayashi, Formosa, Egami, Sano, 
and Harada—on a Turkish paediatric population. The study found that all models 
were limited by low sensitivity. Due to the rarity of KD, datasets for IVIG resis-
tance prediction are scarce. Study [11] developed and compared predictions using 
LR, SVM, XGBoost, and LightGBM, with LightGBM achieving the best performance 
(AUC = 0.874, sensitivity = 0.702). However, [12] presents a dataset with 753 obser-
vations and 82 features, applying seven linear and nonlinear ML techniques— 
gradient boosting machine (GBM), LightGBM, random forest (RF), decision tree (DT), 
LR (L1 and L2 regularized), and AdaBoost with GBM achieving the best performance 
(AUC = 0.7423, sensitivity = 0.3043, specificity = 0.9919, accuracy = 0.8844). In [13], 
a dataset comprising 5,277 subjects and 57 variables was used to predict IVIG resis-
tance. The variables included one imaging variable, four demographic variables, 
and fifty-two laboratory variables. Various L algorithms—such as multivariate LR, 
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DT, RF, AdaBoost, GBM, and LightGBM—have been employed in the literature for 
this prediction task. IVIG resistance prediction has been explored using various ML 
and deep learning approaches. However, the rare nature of KD results in significant 
data scarcity, posing challenges to developing effective predictive models. Most of 
the studies described in this related work section from 2019 to 2024 utilized conven-
tional models, as shown in Figure 1.

Fig. 1. Machine learning model usage in reviewed Kawasaki disease studies

Several recent studies have demonstrated the value of advanced AI techniques for 
medical prediction and secure collaborative systems. ML models have shown strong 
performance in tasks such as Alzheimer’s [14] and lung cancer diagnosis [15]. CNN 
architectures have proven effective for disease prediction [16]. Beyond diagnosis, CNN 
models have been applied across domains to enable secure, collaborative problem- 
solving, aligning with our use of FL for medical prediction across institutions [17]. 
Recent works further highlight the role of secure AI practices in healthcare, from 
reducing vulnerabilities such as phishing through targeted training [18] to leverage 
CNN-based models for intrusion detection, reinforcing their relevance for secure FL 
systems [19].

Furthermore, stringent privacy regulations across different countries, such as 
GDPR, restrict research collaborations and data sharing, further limiting the practi-
cal implementation of these models in rare disease scenario. To address these chal-
lenges, privacy-preserving FL can be employed to utilize data at endpoints without 
compromising patient privacy [20]. FL has been successfully applied in various med-
ical domains as listed in [21], demonstrating its potential to overcome data-sharing 
barriers while maintaining compliance with stringent privacy regulations. Some 
example medical problems addressed using FL are listed in Table 1. To the best of 
our knowledge, the application of FL in KD, or even in the context of rare diseases, 
has not been explored yet.

Table 1. Federated learning research in healthcare: selected prominent examples

Paper Addressed Disease Paper Addressed Disease

[22] Brain Tumor Segmentation [23] EEG Classification

[24] Autism Spectrum Disorder [25] Skin Disease Detection

[26] Brain Tumor Segmentation [27] Brain Disease Prediction from fMRI Brain 
Connection

[28] Medical Images Privacy Preservation [29] MRI prostate segmentation

[30] Female Pelvis Organ Segmentation [31] Cardiovascular Disease Diagnosis

[32] Hospitalization Prediction from Electronic 
Health Records

[33] Epidemic Diseases Screening
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3	 DATA AND METHODS

Due to the rare nature of KD, there are very few publicly available datasets. So, to 
build our prediction model, we have used the data available from various research 
works. To build the prediction model, we have used the datasets associated with [11],  
which consists of 1398 records, 31 clinical and laboratory features associated with 
KD, meant to predict IVIG resistance. These features include demographic data such 
as sex and age in months, along with the occurrence of conjunctival hyperemia, 
perianal changes, and cervical lymphadenopathy. More clinical indicators are avail-
able regarding the maximum temperature at initial treatment, rash, lip changes, 
and days of illness. Laboratory tests-erythrocyte sedimentation rate (ESR), lympho-
cyte count, hemoglobin (HB), platelet (PLT) count, neutrophil count, C-reactive pro-
tein (CRP), and the neutrophil-lymphocyte ratio (NLR)- reflect the manifestation of 
patient state, which are quantifiable through laboratory procedures. The target vari-
able, IVIGRKD, revealed whether the patient is resistant to the treatment with IVIG 
(0 = not resistant, 1 = resistant). We used two separate datasets to see how well our 
model holds up. First, we trained the model and compared its performance with 
conventional ML models using the dataset [11]. Then, we ran the same steps on a 
second, completely independent dataset [12], which included 82 different variables 
such as patient demographics, clinical information, and lab results. This helped 
us see if the model could still perform well with new data, making it more trust-
worthy. This process is key to confirming the robustness and clinical applicability of 
the model in predicting IVIG resistance in real-world scenarios.

3.1	 Data preprocessing

The datasets used in this study show a clear class imbalance because IVIG resis-
tance is rare in KD. The first dataset, used for FL, contains 1,398 patient records with 
31 features, but only 158 patients (about 11.3%) are IVIG-resistant. All 31 features 
were used as input, as no feature selection was applied; this is because CNNs can 
automatically learn useful feature representations from the raw input without man-
ual feature engineering. The second dataset, used to test the robustness and general-
izability of the model, has 644 records with 82 features, and just 124 cases (around 
19.3%) are IVIG-resistant. This imbalance could lead to biased models that struggle 
to detect resistant cases. To tackle this, we chose ADASYN [34], Adaptive Synthetic 
Sampling, which generates synthetic samples especially for the harder-to-learn 
minority cases. This helps the model focus more on difficult decision boundaries and 
improves detection of IVIG resistance. The number of synthetic samples S is deter-
mined by S = γ · (Nmaj - Nmin), where Nmaj is the number of samples in the majority 
class, Nmin is the number of samples in the minority class, and γ is a factor that con-
trols how balanced the classes should be. After balancing the data, we filled missing 
values with the mean for each feature and standardized all features to have a mean 
of 0 and a standard deviation of 1. These steps helped create clean, balanced data 
for training our models.

3.2	 Conventional ML models and deep learning using CNN

For IVIG resistance prediction in KD patients, three conventional ML models—
LR, Naïve Bayes (NB), and gradient boosting (GB)—were employed. LR predicts the  
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probability of the positive class using the sigmoid function. NB applies Bayes’ 
theorem, assuming feature independence, and calculates the posterior probability 
of a class given the input features.GB builds a strong predictive model by iteratively 
combining multiple weak learners. Each new learner corrects errors from the pre-
vious iteration by minimizing a specified loss function, with the final model aggre-
gating their outputs. These ML models provide different approaches to classification, 
with LR offering probabilistic interpretation, NB handling feature independence 
assumptions efficiently, and GB leveraging ensemble learning for improved predic-
tive power.

Convolutional neural networks are particularly useful in detecting intricate data 
patterns, which is important for forecasting IVIG resistance. They can detect local 
relationships and form complex hierarchies of features, which enables them to dis-
cern many meaningful associations in clinical and laboratory data that most models, 
even some deep learning models, would overlook. CNNs are also more economical 
than multilayer perceptrons or recurrent neural networks because of shared sparse 
connections and sparse weights, which lowers the number of parameters and helps 
control overfitting—something crucial with small or imbalanced datasets. In our 
model, 1D convolutional layers capture salient features, while ReLU activation, max 
pooling, and dropout layers help the signal extraction focus on the most prominent 
features, and noise reduction improves generalization. These attributes strengthen 
the reliability of CNNs in resolving the IVIG resistance prediction complexities in 
Kawasaki disease.

3.3	 Federated learning using flower framework

Federated learning enables collaborative model training across institutions while 
preserving data privacy, addressing the challenges posed by the rarity of KD and 
the limited size of single-institution datasets. The Flower framework [35] provides 
flexibility, seamless integration with PyTorch, TensorFlow, and Scikit-learn, and a 
well-documented, modular architecture that supports efficient implementation. Its 
client-server design allows local clients to train models on private data while a cen-
tral server aggregates updates to build a global model. Flower accommodates hetero-
geneous clients, managing variations in data distribution, hardware configurations, 
and network conditions. Its lightweight structure, support for custom strategies, and 
compatibility with edge computing and IoT environments offer significant advan-
tages over alternatives such as TensorFlow Federated, PySyft, and FATE, making it 
well-suited for this study.

This study employs the Flower FL framework with a 1D CNN to predict IVIG resis-
tance, where each client trains locally on partitioned data and shares only model 
weights with a central server. CNNs were selected as the shared model in the FL 
framework due to their compatibility with federated parameter sharing and their 
ability to support gradient-based optimization and backpropagation. CNNs provide 
native mechanisms, such as get_weights() and set_weights(), required for federated 
aggregation strategies such as FedAvg. In addition to CNNs, LR was incorporated into 
the FL setup by adapting it into a TensorFlow model compatible with the Flower 
framework. Although LR does not natively support federated weight sharing, restruc-
turing it in this way enabled the use of functions such as get_weights() and set_
weights(), allowing seamless integration with aggregation strategies such as FedAvg.
In contrast, traditional ML models—including naive bayes (NB), SVM, GB, XGBoost, 
and LightGBM—do not natively expose model weights in a form compatible with 
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parameter exchange in FL, making them unsuitable for direct integration with such 
strategies. CNNs also enable automatic learning of complex, non-linear patterns and 
local feature interactions, even from tabular data, thereby improving representation 
learning and model generalization in the federated setting.

The conventional FL architecture is illustrated in Figure 2. The system consists 
of distributed clients (e.g., Client 1 to Client 4), each training a local model on its 
private, secured dataset while retaining all raw data within the local environment. 
Although we worked with a single dataset, we divided it into separate parts to 
simulate multiple clients (such as Client 1 to Client 4), with each client holding its 
own exclusive portion of the data. Each client used the majority of its local data for 
training and reserved a smaller portion for validation during each communication 
round to support local model evaluation. The raw data never left the local client, 
ensuring privacy. After local training, clients shared only their model updates, which 
were combined on the server using the federated averaging [20] algorithm to cre-
ate a global model. This global model was then sent back to the clients for the next 
round of training. The entire process, including model distribution, aggregation, and 
evaluation, was managed by the Flower framework.

Fig. 2. Conventional federated learning architecture

Flower framework utilizes the getparameters method to fetch the current model 
parameter or weight from each client. This method is critical in allowing the server 
to obtain the most recent model state from all participating clients after every round 
of local training. This is done through a call to self.model.getweights(), which yields 
the model’s weights and consequently permits the server to perform model aggrega-
tion and synchronization of the global model across clients. It enables the server to 
consolidate the updates that individual clients perform on their local data to refine 
the global model over time. Each model is trained on the dataset of each client, which 
is specific to them, through the fit method. Firstly, the method obtains the model 
weights from the server and executes self.model.setweights() to set them. Thereafter, 
the client trains the model for a given epochs with the local data. After the training, 
the client sends the updated model weights along with the number of processed 
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training examples to the server. This ensures that the appropriate weight is given to 
the updates because clients with more data will have a more profound effect on the 
improvement of the model.

Lastly, the evaluate method is called to evaluate the model’s performance on the 
client’s local test dataset. After getting the model parameters from the server, the 
client sets the local model weights using self.model.setweights(). The model is then 
evaluated using the evaluate() function, which computes the loss and accuracy on 
the local test set. The evaluation results—loss, accuracy, and the number of test 
samples—are returned to the server, enabling it to assess the global model’s per-
formance after each round of aggregation. By using this approach, FL allows the 
model to update and fine-tune the model locally on each client without revealing 
sensitive data to the server, which then aggregates updates to continually enhance 
the global model.

Each client k trains its local model θk using its local data Dk = (Xk, yk). The training 
process follows this update rule as in Eq. (1):

	 � � � �
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where St is the set of clients participating in round t, nk is the number of train-
ing samples on client k, �

k

t( )�1  are the updated model parameters for client k, and 
�
global

t( )�1  are the aggregated global model parameters for round t + 1. This weighted 
average ensures that the updates from clients with larger datasets have a greater 
influence on the global model. After model aggregation, the server evaluates the 
global model on a test set. The evaluation metrics from each client are aggregated 
using the weighted average method. For accuracy, the global accuracy Accuracyglobal 
is computed as in Eq. (3):
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Similarly, for other metrics such as Precision in Eq. (4), Recall in Eq. (5), and 
F1-score in Eq. (6):
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Where accuracyk, precisionk, recallk, and F1-scorek are the metrics from client k, 
and nk is the number of test samples on client k. The global evaluation metric is cal-
culated by averaging the metrics from all participating clients, weighted by their test 
set sizes. Evaluation of the global model on the test set Dtest is performed after each 
round. The evaluation loss L(θ) is computed as in Eq. (7):
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where θ
global

t( )  is the global model at round t, Dtest is the global test dataset, yi is the 
true label for test sample i, and ′y

i
 is the predicted label from the model.

4	 RESULTS AND DISCUSSIONS

Results of IVIG resistance prediction using three distinct approaches: conven-
tional ML models, a deep learning approach employing a CNN, and an FL approach 
using the Flower framework are presented here. Each of the methods was rigorously 
tested against the dataset in [11] and the dataset in [12] for model generalization and 
robustness. Performance of the approaches was tested and compared in terms of 
various evaluation metrics. Traditional ML models provide a baseline for evaluat-
ing IVIG resistance prediction. CNNs enhance accuracy through hierarchical feature 
extraction, while FL enables privacy-preserving, collaborative training across dis-
tributed clients, improving robustness and scalability. The comparative evaluation 
of these methods is elaborated in the following sections. The findings emphasize 
the improvements brought about by deep learning and FL over traditional models 
in predicting IVIG resistance outcomes accurately. The following abbreviations are 
used throughout the results section for the models compared in this study: LR, NB, 
GB, DL (Deep Learning with CNN), FL, federated learning with logistic regression 
(FL-LR) as shared model, and federated learning with CNN (FL-CNN) as shared model.

4.1	 Conventional machine learning vs CNN (centralized implementation)

Logistic regression, NB, and GB were used as baseline ML models in correlation to 
their linear, probabilistic, and ensemble nature. All models were assessed based on 
four important metrics of measurement: accuracy, precision, recall, and F1 score. All 
these metrics together provided a robust evaluative framework of predictive perfor-
mance, given the dataset imbalance between the majority of responsive cases and 
the minority of IVIG-resistant cases. Accuracy describes correct predictions in total; 
precision details the portion of predicted resistant cases that were actually resistant; 
recall, or sensitivity, describes the capability of detecting true resistant cases; and 
the F1 score tells us the average of the precision and recall, measuring the model’s 
performance from both metrics. Table 2 demonstrates that all predictive traditional 
models show systematic underperformance across all evaluation metrics, indicative 
of such models’ inability to realistically estimate the comprehensive and intricate 
relationships underpinning IVIG resistance.
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The 1D CNN outperformed earlier traditional models owing to its capture of 
complex non-linear relationships in the given tabular data. The 1D convolutional 
layers provided local feature interactions and subtle pattern extraction linked to IVIG 
resistance. Max-pooling operations abstracted these features by emphasizing the most 
informative signals while reducing dimensionality. Dense layers integrated these rep-
resentations for classification, with dropout regularization enhancing generalization 
by reducing overfitting. These architectural components contributed to performing 
better recall and F1 score, which are critical in this imbalanced setting that focuses 
on minimizing false negatives. The 1D CNN proved to be highly effective in learning 
intricate patterns as well as generalizing beyond the training dataset, thereby serv-
ing as a useful method for IVIG resistance prediction. With multiple epochs and these 
advanced learning mechanisms, the CNN captures complex patterns and generalizes 
better than conventional ML models, resulting in superior performance.

4.2	 Proposed federated learning with convolutional neural network

Federated learning makes it possible to train models across different clients with-
out sharing raw data, helping protect privacy. In our study, we simulated this by par-
titioning the dataset across multiple clients to emulate a multi-institutional setting. 
Each client trained its model locally, and the updates were combined to create a 
single global model that performs well while keeping data secure. In our study, we 
selected 15 communication rounds based on empirical evaluation. We experimented 
with various round counts (10, 15, and 20) and found that 15 rounds offered an opti-
mal balance between performance and training efficiency, as model improvements 
plateaued or slightly declined beyond this point.

Federated learning-logistic regression, which used LR as the shared model, pro-
duced suboptimal results, with lower precision and F1 scores, highlighting its limited 
ability to capture the non-linear and complex patterns. In contrast, FL-CNN achieved 
superior performance by effectively learning these intricate relationships and local 
feature interactions within the tabular data. The CNN architecture’s compatibility with 
FL allowed efficient parameter sharing and aggregation, leading to marked improve-
ments in recall and F1 score. These findings, as shown in Table 2, demonstrate the 
clear advantage of using CNNs in federated setups for IVIG resistance prediction.

Table 2. Performance comparison of various ML, DL, and FL models on dataset 1  
(primary evaluation dataset) from [11]

Metric LR NB GB DL FL-LR FL-CNN

Accuracy 78 75 92 89 78 94

Precision 71 60 90 83 46 93

Recall 48 56 77 83 72 89

F1-Score 57 58 82 83 56 91

The metrics improvement in FL-CNN, as shown in Table 2, such as increased 
accuracy of 94% and significant gains in recall and F1-score, denotes its ability to 
incorporate the knowledge from distributed datasets while adhering to privacy- 
preserving principles. Unlike standalone models, FL can unlock the potential of 
diverse but fragmented datasets, a crucial capability for rare diseases where individ-
ual institutions might hold only a small fraction of cases. Furthermore, privacy laws 
such as GDPR often restrict the sharing of sensitive medical data, limiting centralized 
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dataset creation. FL overcomes this barrier, allowing institutions to collaborate 
without exposing raw data, making it an ideal framework for generating predictive 
models in healthcare, particularly for rare diseases such as Kawasaki disease.

To ensure consistent performance, multiple train-test splits (80:20, 70:30, 75:25, 
and 85:15) were applied. In all settings, FL-CNN consistently outperformed conven-
tional approaches, as shown in Table 3. This performance improvement is especially 
critical for rare diseases, where the availability of data is often limited. FL’s abil-
ity to utilize decentralized datasets, each with distinct patient populations, enabled 
the model to generalize better and capture the variability inherent in rare disease 
data. Centralized DL models, on the other hand, may struggle with overfitting 
when trained on small, potentially biased datasets. FL also guarantees data pri-
vacy by ensuring sensitive patient data remains local to each client, which is espe-
cially crucial in healthcare use cases. Not only does this collaborative framework 
improve model performance, but it also resolves the privacy issues involved with 
health care research, thus making FL an attractive solution for use cases such as IVIG 
resistance prediction in rare disease scenarios.

Table 3. FL-CNN performance on dataset 1 with varying train-test splits  
(to assess model stability across partitioning strategies) from [11]

Train Test Split Accuracy Precision Recall F1 Score

80:20 94 88 90 90

70:30 92 89 85 87

75:25 92 87 86 86

85:15 94 93 89 91

The effectiveness of the FL approach was further evaluated using an indepen-
dent dataset consisting of 82 features, as shown in Tables 4 and 5. All procedures—
including conventional ML models (LR, NB, GB), CNN, FL-LR, and the proposed 
FL-CNN—were applied. In this scenario as well, FL-CNN consistently outperformed 
all other models. In Figure 3, we present a graphical representation of the perfor-
mance of all models on both datasets. Given the imbalanced nature of the datasets 
and the critical clinical goal of identifying IVIG-resistant patients—who are most 
likely to benefit from additional therapy—recall (sensitivity) was prioritized as a 
key metric. Sensitivity reflects the model’s ability to correctly identify IVIG-resistant 
cases, and its improvement has been highlighted as a major unmet need in prior 
studies, where low sensitivity has limited the clinical utility of predictive models. In 
this work, the reported sensitivity values from the original studies (from which the 
datasets were obtained) were directly referenced and compared with our proposed 
system, as shown in Figure 4. In both cases, the proposed FL-CNN consistently out-
performed all models reported in those studies.

Table 4. Performance comparison of various ML, DL, and FL models on an independent dataset  
from [12] to evaluate the proposed model’s consistency and generalizability

Metric LR NB GB DL FL-LR FL-CNN

Accuracy 75 64 83 83 75 94

Precision 67 54 78 93 82 99

Recall 82 82 83 74 66 88

F1-Score 73 66 81 82 74 93
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Fig. 3. Comparison of performance metrics across models using dataset 1 [11] and dataset 2 [12]

Table 5. FL-CNN performance under different train-test split strategies on an independent dataset  
from [12] to evaluate the proposed model’s consistency and generalizability

Train Test Split Accuracy Precision Recall F1 Score

80:20 91 98 84 90

70:30 86 98 85 91

75:25 91 99 83 90

85:15 94 99 88 93

Fig. 4. Comparison of the Recall/Sensitivity results of the proposed FL-CNN with results reported 
in [11] and [12]

5	 CONCLUSION

This study has addressed the challenges of class imbalance, data sparsity, and strict 
privacy regulations in predictive modeling for rare diseases, using KD, a rare and 
complex condition that mainly affects children under five, as a case study. Predicting 
resistance to IVIG—the standard treatment—is crucial because resistant patients 
face a much higher risk of developing serious heart complications. Our approach 
uses FL with the Flower framework, where a CNN serves as the shared model. This 
setup ensures scalability, privacy, and secure collaboration across clients. To address 
the class imbalance in the data, we applied adaptive synthetic oversampling. We 
compared the conventional ML models with the proposed FL model with CNN as 
the shared model (FL-CNN). Proposed FL-CNN outperformed all other methods, 
enabling secure and efficient model aggregation across distributed nodes. It achieved 
94% accuracy, 93% precision, 89% recall, and a 91% F1 score, and showed strong 
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performance on an independent dataset, with 94% accuracy, 99% precision, 88% 
recall, and 93% F1 score. Our results show that FL is a powerful approach for predic-
tive modeling in rare diseases, enabling collaboration without compromising data 
privacy. To our knowledge, this is the first application of FL in this context. Building 
on our use of CNN, future work can explore integrating advanced models such as 
transformers or graph neural networks within the FL framework to further improve 
performance and capture complex patterns in the data.
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