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Abstract

Beyond improving predictive performance, the proposed framework contributes to healthcare
information management by enabling secure collaboration among geographically distributed
healthcare institutions while complying with data privacy regulations. The explainable
prediction mechanism enhances clinicians' confidence in Al-assisted decision-making by
identifying key genetic and lifestyle risk factors that influence preventive interventions. The
proposed framework offers practical value for hospital administrators, healthcare
policymakers, and digital health managers seeking scalable, privacy-preserving, and
interpretable Al solutions for collaborative clinical analytics and precision healthcare.
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Introduction

Gout is a disease associated with increasing prevalence and obesity, with an estimated 41
million cases worldwide (Dalbeth et al., 2016). Its pathogenesis involves chronic
hyperuricemia causing the deposition of monosodium urate crystals, which is subject to
genetic susceptibility loci (e.g., SLC2A9, ABCG2) and modifiable lifestyle factors such as
purine-rich food intake, alcohol consumption, and BMI (German Chronic Kidney Disease
Study et al., 2019). The preclinical stage of risk stratification can enable accurate risk
stratification and allow for targeted lifestyle counselling and the use of pharmacological urate-
lowering therapy (FitzGerald et al., 2020). Machine learning models trained on a combination
of genomic and lifestyle features have shown high discriminatory capacity in predicting gout
(Brisimi et al., 2018). However, centralizing multisite datasets is hindered by GDPR, HIPAA,
and institutional reluctance to share data (Rieke et al., 2020). Federated learning (FL) trains a
shared global model collaboratively without exchanging raw patient records (Dayan et al.,
2021) but faces three challenges: (1) gradient updates can leak sensitive information (Sheller
et al,, 2020); (ii)) communication overhead can be prohibitive in bandwidth-constrained
hospital networks (Li & Wang, 2019); and (iii) heterogeneous resources demand
asynchronous aggregation (Kairouz & McMahan, 2021).

In addition to its increasing prevalence, gout imposes a significant, often underestimated,
burden on health systems, with well-established associations with cardiovascular disease,
chronic renal insufficiency, and metabolic syndrome, further increasing the direct costs
associated with the management of recurrent flares (Dehlin et al., 2020). Symptomatic gout
usually has an extended asymptomatic period of hyperuricemia, providing a clinically
relevant time frame when risk can be detected—and changed—before the first attack of gout.
The genetic architecture of urate handling has now been relatively well-defined—common
urate-handling variants in renal and intestinal urate transporters account for a significant
proportion of the variation in serum urate across the population; however, these tend to be
highly modifiable by other factors such as diet, adiposity, and alcohol consumption (Major et
al., 2018). Given this gene—environment interplay, gout is an ideal disease for integrative
modelling and prediction—and neither genomic nor lifestyle factors alone can provide a
complete risk profile for an individual patient. Therefore, during the preclinical interval, it is
imperative to stratify risk accurately to ensure the most cost-efficient and guideline-compliant
preventive care.

Implementing such 'integrative' models with ease in everyday clinical practice is limited
not only by algorithmic approaches but also by the difficulty of assembling cohorts that are
large, varied, and richly annotated. Personal data of high sensitivity—such as genomic data
and behavioural records—are subject to highly regulated movement between institutions, to
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the extent that the transfer of these types of data is regulated, e.g., by the European General
Data Protection Regulation and the United States Health Insurance Portability and
Accountability Act (HIPAA) (Xu et al., 2021). Thus, the traditional approach—combining
records in one warchouse—can be legally difficult, ethically questionable, and
organizationally challenging. A promising solution to address this dilemma is federated
learning, which involves multiple data institutions that can collectively train a shared model
without sharing their raw data, without allowing any of the data to cross their institutional
boundaries (McMahan et al., 2017). It is now a well-established approach, progressing from a
communication-efficiency technique to large research programs addressing both statistical
and system heterogeneity (L1 et al., 2020) and various adversarial privacy risks (Nguyen et al.,
2022), and it is increasingly used for clinical prediction tasks that rely on cross-institutional
generalization.

However, several issues remain concerning the potential of the naive use of federated
learning for genomic risk prediction. First, model updates are not privacy-neutral, since
gradients transmitted during model training can be inverted to recover fragments of the
training data, which raises significant concerns when the features represent identifiable
genetic variants (Zhu et al., 2019). To prevent privacy breaches and protect against
inappropriate inferences, guarantees such as differential privacy are needed for shared updates
(Dwork & Roth, 2014; Wei et al.,, 2020). Second, the size of the datasets, their label
distributions, and their case mix will vary among participating hospitals, meaning that
synchronized aggregation across sites will not be uniform, which can negatively affect
convergence and potentially bias the global model toward larger sites (Sattler et al., 2020).
Third, and most neglected in simulations, real clinical networks are bandwidth-constrained
and unreliable, with nodes that may join, leave, or experience substantial changes in
connection speeds, leaving some nodes idle while others consume large portions of the
available network bandwidth. For efficiency, it is beneficial that slower nodes are not always
the same (Xie et al., 2019). The main motivation of the framework proposed in this research is
to address these three concerns—privacy leakage, statistical heterogeneity, and
communication under asynchrony—in tandem rather than addressing each issue
independently.

In this context, the current study investigates the possibility of achieving both clinically
relevant gout risk stratification and stringent privacy guarantees using a single meticulously
designed pipeline while still being deployable within realistic hospital infrastructure. In fact,
we believe that the three challenges above are deeply intertwined and should be co-designed.
The first two, for example, interact with the differential privacy noise budget and the
"staleness" associated with asynchronous aggregation. Each challenge can be addressed using
relatively independent components; however, when they are treated together, these
components can achieve near-centralized accuracy at lower communication costs, allowing
the proposed system to approach centralized performance.
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The paper proposes FedGout, an efficient FL pipeline for communication- and privacy-
preserving stratification of gout risk. The contributions are:

1. A federated architecture that combines secure aggregation, local differential privacy
(LDP), and top-k gradient sparsification.

2. Anasynchronous protocol with a staleness bound for heterogeneous hospital networks.

3. Simulated experiments with five nodes demonstrating an AUC-ROC of 0.913 and 73.6%
communication savings under (2 x 10-%)-differential privacy.

4. Clinically interpretable risk strata and prioritized risk-factor rankings.

The rest of this paper is structured as follows: Section 2 reviews previous research on
gout risk prediction, federated learning in healthcare, and the privacy and communication
mechanisms underlying our design. Section 3 presents the proposed FedGout architecture,
and Section 4 formalizes the learning problem and privacy-preserving training procedure.
Section 5 presents experimental results with simulated clinical nodes, while Section 6
discusses the limitations and future directions.

Literature Review

Prior studies have applied logistic regression and gradient-boosted trees for gout
classification. Recent work has incorporated polygenic risk scores, achieving AUCs
exceeding 0.85, but these studies assume centralized data access.

Federated Learning in Healthcare has been deployed for brain tumor segmentation (Abadi
et al., 2016), EHR mortality prediction (Bonawitz et al., 2017), and COVID-19 diagnosis
(Lundberg & Lee, 2017). Communication efficiency has been addressed through gradient
compression and client sampling (Esteva et al., 2019). No prior work has applied FL to gout
risk stratification with genomic features.

Differential privacy (DP) injects calibrated noise into gradients (Kaissis et al., 2020).
Secure aggregation (SecAgg) hides individual client updates (Yang et al., 2019). Combining
both strengthens the threat model.

There has been substantial advancement in machine learning methodologies that can be
used for the diagnosis and prediction of gout and hyperuricemic conditions compared with
early rule-based scorers. However, classical models based on logistic regression and gradient-
boosted decision trees are more competitive for tabular clinical variables, and using genetic
markers associated with urate—termed polygenic risk scores (PRS)—in addition to
demographic and biochemical markers dramatically enhances the discriminative performance
of these models (Major et al., 2018). An objective of the newly developed field of large-scale
genetic epidemiology is to elucidate which transporter genes most strongly affect serum urate,
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leading to the identification of more features than simple correlations that are biologically
interpretable and informative (German Chronic Kidney Disease Study et al., 2019). At the
population level, such models are also supported by epidemiological evidence of an upward
trend in gout incidence across the world, mostly driven by obesity and dietary shifts, which is
also reflected in the rising prevalence of the disease globally (Dehlin et al., 2020). The main
shortcoming that permeates this literature is that it assumes centralized access to a labelled
cohort, typically training models on the registry at a single institution or on a merged dataset
from multiple institutions within the research community. However, this limited approach to
external validity ignores the governance issues that are common when trying to deploy
models in the real world. To the best of our knowledge, this is the first study to examine gout
risk stratification in a context where genomic data are physically segregated across
institutions, while lifestyle factors are also distributed across institutions. None of our
previous studies have examined gout risk stratification in such a context, where genomic and
lifestyle risk factors are physically distributed across institutions.

Federated learning was initially proposed as a method to train on data scattered across
locations without sending raw data during the training process, with the Federated Averaging
algorithm becoming a canonical client—server training architecture (McMahan et al., 2017).
Early work focused on communication efficiency because the number of synchronization
rounds—not necessarily the amount of computation—usually plays a dominant role in wall-
clock costs in distributed settings (Kone¢ny et al., 2016). Later work reframed federated
learning as a generic optimization problem involving systems and statistical heterogeneity,
leading to the development of regularized objectives and control-variate approaches to
stabilize convergence when data are non-identically distributed across clients (Li et al., 2020).
Federated learning in the clinical domain has been widely studied as a means of enabling
privacy-preserving healthcare informatics, including imaging, electronic health records, and
genomics (Xu et al, 2021; Nguyen et al.,, 2022). In addition, systematic reviews have
suggested reference architectures and catalogued common engineering hurdles, such as non-
IID data, unreliable participation, and heterogeneous computing resources, that limit the
integration of laboratory prototypes with hospital-grade systems (Antunes et al., 2022). The
issues of privacy and communication have often been treated together in the literature, and
both are directly addressed in our work.

There is a large amount of literature on communication barriers to federated training on
networks with limited capabilities. Gradient sparsification and quantization can lead to orders
of magnitude fewer updates being transmitted and, with the help of error feedback, the
information lost during sparsification and compression can be recovered without affecting
convergence (Sattler et al., 2020). These strategies are complementary, meaning that they
decrease the number of communication rounds by sampling clients and accumulating local
updates. Typical reported compression ratios are a factor of ten or greater, as reported in the
literature, but the practical amount of compression that can be achieved depends strongly on
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the size of the model and the degree of tolerance for noisy updates by the downstream task.
However, it is rare for participating nodes to operate completely in sync; as a result,
asynchronous aggregation mechanisms have been proposed to enable the server to accept
updates as soon as they become available but to cap the staleness of any update, without
stalling the entire federation if one node is very slow or intermittent (Xie et al., 2019). We first
combine top-k sparsification with an error-feedback technique and a protocol based on
bounded staleness, without separating the concepts of efficiency and privacy.

In recent years, researchers have explored various approaches to improve communication
efficiency and tackle model heterogeneity in distributed systems, such as optimizing
aggregation strategies and designing lightweight collaborative learning frameworks (Li &
Wang, 2019). Simultaneously, artificial intelligence (Al) technologies have greatly advanced
applications in healthcare, such as accurate disease prediction, individualized diagnosis, and
secure analysis of medical data, which are supported by advanced deep learning and
generative models (Kumar et al., 2025a). Genomics combined with machine learning has also
shown promise for data-driven predictive models in complex biological and clinical decision-
making, supporting precision medicine and personalized risk assessment (Kumar et al.,
2025b). Furthermore, advancements in image processing and pattern recognition for
diagnostic purposes have significantly enhanced the precision of telemedicine, further
emphasizing the significance of intelligent healthcare systems that offer reliable and
comprehensible clinical assistance (Kumar et al., 2025c¢).

Privacy in federated learning is not one-size-fits-all. Differential privacy offers a precise,
composable guarantee by introducing calibrated noise to make it difficult to discover the
presence or absence of a single record from published outputs and provides theoretical
guarantees for how privacy loss compounds over continuous training rounds (Dwork & Roth,
2014). In the federated case, differentially private SGD with clipped gradients has been
studied as a method to assess the accuracy—privacy trade-off, with clinically useful models
achievable at reasonable privacy budgets (Wei et al., 2020). In most cases, even before adding
differential privacy noise, exposure to the aggregation process can be limited by encrypting
each client update through secure aggregation. Together, these approaches have been
suggested to provide security for sensitive health data, where neither guarantee alone is
considered sufficient when faced with a realistic adversary (Choudhury et al., 2019). Finally,
interpretability techniques such as additive feature-attribution methods are used in
conjunction with these safeguards to make risk scores clinically actionable without revealing
raw inputs, which is beneficial for transparency, assurance, and accountability (Lundberg &
Lee, 2017).

These works complement each other into a more developed, but mostly disjoint, set of
solutions: more reliable models for gout prediction that are centralized; communication-
efficient federated optimization; and formal privacy approaches that have been shown
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individually. What is currently missing is an integrated framework that takes the framework
of privacy-preserving aggregation, aggressive communication compression, and
heterogeneous-tolerant asynchronous scheduling into consideration, and optimizes them
together for the specific task of gout risk stratification given gene — lifestyle features. Prior
studies rarely report communication savings, privacy budgets, and predictive performance all
in a single experiment, thus making it hard to determine, as an example, the actual (operating)
point of a deployed system; this combined reporting is what we propose to do in the present
study for a simulated multi-hospital federation. Four years ago, FedGout was launched to fill
this gap.

Proposed Architecture

In this section, we will introduce the proposed FedGout architecture, which is a novel
communication-efficient and privacy-preserving federated learning framework to preventively
stratify gout risk using distributed gene—lifestyle data. The architecture is designed to enable
all hospitals to learn a robust global model together while maintaining privacy and
confidentiality of their patient data sources. As shown in Figure 1, every hospital node locally
trains using its own dataset, adds a privacy pipeline of gradient clipping, differential privacy
(DP) noise injection, and Top k sparsification, and securely aggregates the updates to the
central server. The central server aggregates the client updates asynchronously and with a
bound on staleness and then pushes the updated global model back to the participating
hospitals. Finally, using the global model, patients are risk-stratified into Low-risk, Moderate-
risk, and High-risk, and the feature importance is estimated by SHAP for explainability.

Architectural Overview

The proposed architecture includes three main parts: (i) distributed clinical nodes (hospitals),
(i1) the privacy pipeline to be performed at every client, and (iii) the central server that
handles asynchronous aggregation and model management for the entire system.

Suppose there are Kbe hospitals that are participating in the program. Every hospital k €
1,2, ..., Khas its own dataset.

k k
Dy = {(x{, ¥,

Where xi(k) € R%denotes the feature vector of the i‘"patient, yi(k) € {0,1}denotes the
corresponding gout status, nirepresents the number of samples stored at the hospital k,
ddenotes the dimensionality of the gene—lifestyle feature vector.

The proposed framework incorporates both genetic and lifestyle-related clinical features,
as each feature vector pairs genomic with clinical data. All calculations are done on the local
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machine, which ensures that the patient's private information does not have to leave the
patient's healthcare providers while training.

The workflow starts at each hospital where the global model parameters wt received from
the server are used as initial parameters in training the local model for multiple epochs. The
gradients are calculated in the pipeline, followed by the privacy pipeline, before sending
updates to the server. The server collects updates from a portion of the participating hospitals
and generates the updated global model w{t+1} and broadcasts it in the next round of
communication. The final optimized model is then applied to the prediction of patient risks
and interpretation using SHAP analysis of the factors involved in the model.

Table 1. Notation Summary

Notation Definition Notation Definition
K Number of participating hospitals o Differential privacy noise multiplier
D, Local dataset of hospital k (6) Differential privacy parameters
ny Number of samples at hospital & p Top-k sparsification ratio
xi(k) Feature vector of patient i Tk Communication delay (staleness)
() Gout class label a, Aggregation weight
d Number of input features wttt Updated global model
wt Global model at communication round t T Total communication rounds
gk Local gradient N Learning rate
C Gradient clipping threshold L() Binary cross-entropy loss

Distributed Clinical Nodes
(Hospitals)

Central Server

S : / )
Hospital 1 |
D, (Local Node) ; :
" i | 1. Gradient 2. DP Noise 3. Top-k 4. Secure m—» 5. Asynchronous
i \ 1
D Hesprial — Clipping Injection Sparsification Aggregation | | Staleness-Bounded
2 (Local Node) ! ! Aggregation
: I
G ! — — —
e Hospital 3 ! ] /\ | I | a !
1
3
P Lot : : 6. Global Model
: ° i retain top k Update
s . gl <€ | [ NO,0%C?D) B : l:fjl
. . ! elements | wttD)
— ' i
D Hospital K-1 P e ’
K-1 (Local Node) !
——_— I
- Updated Global Model
— Hospital K R e e e e 7. Risk 8. SHAP
Dy i (Loc; Node) Stratification ot
b i e Low / Moderate / High Importance

Private Gene-Lifestyle Data

Figure 1. Proposed FedGout Architecture

Local Training Process at Hospital Node

At the beginning of the communication round ¢, the central server broadcasts the current

global model parameters w'to a subset of participating hospitals
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S, €{1,2,..,K}

using a client sampling fraction

Each selected hospital initializes its local model using the received global parameters,
w, = w,
and performs Eepochs of stochastic gradient descent on its private dataset.

For each mini-batch B), < D, the neural network predicts the probability of gout

occurrence,
¥ = fwg),
where f(-)denotes the multilayer perceptron with a sigmoid output layer.

The local optimization objective is defined using binary cross-entropy loss,

Le(w) = = > Dilog@) + (1= ylog(1 -] (1)

| Brp |
" (XpYi)EBrp

The gradients of the loss function with respect to the model parameters are computed as

To prevent excessively large updates and reduce gradient sensitivity before differential
privacy is applied, gradient clipping is performed according to

gt = gh-min —— 2
oo I gi Ilz
where Cdenotes the clipping threshold controlling the maximum Euclidean norm of local

gradients.



Explainable Privacy-Preserving Federated.../ Yu-Ruey Liu 102

Methodology

Problem Formulation

Consider K clinical nodes, each holding Dk = {(xi(k),yi(k))}ni=1k, where xi € Rd encodes dg
genetic and dl lifestyle features, and yi € {0,1} is gout status. The federated objective is:

Fw) =S, R, Fw) = 5% 1(h(x";w),y") (1)

where N=Pk nk, h(-;w) is an MLP (d-128-64-32—-1 with ReLU, batch normalization,

sigmoid output; [w|=13,000), and £ is binary cross-entropy.

Privacy-Preserving Federated Training

At round t, selected clients St € [K] perform E local SGD epochs. Per-sample gradients are
clipped:

&=gi-(1 C) (2)

Each client adds Gaussian noise to the local update Awk(t):

awS = aw® + N(0,02C21) 3)
where o is set via the moments accountant [15] for target (€,0)-DP.

The moments accountant is used to tune the noise scale ¢ to meet the desired privacy
budget (¢=2, 6=107°). Sensitivity analysis validates this choice in this work to test what effect
it has on

convergence and model performance. Top-k sparsification retains only the k largest-
magnitude entries with error feedback:

Sk = Sparse(Aw,Et) + ey, [pIWIJ) ey < (AW,Et) + ek) — Sy 4)
The server performs secure aggregation [16] with staleness-bounded weighting:

Aw® = SecAgg(a,(f)Sk, k e St) a,(ct) = Dk, ety (5)

Nst

where A is the staleness decay factor and tmax bounds acceptable staleness. Instead of a
fixed decay factor, we adopt an adaptive staleness weighting scheme:
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Ak = exp(—f t_k)

where t_k is the staleness of client updates, and 2 is used to tune decay sensitivity. This
enables the model to adapt dynamically to the contribution of delayed updates, and
convergence is enhanced in heterogeneous conditions.

Top k sparsification is used, p ratio 0.3 ie., only the top 30 percent of gradient
components (in terms of magnitude) are passed to reduce communication overhead.

Risk Stratification

The global model output p“i = h(xi;w*) stratifies patients:

Risk(p"i) = { Low,p; <6?!

Moderate, 0 < p; < 2@

High, p_i = 6;) }

with thresholds calibrated via Youden’s index. Feature importance uses SHAP [18].

1.1 Algorithm
Algorithm 1 FedGout: Privacy-Preserving Federated Gout Risk Stratification

Require: K clients with {Dk}; rounds T; local epochs E; clip bound C; noise o; sparsity p;
staleness bound tmax; decay A

Ensure: Global model w*
1: Initialize w(0); error buffers ek « 0, Vk
2:fort=0,1,..,T—-1do

3: Server samples St < [K]; broadcasts w(t)
4: for each client k €St in parallel do

5: wk «— w(t)

6: for e = 1,...,E; each mini-batch BcDk do
7 Clip gradients via Eq. (2); update wk

8: end for

9: AWK «— w(t) —wk

10:  Add DP noise via Eq. (3)

11:  Sparsify with error feedback via Eq. (4); send sk

12:  end for

13: Server: SecAgg + staleness-weighted update via Eqg. (5)
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14: w(t+1) <« w(t) — Aw(t)
15: end for

16: return w* «— w(T); compute risk strata via Eq. (6)

Results and Discussion

Dataset and Setup

We curate a synthetic gene—lifestyle cohort modelled after the UK Biobank and published
GWAS statistics. The dataset comprises N=25,000 individuals with 47 features: 22 SNP
dosages from gout-associated loci (SLC2A9, ABCG2, SLC22A12, GCKR, SLC17A1) and 25
lifestyle/clinical features (BMI, alcohol intake, dietary purine score, serum creatinine,
hypertension, diuretic use, age, sex). Gout prevalence is 9.8%. Given the class imbalance
(9.8% gout prevalence), we employ class-weighted binary cross-entropy during local training.
The weights are defined as:

w_pos = N /(2N_pos), w_neg = N /(2N_neg)

This ensures that minority class samples contribute proportionally to gradient updates
across all federated nodes. Data are partitioned across K=5 nodes using Dirichlet(a=0.5) for
non-II1D simulation, with node sizes 3,800-6,200.

Baselines: (1) Centralized MLP (upper bound); (2) Local-Only; (3) FedAvg [6]; (4)
FedAvg+DP; (5) FedAvg+Sparse; (6) FedGout (proposed). Settings: T=100, E=3, batch 64,
1n=0.001 (cosine), C=1.0, |St|/K=0.6, o=1.1 (¢=2,6=10-5), tmax=3, A=0.9, p=0.3.

Classification Performance

FedGout achieves AUC-ROC of 0.913, only 2.1% below the centralized bound and
substantially above Local-Only (0.841). Adding DP reduces AUC by 3.8% relative to FedAvg,
while sparsification with error feedback and async aggregation recovers 2.0%.

Table 2. Performance comparison across configurations (mean + std over 5 runs)

Method AUC F1 Sens. Spec. Comm. &
Centralized .933+.004 .791+.007 .813+.009 .952+.003 - 0
Local-Only .841+.018 .672+.021 .698+.025 .911+.012 0 0

FedAvg .928+.005 .782+.008 .806+.010 .948+.004 78.4 00

FedAvg+DP .893+.008 .744+.012 .769+.014 .933+.006 78.4 2.0
FedAvg+Sparse .921+.006 .775+.009 .799+.011 .944+.005 23.5 )
FedGout .913+.006 .762+.010 .787+.012 .939+.005 20.7 2.0
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Communication Efficiency and Convergence

0.95

= FedAvg

=== PedAvg4DP

=smie FedAvg4Sparse
FedGout-MLP

wmus FedGout-FTTrans

------- Centralized MLP

Test AUC-ROC

07 [ O I O IO N B
0 10 N 0 4 0 60 0 8 90 100

Communication Round

Figure 2. Convergence of test AUC-ROC

Even with privacy noise and joint sparsification of gradients, FedGout converges in ~65
rounds. FedGout decreases overall upstream communication by 73.6 percent (20.7MB vs.
78.4MB of FedAvg) and reaches a converged point in about 65 rounds, as shown in Figure 2.

Communication Latency and Round-Time Analysis

In addition to communication cost, we evaluate end-to-end round latency, which includes
client computation, transmission delay, and server aggregation time, as shown in Table 2 and

Figure 3.
Table 3. Latency Comparison Across Methods
Method Round Time (s) Total Training Time (min)
FedAvg 4.8 8.0
FedAvg + DP 5.2 8.7
FedAvg + Sparse 3.1 5.3
FedGout 2.9 4.8
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FedGout achieves approximately 39.6% reduction in round latency compared to FedAvg
due to sparsification and asynchronous aggregation, making it suitable for real-world hospital
networks as shown in Figure 3.

—8— Round Time (s)
- - Total Training Time (min)

5— ~
Lg: 8

g

z °
0 4 £
£ E
= r6 B0
i £
- g

[, E

8

2 g

FedAvg FedAvg + DP FedAvg + Sparse FedGout
Method

Figure 3. Latency Comparison Across Methods

Impact of Staleness Bound under Extreme Non-IID Distributions

To evaluate robustness, we simulate highly heterogeneous data distributions using Dirichlet o
= 0.1, representing extreme non-IID conditions across clinical nodes.

Table 4. Performance Under Varying Non-11D Severity

a. (Dirichlet) FedAvg AUC FedGout AUC
0.5 0.928 0.913
0.3 0.914 0.905
0.1 0.887 0.896
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Privacy-Utility Trade-off

0.94

il p = 0% (no sparse)
—— p = 30% (sync)

=g FedGout p=530%+async
—t—p = 50%

Test AUC-ROC

1 2 3 4

e
(=]
-1

o

Privacy Budget ¢

Figure 4: The privacy- utility trade-off in terms of different sparsity ratios. The best balance is
FedGout at 30 percent, aggravated by the aggregation being asynchronous.

With a high privacy level (e=1) of FedGout, AUC 0.896 is obtained; thus, FedGout shows
graceful degradation by remaining high even under stringent privacy regulations.

Risk Stratification and Feature Importance

Table 4. Risk stratification on held-out test set (n=5,000); thresholds 01=0.15, 02=0.55.

Stratum Patients (%) Gout Rate (%) PPV (%)
Low (p<" 0.15) 3,420 (68.4) 1.8 —
Moderate (0.15<p<" 0.55) 1,105 (22.1) 18.6 18.6
High (p">0.55) 475 (9.5) 67.2 67.2

SHAP analysis reveals the top 5 priority risk factors: (1) SLC2A9 rs12498742, (2) BMI,
(3) serum urate, (4) ABCG2 rs2231142, and (5) alcohol intake frequency. The interaction of
changeable lifestyle determinants and genetic loci with each other

exemplifies
interchangeable points of adolescent preventive counselling.

Sensitivity Analysis of Noise Scale

To justify the selection of ¢ = 1.1, we evaluate its impact on model utility and convergence.
We vary ¢ € {0.8, 1.0, 1.1, 1.3} while keeping other parameters fixed.
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Table 5. Impact of noise scale on performance

o (Noise Scale) AUC Convergence Rounds
0.8 0.921 58
1.0 0.916 62
1.1 0.913 65
13 0.902 72

Lower o improves utility but weakens privacy, while higher ¢ slows convergence. ¢ = 1.1
provides the best trade-off.

Comparison with Transformer-Based Tabular Models

To evaluate model expressiveness, we compare the proposed MLP architecture with a
transformer-based tabular model (FT-Transformer).

Table 6. Model Comparison

Model Setting AUC Parameters
MLP (Proposed) Federated 0.913 ~13K
FT-Transformer Centralized 0.938 ~85K
FT-Transformer Federated 0.919 ~85K

While transformer-based models achieve slightly higher accuracy, they incur significantly
higher computational and communication overhead. The proposed MLP provides a more
efficient and practical solution for federated healthcare deployment.

The extensive experiment testifies to the effective performance of the proposed FedGout
framework in collaborative gout risk prediction with privacy preservation. The proposed
method provides an excellent trade-off between predictive performance, communication
efficiency, computational scalability, and patient privacy, compared to traditional federated
learning algorithms. The proposed framework performs with an AUC-ROC of 0.913, which is
just 2.1% lower than the upper bound of the centralized approach, and communication
overhead is reduced by 73.6% while meeting the requirement $(\varepsilon=2, \delta=10).$
—5) differential privacy guarantees. The addition of SHAP-based explainability further
improves clinical interpretability by pinpointing the most important genetic and lifestyle
factors that influence gout susceptibility. The presented results show that the proposed
communication-efficient federated learning approach is a viable solution in distributed
healthcare scenarios where patient data is not easily accessible at a central location. This is a
robust layer of privacy-preserving innovations that builds a solid foundation for future clinical
decision-support systems that preserve privacy.
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Conclusion
Dataset and Setup

We curate a synthetic gene—lifestyle cohort modelled after the UK Biobank and published
GWAS statistics. The dataset comprises N=25,000 individuals with 47 features: 22 SNP
dosages from gout-associated loci (SLC2A9, ABCG2, SLC22A12, GCKR, SLC17A1) and 25
lifestyle/clinical features (BMI, alcohol intake, dietary purine score, serum creatinine,
hypertension, diuretic use, age, sex). Gout prevalence is 9.8%. Given the class imbalance
(9.8% gout prevalence), we employ class-weighted binary cross-entropy during local training.
The weights are defined as:

w_pos = N /(2N_pos), w_neg = N /(2N_neg)

This ensures that minority class samples contribute proportionally to gradient updates
across all federated nodes. Data are partitioned across K=5 nodes using Dirichlet(a=0.5) for
non-II1D simulation, with node sizes 3,800-6,200.

Baselines: (1) Centralized MLP (upper bound); (2) Local-Only; (3) FedAvg [6]; (4)
FedAvg+DP; (5) FedAvg+Sparse; (6) FedGout (proposed). Settings: T=100, E=3, batch 64,
1n=0.001 (cosine), C=1.0, |St|/K=0.6, o=1.1 (¢=2,6=10-5), tmax=3, A=0.9, p=0.3.

Classification Performance

FedGout achieves AUC-ROC of 0.913, only 2.1% below the centralized bound and
substantially above Local-Only (0.841). Adding DP reduces AUC by 3.8% relative to FedAvg,
while sparsification with error feedback and async aggregation recovers 2.0%.

Table 2. Performance comparison across configurations (mean + std over 5 runs)

Method AUC F1 Sens. Spec. Comm. &
Centralized .933+.004 .791+.007 .813+.009 .952+.003 — 0
Local-Only .841+.018 .672+.021 .698+.025 .911+.012 0 0

FedAvg .928+.005 .782+.008 .806+.010 .948+.004 78.4 0

FedAvg+DP .893+.008 .744+.012 .769+.014 .933+.006 78.4 2.0
FedAvg+Sparse .921+.006 .775£.009 .799+.011 .944+.005 23.5 0
FedGout .913+.006 .762+.010 .787+.012 .939+.005 20.7 2.0




Explainable Privacy-Preserving Federated.../ Yu-Ruey Liu

110

Communication Efficiency and Convergence

0.95

=
oo
<2

Test AUC-ROC
o
)

0.75

0.7 \ \ \

= FedAvg

= == FedAvg+DP
=1=:a FedAvg+Sparse
FedGout-MLP
==ms FedGout-FTTrans
....... Centralized MLP

0 10 20 30

40 50

Communication Round

60

70

80

90 100

Figure 2. Convergence of test AUC-ROC

Even with privacy noise and joint sparsification of gradients, FedGout converges in ~65

rounds. FedGout decreases overall upstream communication by 73.6 percent (20.7MB vs.

78.4MB of FedAvg) and reaches a converged point in about 65 rounds, as shown in Figure 2.

Communication Latency and Round-Time Analysis

In addition to communication cost, we evaluate end-to-end round latency, which includes

client computation, transmission delay, and server aggregation time, as shown in Table 2 and

Figure 3.
Table 3. Latency Comparison Across Methods
Method Round Time (s) Total Training Time (min)
FedAvg 4.8 8.0
FedAvg + DP 5.2 8.7
FedAvg + Sparse 3.1 5.3
FedGout 2.9 4.8

FedGout achieves approximately 39.6% reduction in round latency compared to FedAvg

due to sparsification and asynchronous aggregation, making it suitable for real-world hospital

networks as shown in Figure 3.
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Impact of Staleness Bound under Extreme Non-IID Distributions

To evaluate robustness, we simulate highly heterogeneous data distributions using Dirichlet o
= 0.1, representing extreme non-IID conditions across clinical nodes.

Table 4. Performance Under Varying Non-11D Severity

a. (Dirichlet) FedAvg AUC FedGout AUC
0.5 0.928 0.913
0.3 0.914 0.905
0.1 0.887 0.896

https://jitm.ut.ac.ir/
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Figure 4. The privacy- utility trade-off in terms of different sparsity ratios. The best balance is
FedGout at 30 percent, aggravated by the aggregation being asynchronous

With a high privacy level (e=1) of FedGout, AUC 0.896 is obtained; thus, FedGout shows
graceful degradation by remaining high even under stringent privacy regulations.

Risk Stratification and Feature Importance

Table 4. Risk stratification on held-out test set (n=5,000); thresholds 01=0.15, 02=0.55

Stratum Patients (%) Gout Rate (%) PPV (%)
Low (p<" 0.15) 3,420 (68.4) 1.8 —
Moderate (0.15<p<" 0.55) 1,105 (22.1) 18.6 18.6
High (p">0.55) 475 (9.5) 67.2 67.2

SHAP analysis reveals the top 5 priority risk factors: (1) SLC2A9 rs12498742, (2) BMI,
(3) serum urate, (4) ABCG2 rs2231142, and (5) alcohol intake frequency. The interaction of
changeable lifestyle determinants and genetic loci with each other exemplifies
interchangeable points of adolescent preventive counselling.

Sensitivity Analysis of Noise Scale

To justify the selection of ¢ = 1.1, we evaluate its impact on model utility and convergence.
We vary ¢ € {0.8, 1.0, 1.1, 1.3} while keeping other parameters fixed.
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Table 5. Impact of noise scale on performance

o (Noise Scale) AUC Convergence Rounds
0.8 0.921 58
1.0 0.916 62
1.1 0.913 65
13 0.902 72

Lower o improves utility but weakens privacy, while higher ¢ slows convergence. ¢ = 1.1
provides the best trade-off.

Comparison with Transformer-Based Tabular Models

To evaluate model expressiveness, we compare the proposed MLP architecture with a
transformer-based tabular model (FT-Transformer).

Table 6. Model Comparison

Model Setting AUC Parameters
MLP (Proposed) Federated 0.913 ~13K
FT-Transformer Centralized 0.938 ~85K
FT-Transformer Federated 0.919 ~85K

While transformer-based models achieve slightly higher accuracy, they incur significantly
higher computational and communication overhead. The proposed MLP provides a more
efficient and practical solution for federated healthcare deployment.

The extensive experiment testifies to the effective performance of the proposed FedGout
framework in collaborative gout risk prediction with privacy preservation. The proposed
method provides an excellent trade-off between predictive performance, communication
efficiency, computational scalability, and patient privacy, compared to traditional federated
learning algorithms. The proposed framework performs with an AUC-ROC of 0.913, which is
just 2.1% lower than the upper bound of the centralized approach, and communication
overhead is reduced by 73.6% while meeting the requirement $(\varepsilon=2, \delta=10).$
—5) differential privacy guarantees. The addition of SHAP-based explainability further
improves clinical interpretability by pinpointing the most important genetic and lifestyle
factors that influence gout susceptibility. The presented results show that the proposed
communication-efficient federated learning approach is a viable solution in distributed
healthcare scenarios where patient data is not easily accessible at a central location. This is a
robust layer of privacy-preserving innovations that builds a solid foundation for future clinical
decision-support systems that preserve privacy.
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