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ABSTRACT

Kawasaki disease (KD), a rare pediatric illness affecting children under five, is treated with
intravenous immunoglobulin (IVIG). But 10-20% of patients are resistant to IVIG, and these
resistant kids face a higher risk of coronary artery abnormalities. Identifying resistance early
is vital, yet data scarcity, class imbalance, and the disease’s rarity necessitate nationwide col-
laboration, which is often hindered by country-specific privacy policies. Federated learning
(FL) provides a practical way for different parties to collaborate on training a model while
keeping their raw data private and secure. To enhance model adaptability across diverse clin-
ical populations, we propose an adaptive intermediate model selection strategy in federated
learning. Each client retains the version—global or locally fine-tuned—that performs best on
its own data, using customizable performance metrics such as F1-score or recall. The system
was implemented using the Flower FL framework, with three simulated clients and a shared
convolutional neural network (CNN) architecture. Experiments demonstrated that the global
model achieved stronger performance than conventional models, and several clients obtained
further gains by selecting intermediate models aligned with their data. This approach intro-
duces a novel balance between worldwide collaboration and local personalization in FL,
offering a flexible and clinically meaningful solution for IVIG resistance prediction.

KEYWORDS
federated learning (FL), Kawasaki disease (KD), intravenous immunoglobulin (IVIG) resistance,
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1  INTRODUCTION

Artificial intelligence (AI) is transforming the healthcare sector nowadays, and it
helps the clinicians in the early disease detection, risk assessment, and better treat-
ment planning. Machine learning (ML) algorithms assist medical decision-making
by analyzing the available clinical and laboratory data. Kawasaki disease (KD) is
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an acute, self-limiting inflammation of blood vessels that mainly affects children
below five years. It is considered the leading cause of acquired heart disease in
children worldwide. The standard treatment includes a single high dose of intra-
venous immunoglobulin (IVIG), which greatly reduces the risk of coronary artery
abnormalities (CAAs). But, around 10-20% of treated patients do not respond to
IVIG therapy and continue to have fever and inflammation. This resistance-showing
group faces a ninefold higher risk of developing CAAs compared to IVIG-responsive
patients. So, the early identification of IVIG resistance is crucial to avail additional
treatments, such as corticosteroids or a second IVIG dose, which can significantly
improve outcomes.

However, regarding the rare disease research, data scarcity is a critical challenge
as it results in small patient data sets. These datasets are also limited to certain hospi-
tals or geographic regions, thus restricting the applicability and effectiveness of con-
ventional ML techniques [1]. Currently deep learning (DL) models are widely used
in disease diagnosis, but their application in rare disease research is still limited due
to inadequate data and population diversity [2]. In such an environment the only
solution is inter-institution collaborative research. But such collaboration is often
restricted by strict privacy regulations and ethical concerns of sharing patient data,
such as HIPAA and GDPR. In this scenario an emerging approach, privacy-preserving
Federated learning (FL), learns to address this issue. Using FL, institutions can col-
laboratively train models without sharing their local raw data. This concept was
first introduced by Google in 2016 [3]. In a typical FL scenario, each client trains a
model with their data and sends model updates (gradients, weights, etc.) to a central
server that aggregates them to generate a global model. This FL approach is useful in
maintaining data privacy while exploiting distributed intelligence, which is critical
In sensitive sectors such as healthcare. FL has also received a lot of interest in recent
years and has been applied with success in several medical fields, including oncol-
ogy, cardiology, and medical imaging. Its use in research into rare diseases, however,
is still relatively underexplored.

Applying FL encounters a challenge stemming from the diversity of the clini-
cal data from different hospitals. There is a collaboration paradox: collaboration is
needed to overcome the scarcity of data; however, the global model is bound to
underperform for local populations due to the mismatched data distribution. Such
instances require an approach that welcomes collaboration and at the same time
respects local variability. In this study, we design an Adaptive Intermediate Model
Selection strategy in FL that enables the dynamic selection of best global or local
best intermediate models based on their effectiveness. The design enables custom-
tailored population models that respond to the needs of the population while safe-
guarding privacy.

We utilize the Flower framework [4] in this study, which is an open-source and
flexible platform for simulating federated learning. It allows the distributed clients
simulation with an independent data partition that actually mimics real-world
multi-institutional healthcare scenarios. As the shared model, we use convolutional
neural network (CNN) because of its proven effectiveness in learning hierarchi-
cal representations from tabular clinical data after appropriate feature encoding.
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 [5]. Recent works further highlight the role of secure Al practices
in healthcare, from reducing vulnerabilities such as phishing through targeted train-
ing [6] to leveraging CNN-based models for intrusion detection, reinforcing their
relevance for secure FL systems [7]. We first train conventional ML models, then a
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centralized DL model using CNN, and then convert the CNN model to a federated
setting to implement our adaptive intermediate model selection mechanism. In the
adaptive method, every client monitors the best-performinglocal model during train-
ing and compares it with the generated global model. This helps improve local mod-
els by leveraging global knowledge and allows clients to keep their best-performing
local models. Clients can pick the global model or their saved local model, depending
on which one performs better according to the used metrics. This guarantees that
the advantages of FL are maintained while solving the problem of model appropri-
ateness in heterogeneous, privacy-preserving settings.

2 RELATED WORKS

Even though rare diseases are individually uncommon, they collectively affect
over 300 million people worldwide. To improve diagnostic accuracy, ML techniques
have been increasingly employed in rare disease research to detect complex clini-
cal patterns. For example, in research [8], they utilized random forests and support
vector machines for biomarker identification in Sturge-Weber syndrome, while [9]
employed CNNs with transfer learning for asbestosis diagnosis. Generative adver-
sarial networks (GANs) with recurrent neural networks (RNNs) were applied by the
researchers of [10] to address data scarcity in Brugada syndrome, and [11] used
XGBoost for metabolic profiling in pulmonary tumor diagnosis. Low prevalence,
heterogeneity of data, and fragmented data landscapes pose major challenges in the
rare disease research. Further risks that limit the research are the privacy policies
that prevent inter-institutional data sharing, along with the scarcity of biomarkers
and small cohort sizes. Within this broader context, KD—a rare pediatric vasculitis—
has received growing attention, particularly in predicting resistance to IVIG therapy,
a key determinant of clinical outcome.

2.1 ML-Based IVIG resistance prediction in KD

Numerous studies have explored ML approaches to predict IVIG resistance in
KD, aiming to support early clinical decision-making and reduce the risk of coro-
nary artery complications. [12] developed and evaluated multiple ML, models using
82 clinical features from 644 patients. The gradient boosting model outperformed
existing clinical scoring systems, achieving the best performance with an AUC of
0.7423, accuracy of 0.8844, specificity of 0.9919, and sensitivity of 0.3043, offering
a more accurate and robust decision-support tool. In another multi-center study
conducted by [13], 1,398 KD patient records were used, and among the developed
models (logistic regression, support vector machine, XGBoost, and LightGBM), the
LightGBM model achieved the best performance with an AUC of 0.874, sensitivity of
0.702, and specificity of 0.903. Using a 10-year multi-center dataset, researchers of
[14] developed a LightGBM model (AUC = 0.78, sensitivity = 0.50, specificity = 0.88)
and a 3-variable scoring system (AUC = 0.72, sensitivity = 0.49, specificity = 0.82).
A region-specific random forest model was developed by [15], achieving an AUC of
0.78, sensitivity of 0.52, and specificity of 0.92, using 10 key clinical features. The
model was integrated into a web-based tool for real-time clinical use, enhancing
early risk stratification. ML models trained on large Korean and U.S. cohorts by [16]
achieved moderate predictive performance (AUC ~0.71), with minimal improvement
from adding echocardiographic or clinical features.
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A nomogram based on nine clinical features was developed by [17], achieving
AUCs of 0.75 (internal), 0.66 (external), and 0.83 (prospective) sensitivity (0.74) and
specificity (0.64). The model shows promise for early risk identification and clinical
decision support in Eastern China. A GBDT model was developed by [18], achiev-
ing an AUC of 0.87, sensitivity of 72.6%, and specificity of 89%. Key predictive fea-
tures included total bilirubin, albumin, and C-reactive protein, highlighting the
model’s regional suitability. A nomogram incorporating seven clinical predictors
by [19] achieved AUROCs of 75.8% and 74.2% in training and validation cohorts,
respectively, in Chinese KD patients. The model showed good calibration and offers
practical utility for early treatment decisions. The retrospective study developed by
[20], the Las Vegas Scoring System (LVSS), achieved higher specificity and compara-
ble sensitivity to existing scoring systems, with a sensitivity of 76.2% and a specific-
ity of 68.6%, with IVIG resistance observed in 30.4% of patients.

The study conducted by [21] compared ten IVIG resistance prediction scores in
Turkish children and found that all models had very low sensitivity. But some of
them showed high specificity, maybe due to the highly imbalanced nature of data.
In the research by [22], they evaluated six ML, models and found the best-performing
model to be random forest. It achieved the best performance across internal and
external validations. In the study conducted by [23], they developed an XGBoost
model and achieved high sensitivity (0.889) with strong overall performance
(AUC = 0.821), accuracy of 0.748, sensitivity of 0.889, and specificity of 0.683.

2.2 The need for FLin KD

Although recent ML models have improved IVIG resistance prediction, their per-
formance is constrained by limited, single-center datasets and privacy regulations
that hinder data sharing. KD, due to its rare nature, lacks sufficient data for robust
model generalization. This nature eventually results in inconsistent performance
metrics across populations. These limitations highlight the need for a collaborative
but at the same time privacy-preserving learning approach. FL. addresses this gap
by enabling federated model training across institutions without exposing patients.
FL is gaining increasing attention in healthcare research nowadays. Recently, in the
research proposed by [24], they used an FL framework forliver disease prediction. The
methodology adopted is the integration of ensemble models like Random Forests and
boosting. In [25], they introduced a personalized tensor-based FL. model for multi-site
brain disease classification. [26] applied a CNN-FL hybrid for lung disease detection
using decentralized chest X-rays. Additionally, [27] implemented FL for arrhythmia
classification using 12-lead ECG signals, allowing accurate cardiac diagnosis without
compromising patient data. Although FL has demonstrated value in other medical
domains, it has not yet been explored in KD research. It is primarily because of its
most advanced and technically demanding ML paradigms. In the KD domain, this FL
approach stands as the only viable solution that enables secure, multi-institutional
collaboration without compromising patient privacy. To the best of our knowledge,
our study is the first to implement FL in the context of Kawasaki Disease, paving the
way for its application in similarly underserved rare disease domains.

3  MATERIALS AND METHODS

In this study, we worked with a dataset of 644 medical records of KD patients col-
lected from the research repository of [12] that contained 82 features that included
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demographic details, clinical signs, and laboratory test results. These variables
covered multiple clinical domains, such as basic patient information, clinical fea-
tures, sonography measurements, comprehensive metabolic panel, complete blood
count, and inflammatory markers, as summarized in Table 2 of [13]. Out of these,
124 patients were resistant to IVIG treatment, while the remaining 520 responded
well. Since the dataset was highly imbalanced, with only about 19% of cases fall-
ing into the resistant category, we used the ADASYN (adaptive synthetic sampling)
[28] technique to synthetically generate more samples from the minority class and
help the model learn better from those cases. After applying ADASYN, approximately
376 synthetic IVIG-resistant samples were generated, resulting in a balanced dataset
of about 1,040 records (=520 per class) that was subsequently divided into train-
ing (85%) and testing (15%) subsets for model evaluation. This enhanced dataset
was used to train and test our CNN-based FL model, allowing us to predict IVIG
resistance while ensuring data privacy. To ensure robustness and maintain consis-
tency in model evaluation, all comparative approaches in this study were trained
and evaluated on the same dataset distribution, the ADASYN-augmented dataset.
In addition to the initial dataset, we aimed to evaluate the model’s generalization by
leveraging a separate independent dataset from [13] that comprised 1,398 KD cases
diagnosed between the years 2015 to 2020. This secondary dataset had 1,240 cases
classified as IVIG responders and 158 as resistant cases, with 31 features spanning
clinical, demographic, and imaging data, as well as laboratory data. The usage of
both datasets enhanced the confidence in the model’s performance by ascertaining
its accuracy and reliability across diverse populations.

3.1 Conventional ML models and DL using CNN

As a foundational implementation, we started our study with traditional ML
models. We used three different models here, logistic regression, Naive Bayes, and
decision tree, to establish a baseline performance. Logistic regression was selected
due to its effectiveness and straightforward handling of basic classification tasks.
Naive Bayes was selected because of its speed and its effectiveness in providing use-
ful results, even when the data does not conform to its assumptions. The decision tree
is used because of its simplicity and effectiveness in capturing non-linear composite
relationships. As the deep learning approach, we used a one-dimensional CNN to
examine the data for deeper, more complex patterns. Even though our dataset con-
sists of tabular clinical values without explicit temporal order, we applied 1D CNNs
to explore the CNN’s ability to identify potential local interactions between features.
This approach allowed us to capture dependencies between adjacent features while
maintaining parameter efficiency compared to fully connected deep networks.

3.2 FLusing Flower framework

To implement FL, we used the Flower framework [4], which is an open-source,
modular framework for simulating federated systems with popular ML frameworks
like TensorFlow and PyTorch. In our study, we created a federated environment by
partitioning the data and assigning a subset of data to each client. For local model
evaluation, clients individually created a training set and a testing set. Each client
trained the shared model with local training data and returned the modified model
parameters to a central server. The server aggregated these updates using the FedAvg
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(federated averaging) algorithm [3] and returned the updated global model to the cli-
ents. This was repeated for multiple rounds, enabling collaborative learning within
a framework that preserved the raw data and decentralized learning.

We implemented a 1D CNN (1D CNN) as the shared model in a federated setup
because it effectively learns local connections and hierarchical features in the data
through its convolutional layers, and it has a fairly low trainable parameter count.
This is a positive aspect in a federated environment, which is bandwidth and com-
putation constrained. Older models, such as decision trees or Naive Bayes, are not
appropriate for federated training cycles, as they do not allow for trainable-gradient
optimizations—which are crucial for parameter aggregation in FL. Logistic regres-
sion, while federatable, is simply not powerful enough to capture and model the
complex, non-linear correlations within the data. Therefore, in light of the balance
between expressiveness, training efficiency, and modelling alignment with the FL
structure, the choice of 1D CNN makes sense. At the start of training, the initial global

model parameters egibaz are obtained from the first instantiated client and broadcast

to all participating clients. Each client receives the current global weights ) from
global

the server and initializes its local CNN with these parameters. Training then pro-
ceeds on the client’s private dataset D, = (X,, y,) where the CNN updates its parame-
ters through backpropagation using convolutional and fully connected layers. The
update rule for client k at round t is given as in Eq. (1):

o0+ =61 —v,L(6;D,) (1)

where 1 is the learning rate, and L (-) is the CNN’s loss function computed on the
local dataset. After training for E epochs, the client returns the updated parameters
6"V along with the number of training samples n,. This ensures that clients with
larger datasets exert more influence on the global update, a critical step when com-
bining CNN models across heterogeneous data sources. The server aggregates these
CNN updates using the federated averaging (FedAvg) [3] algorithm, which computes
a weighted mean of the client models as in Eq. (2):

z n e«
k- k
(t+1) _ etkeS,

global
Z
kES[

Where S, is the set of participating clients in round t. After aggregation, the server
evaluates the 1D CNN on a validation/test dataset to monitor performance. Global
metrics are derived by weighting client-specific results, e.g., global accuracy as in
Eq. (3): and similar weighted formulas apply for precision, recall, and F1-score

2)

zkESlnkAccuracyk
Accuracy = (3)

global n
Z €S,
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The overall loss is also measured as in Eq. (4):

1 ,
L(@;Z}bal) = |’# .; L(yi’yi) (4)

test

test

Through this iterative process, the 1D CNN learns hierarchical representations
from each client’s data locally, while the server aggregates updates to refine a single,
privacy-preserving global model that improves over successive rounds.
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3.3 Proposed adaptive intermediate model selection in FL

In KD research, the limited availability of data at individual clinical sites and
stringent privacy regulations render centralized model training impractical.
FL offers a promising solution by enabling collaborative model development
without exchanging raw data. However, a single globally trained model may not
perform optimally across heterogeneous client populations due to site-specific
variations in data distributions and clinical features. To address this challenge, we
propose an adaptive intermediate model selection strategy in FL. In this approach,
each client tracks the performance of the global model received at every train-
ing round and retains the version—either the raw global model or a locally fine-
tuned variant—that achieves the best performance on its local validation dataset,
as shown in Figure 1. This strategy balances global knowledge transfer with local
personalization. Importantly, clients are given the flexibility to define their model
selection criteria based on local requirements. In our implementation, we initially
used the Fl1-score as the selection metric and later extended it to include recall,
given its effectiveness in handling class imbalance by accounting for both false
positives and false negatives—an essential consideration in rare disease scenarios.
Nevertheless, the framework is flexible, allowing clients to adopt alternative met-
rics (e.g., accuracy, specificity) based on clinical priorities or the characteristics of

their data.
Secured Data

Secured Data
Local Model Local Model

Global Modol @ a
AA
: : Secured Data

A
Local Model
Goososantcrcnsasasansnnsaseses T eesesssssesesesessccsesesnene > -
Model Updating Model Updating am
Client 3 Cllor}! 4

Fig. 1. Architecture of adaptive intermediate model selection in federated learning

Let K be the total number of participating clients in the federated system. During
each communication round t, the central server broadcasts the current global
model parameters 8¢ to all clients. Upon receiving the global model, each client
ke{1, 2, .., K} trains it on its private dataset D{", yielding updated local model
parameters 6. To enable personalized model selection, each client evaluates both
the received global model and its locally updated model on a local validation set D).
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The evaluation is performed using a performance metric M, chosen independently
by the client, such as F1-score, recall, or accuracy. The scores for the local and global
models are computed as in Eq. (5):

M = M, (f(;0), D), M = M, (f(;0©),D}) (5)

Based on this evaluation, the client selects the model that performs better accord-
ing to its chosen metric, as in Eq. (6):

(6)

) 7 t) &)
- [o0,iF MO > M
K 00 otherwise

Throughout the training process, each client maintains the best-performing
model on its validation set by tracking the maximum observed performance over
time, as in Eq. (7):

O =g jax, MGOE.D 7

Employing the FedAvg algorithm, the server side updates the global model by
aggregating contributions from local updates, each weighted by the number of
samples n_k at the corresponding client. This modelling technique integrates the
fusion of global model learning with client personal model adaptation. This tech-
nique is ideal for situations involving rare diseases since the data present scarcity,
imbalance, and considerable heterogeneity across clinical sites. We used the Flower
FL framework to implement this. In this instance, we simulated three clients, each
training a shared 1D CNN on its private dataset. After each training round, clients
assessed the global model using the F1-score to determine which version to keep.
A modified federated averaging (FedAvg) algorithm on the server-side captured
client updates, while centralized monitoring of global metrics assessed perfor-
mance during evaluation sprints. The training sessions concluded with an assess-
ment of the global model, which incorporated metrics of the accuracy, precision,
recall, and F1-score of the best local model each client kept. Results showed that
offering clients personal model adaptation through intermediate model selection
is beneficial to performance, especially in data-limited and heterogeneous clinical
environments.

4  RESULTS AND DISCUSSIONS

Initially, we assessed standard ML techniques, namely logistic regression, Naive
Bayes, and decision tree, and subsequently a CNN from a deep learning perspective.
The initial training and testing of these models occurred on the primary dataset
from research [12] containing 644 instances of KD cases, for which we used ADASYN
for class imbalance. The same dataset was also used for later experiments under
an FL setting, with the CNN as the global model on simulated clients. To determine
the approach’s generalizability and robustness, we applied the same method on a
different, independent KD dataset from research [13], which contained 1,398 records
collected over five years. The independent dataset served to demonstrate model
performance—particularly models trained under the FL setting—on different popu-
lations and varying distributions of data.
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4,1 Results

The results provided in Tables 1 and 2 demonstrate the effectiveness of the
FL model on this dataset. The FL outperforms the conventional approaches in
all performance metrics, as shown in Figure 2. Statistical validation using 5-fold
cross-validation and a paired t-test confirmed that the performance improvement of
the FL-CNN (Accuracy = 89%, F1 = 88%) over the centralized CNN (Accuracy = 83%,
F1=282%) was statistically significant (p < 0.05).

Table 1. Performance comparison of various models on Dataset 1 (primary evaluation dataset) from [12]

Model Accuracy Precision Recall F1-Score
Logistic Regression 75 82 67 73
Naive Bayes 64 82 54 66
Decision Tree 83 82 80 81
Centralized CNN 83 93 74 82
FL-CNN 89 98 80 88

Table 2. Performance comparison of various models on Dataset 2 from [13] to evaluate the proposed
model’s consistency and generalizability

Model Accuracy Precision Recall F1-Score
Logistic Regression 78 71 48 57
Naive Bayes 75 60 56 58
Decision Tree 83 81 82 81
Centralized CNN 89 83 83 83
FL-CNN 90 98 82 89

Datasct 1 Datasct 2
00— ‘ : — 00— : ' =
50 50 i Il

0 ‘ 0 ; ;
Accuracy Precision Recall  Fl-Score Accuracy Precision  Recall  Fl-Score

[ 1] Logistic Reg. 11 Naive Bayes [ [] Logistic Reg. [0 Naive Bayes

Is Decision Tree 18 Centralized CNN be Decision Tree § 8 Centralized CNN

00 Federated Leamning-CNN 00 Federated Learning-CNN

Fig. 2. Performance comparison of various models on Dataset 1 and Dataset 2
Note: FL outperforms all conventional models across all metrics.

To evaluate the effectiveness of our proposed adaptive intermediate model selec-

tion strategy, we implemented an FL system using the same Flower framework
across three simulated clients and two clinical datasets. Every client evaluated the
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results of the global models they received at each training round and kept the ver-
sion that had the highest local validation performance, primarily based on F1-score,
as shown in Table 3. In Dataset 1, although the FL global model performed well
overall (F1-score: 88, Recall: 80), Client 0’s best local model even bettered it, achiev-
ing an F1 score of 90 and recall of 86, which emphasizes the value of personaliza-
tion. Client 1’s result was on par with the global model, while Client 2’s best local
model underachieved, which could imply data sparsity or noise. This shows that
client-specific model selection can still provide benefits when local data distribution
shifts away from the global distribution.

On the other hand, the results from Dataset 2, displayed in Table 4, indicated
that in the final FL global model evaluation, the global model version consis-
tently surpassed the performance of all client-specific best models, based on the
F1-score, Accuracy, and Recall metrics (F1-score: 89, Accuracy: 90%, Recall: 82%).
Even so, Client 0’s best model highlighted recall (87%), which is arguably the best
performance metric in clinical settings, for false negatives are the most critical
errors. Comparison of performance for the global model and the client-side best
models can also be seen in Figure 3. This illustrates that while the FL. methodol-
ogy and collaborative training, effectively generalize to different use cases in the
population, the use of adaptive selection provides clients the ability to fine-tune
within specific frontiers based on their local validation results. This is particularly
important in healthcare situations such as Kawasaki disease and research on rare
diseases, where the clinical data diversity, clinical focus, and data priorities differ
across healthcare centers.

Table 3. Performance of FL global and client-specific best models on dataset 1 using adaptive intermediate
model selection (F1 as customization metric) [12]

Model Accuracy Precision Recall F1-Score
FL global model 89 98 80 88
FL client 0 Best model 90 94 86 90
FL client 1 Best model 89 97 81 88
FL client 2 Best model 76 98 65 78

Table 4. Performance of FL global and client-specific best models on dataset 2 from [13] using adaptive
intermediate model selection (F1 as customization metric)

Model Accuracy Precision Recall F1-Score
FL global Model 90 98 82 89
FL client 0 Best model 85 79 87 83
FL client 1 Best model 85 98 76 85
FL client 2 Best model 85 97 76 85

To continue testing the robustness and consistency of the adaptive intermediate
model selection method, we opted for recall as the metric for client-side customi-
zation, as described in Tables 5 and 6 for different datasets. Choosing recall makes
sense in the context of imbalanced classes, as in rare disease prediction, where mini-
mizing the false negatives is of utmost importance. In such scenarios, recall is critical
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as it measures performance in identifying cases in the minority class, directly affect-
ing the clinical value of the model.

Dataset 1 Dataset 2
100 B 100 -
W) 50
|
0 ry <~ o S
& & 3 N &
& & & o s F & o
3 g = < <>
——  FLClobal Modad —— Clicat 0 Bost Modd
—— Clicnt 1 Best Moded ——  Clicnt 2 Bost Modd

Fig. 3. Performance of FL global and client-specific best models using adaptive intermediate model selection
(F1-score as customization metric)

4.2 Discussions

In Dataset 1, for example, Client 2’s local best model was able to reach a higher
recall of 84% in contrast to the global model, which was 83%, while still obtaining
reasonably high values of precision and F1-score. This suggests that for some popu-
lations, the positive class distribution may be more easily captured and represented
by client-specific models. In contrast, in Dataset 2, the FL global model performance
was superior to all client models for all evaluated criteria, including recall, which
suggests more generalized performance when datasets have less skewed distri-
butions. For the performance of the global model and the best client-side models
with respect to recall as the client-side customization metric, refer to Figure 4. This
confirms that model flexibility provided by adaptive model selection is meaningful.
It permits clients to keep and utilize models that are better suited to their unique
needs and clinical objectives related to their population, especially in situations that
require minimizing false negatives. The limitation of the study is that this study was
conducted in a simulated federated setup with limited datasets, without consider-
ing factors like client heterogeneity and communication constraints. While certain
client-specific models exhibited higher performance than the global model, this can-
not be conclusively attributed to true population-level differences. The observed
variations may also arise from differences in training and validation splits or inher-
ent dataset bias. Further investigation with detailed demographic and clinical meta-
data across clients is required to confirm whether such local improvements reflect
genuine population-specific diagnostic characteristics of IVIG resistance. Future
work will involve evaluating the approach on larger, real-world medical datasets
with diverse clients and integrating privacy-preserving mechanisms. In addition,
comparative studies using different oversampling techniques will be conducted to
analyze their impact on model performance. Additionally, extending the framework
with transformer-based and multimodal models could further enhance scalability
and generalization.

International Journal of Online and Biomedical Engineering (iJOF) 119


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

Namitha et al.

Table 5. Performance of FL global and client-specific best models on dataset 1 from [12] using adaptive
intermediate model selection (Recall as customization metric)

Model Accuracy Precision Recall F1-Score
FL global model 90 97 83 89
FL client 0 Best model 82 98 72 83
FL client 1 Best model 85 85 81 83
FL client 2 Best model 88 89 84 87

Table 6. Performance of FL global and client-specific best models on dataset 2 from [13] using adaptive
intermediate model selection (Recall as customization metric)

Accuracy Precision F1-Score
FL global Model 90 97 84 90
FL client 0 Best model 83 69 90 78
FL client 1 Best model 88 98 79 88
FL client 2 Best model 80 97 70 81
Dataset 1 Datasct 2
100 100 = -
all all AN I Bl . [
50 S0
0 f = 0 f -
é} sf & 4 ‘,f
VAR A A AV AR X
——  FL Clobal Model —— Clicnt 0 Best Moddl
—— Clicent 1 Best Moded —— Cliont 2 Best Modd

Fig. 4. Performance of FL global and client-specific best models using adaptive intermediate model selection
(Recall as customization metric)

5 CONCLUSION

This study proposed an adaptive intermediate model selection strategy within
a FL framework to enhance the prediction of IVIG resistance in KD. The approach
addressed the study’s objectives of improving personalization and robustness in
heterogeneous, privacy-sensitive clinical environments by allowing each client to
evaluate intermediate global models during training and retain the one that best fits
its local validation data based on metrics such as Fl-score or recall. Experimental
results demonstrated that on Dataset 1, Client 0’s local model achieved an F1-score
of 90%, outperforming the global model (88%), while on Dataset 2, the global model
achieved 90% accuracy, 97% precision, 84% recall, and a 90% F1-score, outper-
forming all clients. These results confirm that the adaptive mechanism enhances
client-level flexibility while maintaining global model reliability. The findings
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contribute to advancing personalization in FL by showing that adaptive model
retention can balance global and local performance without compromising privacy.
Future research should extend this approach to larger, real-world medical datasets,
integrate privacy-preserving techniques, and explore transformer-based and multi-
modal architectures to further assess scalability and generalization.
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