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Abstract—Federated learning (FL) is a promising solu-
tion for healthcare Artificial Intelligence (AI), striking a
balance between patient privacy and the need for diverse
datasets. FL enables collaborative model training across in-
stitutions, preserving confidentiality and advancing clinical
tasks such as diagnosis and treatment planning. However,
a key challenge in this setting is the inherent heterogeneity
of medical datasets acquired in different institutions, which
can undermine the generalizability and performance of the
model. This issue is particularly pronounced in neuroimag-
ing applications, such as Magnetic resonance imaging
(MRI), where site-specific biases arise from variations in
scanner hardware, acquisition protocols, and preprocess-
ing pipelines. These differences introduce non-biological
variability that can jeopardize downstream analyses and
model training. To remove the effect of sites, harmonization
techniques are essential tools to improve robustness and
reliability. Harmonization techniques are usually applied at
the feature level; however, given the limited access to the
data possessed by FL schemes, feature-level harmonization
may not be enough to remove site effects. In this work,
we propose two complementary harmonization strategies
within the FL framework: (1) the traditional feature
harmonization, by applying ComBat to directly correct
the MRI-derived features; and (2) gradient harmonization,
which aligns local model updates, particularly the gradients
of fully connected layers, across sites to mitigate inter-site
distributional shifts before global aggregation. Together,
these approaches aim to improve cross-site consistency
and improve the model’s overall performance in federated
medical imaging tasks.

Index Terms—Federated Learning, Brain Age Predic-
tion, Brain MRI, Gradient Harmonization, Feature Har-
monization.
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I. INTRODUCTION

Traditional centralized Artificial Intelligence (Al)
systems in healthcare require collecting and storing
sensitive patient data, including electronic health
records and Magnetic resonance imaging (MRI) scans,
in a single location or server. This approach raises
significant concerns regarding patient privacy, data
ethics, and regulatory compliance [1] [2]. Given
the violation of patient privacy, and the logistical
impracticality of transferring all patient data to a central
location, federated learning (FL) has emerged as a
compelling alternative. FL. allows different institutions
to collaboratively train machine learning (ML) models
while keeping sensitive patient data unshared, and only
sharing model parameters [3].

In FL, a central server coordinates the training of
multiple participating sites. The server and the sites
are also known as silos in the context of medical
applications, where typically a few institutions with a
large amount of data are included. The central server
initializes and shares a model with each silo, which is
then trained with the local data. After the models are
trained on the local silo data, the silo-model parameters,
or gradients, are shared with the central server, avoiding
the communication of sensitive patient information
[3] [4]. This privacy-preserving approach has been
successfully applied in healthcare applications such
as electronic health records [5] and segmentation of
medical images [6], among others. In several cases,
FL achieves performance levels on par with centralized



training [7].

However, a major challenge in FL is the presence
of non-independent and non-identically distributed (non-
IID) data across sites [8], which conflicts with a funda-
mental assumption of ML. In the context of MRI, these
distributional shifts are presented in each site and can
arise from differences in patient populations, imaging
protocols [9], acquisition settings [10] [9], preprocessing
pipelines [11], and other site-specific characteristics [12].
These systematic differences between sites, called effects
of site, are particularly problematic in neuroimaging
because they significantly distort image properties [10]
[13]. These site-specific shifts, always presented in fed-
erated settings, represent a key problem with FL. models’
convergence and generalization [14] [8].

To mitigate these challenges, different harmonization
techniques can be employed. Harmonization refers to the
process of removing site-effects while preserving mean-
ingful biological signals [13] [15] [14] [9]. In the work
we are presenting, we have utilized neuroHarmonize (a
ComBat-based method) [9] in two different federated
learning setups. This is done to reduce site-effects and
enable better generalization of the ML model for the task
of brain-age prediction.

The goal of this paper is to compare two different
harmonization methodologies (Feature Harmonization
and Gradient Harmonization) to determine which one
yields better overall performance while preserving data
privacy.

II. RELATED WORK

Federated Learning has shown great promise in the
field of healthcare [2]. It has been used for various
applications in the medical field, such as multiomics
[16], electronic patient records [5], and medical imaging
[17].

There have been multiple efforts in the removal of
site effects from MRI data, with neuroHarmonize being
a popular method that models the data as a combination
of biological information, site effects, and residuals [9].
FedHarmony [18] combines the usage of harmonization
to reduce site-specific effects in a Federated setup. While
these methods succeeded in removing the influence of
site effects from the images, they only harmonized
features extracted from images and did not explore the
harmonization of model gradients [10].

The term ‘“gradient harmonization” was previously
introduced in the context of unsupervised domain adapta-
tion by [19]. However, to the best of our knowledge, this
approach has not yet been explored in the context of FL.
In this work, we propose a methodology for gradient har-
monization focused on its application within a federated

learning framework. We explore the impact of feature-
level harmonization, gradient-level harmonization, and
the combination of both to mitigate the impact of site
effects in a brain age prediction application developed
in an FL setup.

III. OUR CONTRIBUTIONS

We propose and evaluate two complementary har-
monization strategies within an FL framework for
MRI-based applications. First, a Feature Harmonization,
where a copy of the central data (assumed public) is
shared with each site, and the local data is harmonized
using ComBat-based harmonization. Age was not used
as a covariate as it also represents our target, and
ComBat needs it at test time, if provided in training time,
unavoidably incurring in data leakage [20].

Second, Gradient Harmonization was introduced
through a unified federated learning framework. The
model is trained across multiple sites without sharing
raw data. The global model is shared and trained locally
at each site, after which site-correction is applied, using
ComBat-based harmonization, to the gradients from the
locally trained models before aggregation into the global
model, helping the final central model updates to be free
from domain shifts caused by site-effects.

By combining these different harmonization levels
(feature and gradient), our approach aims to address site
heterogeneity in a flexible and modular way, improving
both the reliability and performance of federated models
in neuroimaging.

IV. METHODOLOGY
A. Dataset and Preprocessing

We conducted experiments on structural MRI data
collected from three publicly available datasets, each
representing a separate data silo: The Enhanced Nathan
Kline Institute (eNKI) [21], Cambridge Centre for Age-
ing Neuroscience (CamCAN) [22], and the Southwest
University Adult Lifespan Dataset (SALD) [23]. These
datasets encompass a broad age range, with subjects
aged between 18 and 88 years. For all MRI images,
gray matter volume (GMV) was extracted using the
Computational Anatomy Toolbox (CAT) version 12.8
[24]. The resulting cortical voxel GMV was aggregated
using 1000 cortical regions defined in the Schaefer
atlas [25]. Additionally, 42 subcortical features and 31
cerebellum features obtained from CAT were included,
giving a total of 1073 features.

B. Loss Functions

1) Primary Loss (Li Loss): We use the L; loss
to minimize the mean absolute error (MAE) between
predictions and ground truth values, promoting pointwise
accuracy in regression. While effective as a primary loss,



it does not account for distributional alignment, which
may lead to suboptimal performance in cases of non-
IID target distributions. To prevent the silo models from
over-training on their own data and forgetting previous
information, further additions were made to the loss
functions.

2) Proximal Weight Regularization (FedProx): This
loss function penalizes the silo weights w for straying
too far from the central weights w, during local training
in a federated setup.

Eprox = g”w - ng%

FedProx adds a quadratic “proximal” term to each
silo’s local objective, penalizing deviations from the
global model. This anchoring (i) prevents local updates
from drifting too far during Stochastic Gradient Descent
(SGD), (ii) reduces variance among silos updates caused
by non-IID data or uneven compute budgets, and (iii)
yields more stable convergence with better worst-case
guarantees under heterogeneity. As shown in [26], Fed-
Prox converges faster and achieves higher accuracy than
FedAvg when silo data distributions or resources are
highly non-uniform.

3) Gaussian KL Divergence Loss: To regularize the
latent representation and encourage the model’s pre-
dicted distribution to match a target Gaussian in both
mean and variance, we employ the Kullback—Leibler
(KL) divergence between two univariate normal distri-
butions. Formally, given two univariate Gaussian distri-
butions:

Let the predicted distribution P be
N(pip,07), and the target distribution ¢ be N (p, 07).
The KL divergence from the predicted to the target
distribution is given by [7]:
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This loss term penalizes predictions that are either over-
confident (O’Z too small) or underconfident (012) too large),
promoting calibrated uncertainty estimates in the model’s
outputs.

4) Maximum Mean Discrepancy Loss: To improve
performance beyond the baseline MAE loss, we add
the Maximum Mean Discrepancy (MMD) loss—a non-
parametric, kernel-based measure of distributional align-
ment. Unlike parametric metrics (e.g., assuming Gaus-
sianity), MMD compares two distributions P and @
without explicit density estimation. MMD operates by
embedding the distributions into a Reproducing Ker-
nel Hilbert Space (RKHS) H via a feature mapping
o(-) associated with a positive-definite kernel function
k(z,y) = {¢(x), #(y)). The squared MMD between P

and @ is then defined as the squared distance between
their mean embeddings in H [27]:

MMD?(P, Q) = |[Eowp[d(z)] — Eyao)]],

By minimizing MMD?, the model’s predicted-age (or
feature) distribution is forced to match the target age dis-
tribution nonparametrically, capturing higher-order mo-
ments beyond mean and variance. Adding the MMD
term yields more accurate and generalizable brain-age
estimates across cohorts [27].

V. MODEL ARCHITECTURE

We used a 4-layer fully connected neural network
(FCNN) for regression-based brain age prediction. The
network maps an input feature vector extracted from
regional neuroimaging measures to a single continuous
age estimate. The FCNN was designed to promote stable
training and good generalization.

Input Layer: The input to each model is a d-
dimensional feature vector, 1073 in our experiments
(1000 GMV ROI values + 73 subcortical regions).

Hidden Layers 3 hidden layers were used following
the structure:

o Linear (fully connected) transformation

o Batch Normalization (to reduce internal covariate
shift)

o LeakyReLU activation (negative slope = 0.01)

o Dropout (probability p = 0.2)

The combination of batch normalization and LeakyReLU
stabilizes gradient flow even when network depth in-
creases, while dropout acts as a regularizer to discourage
co-adaptation among neurons.

Output Layer: Each model’s final layer is a single
neuron with a linear activation function—appropriate
for predicting a continuous target (chronological age in
years).

VI. EVALUATED HARMONIZATION STRATEGIES

To evaluate the impact of harmonization strategies on
brain age prediction in a multi-silo setting, we designed
a series of experiments encompassing individual, central-
ized, and federated training paradigms. The experiments
are categorized into baseline and harmonization-based
settings, as described below:

A. Decentralized Training (Single-site)

Each silo trains its own ML model using only local
data. This fully decentralized setup ensures privacy but
lacks cross-silo knowledge integration.



B. Centralized Training (Pooled)

All silo data are combined into a central silo, and a
single model is trained. This configuration assumes full
data accessibility without privacy constraints, serving as
a comparison between the Federated and Centralized
approaches. The trained model is then evaluated on each
of the silo test sets separately.

C. Federated Learning without harmonization

We consider a federated learning setup comprising a
central server and S data silos, each holding private data
(Xs,ys). Our goal is to establish an FL comparative
baseline model that does not utilize any harmonization
but maintains a federated setup (Figure 1).

On client s, with local model parameters 6, initialized
from the global model 6, we define the following com-
posite loss to be minimized over E local epochs: The
per-minibatch loss is

Lyatch = Lrmar + LxL + Lvmb + Lprox,  (2)

and is minimized with gradient clipping (||V]|e < 1.0)
and a cosine-annealed learning-rate schedule.

After F local epochs on silo s, we compute the client’s
empirical gradient

S
N
gs = Nveﬁs(ef), Nzgns. 3)

Clients send {g} to the central server, which aggregates
and clips:

S
Jagg = nga Jagg < Chp(gaggy -G, +G)' 4)
s=1

Using the global parameters at communication round
t by 6%, and maintain a momentum buffer v*. The server
update is:
1 1 t (41
't = th + Gaggs o'+ =6 — 77'Uf+ )
where (3 is the momentum coefficient and 7 the server
learning rate. The new A" is broadcast to all clients.
1) Validation and Model Selection: Each client eval-
uates 0¢ on its held-out validation set after each epoch
e < E and retains

0; = arg 21%1}151 Eval(Gz). (6)

Similarly, the central server monitors a central validation
set and selects the best global model across epochs.

D. Feature Harmonization

To reduce scanner-related variability between the local
(s) and global (g) datasets, we applied the ComBat
harmonization method as implemented in the neuroHar-
monize (Python package [28]). Let X(®) € RF*N: and
X() e RF*Ns denote the feature matrices for the
silo-specific and global training sets, respectively, where
F' = 1073 is the number of features and N, N, are the
numbers of subjects. The corresponding age vectors are
y®) € RN and y(9) € RNs. First, the global and local
data are concatenated in each site, both in X and y, and a
site vector is created, setting 1 for local and 2 for global
data.

A neuroHarmonize model was trained using the con-
catenated feature matrix X, specifying the batch as
covariates C, where the column ”batch” encodes site la-
bels. No additional categorical covariates were retained.
Each silo training dataset was harmonized, and each
neuroHarmonize model, which was trained at the silo,
was saved for later application to the test data.

Each silo received a copy of the global model pa-
rameters 0(81°P2) and trained locally for E epochs on
its harmonized data (X(®),3(*)). At each minibatch,
the local parameters 6 were updated to minimize the
composite loss:

£(0) = Lo, (0)+ 5 ||0 — 03+
AL Lx1,(0)+ Avivp Lavp ()

Gradients were clipped for stability, and a cosine-
annealing scheduler adjusted the learning rate. The
model with the lowest validation loss was retained.

After local training, each silo computes its gradient:

9 = VoL (0)|,_ycocar

These gradients were aggregated across S silos by
summation:

s
g*%8 = Zg(S)
s=1

After gradient clipping, the global model parameters
were updated using momentum on the fully connected
layers:

— ag —
vp =mu_q + g™, 0y =01 — vy,

where m is the momentum coefficient and 7 the learning
rate. A held-out central validation set was evaluated
each round, and the best global model was saved upon
improvement. This process was repeated for a fixed
number of global epochs.

After the limit of federated epochs was reached, each
silo’s test dataset was harmonized using the trained neu-
roHarmonize model and then used to make a prediction
using the best-trained model.



Global ML
Model

Update
Global
Model

Train
Model

FedAvg

Shared
Central
Data

Local Silo Shared

Data Central
Data

one time sharing one time sharing

’ Central and Public Dataset (eNKI) ‘

Fig. 1: The Feature Harmonization Method

E. Local Gradient Harmonization

We proposed a federated learning framework that
integrates distributional harmonization of gradients with
regularized local training, mitigating site-related biases
while preserving privacy (Figure 2). This approach con-
sists of three main components:

1) Local Silo Optimization: Each site (silo) s holds
its own dataset {(xf,ys)};2;. We denote by 6 the
parameters of the global model, which are broadcast to
each silo at the start of each federated round. Within
silo s, a local copy was created § — 6° and perform
T epochs of gradient-based training, minimizing the
composite loss:

1

‘Cfocal(es) = |B|

> |for (@) =)+ Zllo* — 0113
(I7y)EB el SN————

proximal term

+ Ak Lxn(0)  + Ao Lvivn (0),

At each epoch, the total loss was back-propagated,
applied gradient clipping to norm G, and updated 6° via
SGD with momentum. After each epoch ¢, we recorded
the full gradient vector VL; . ,(6%) for each layer.

2) Harmonization of Silo Gradients: We treat each
recorded gradient vector for layer ! as a sample labeled
by silo identity.

We train and apply a neuroHarmonize model to re-
move site-related effect. The harmonized gradients were
then averaged per-silo and then aggregated.

3) Global Model Update: Harmonized gradients g;
for each fully connected layer [ are used in a momentum-
SGD update:

v mu+g, 60 —nu @)

where v; is the velocity buffer (initialized to zero),
m the momentum coefficient, and 7 the learning rate.

This framework combines proximal federated learn-
ing, distributional regularizers (KL, MMD), and statis-
tical harmonization of gradients—tailored for multi-site
neuroimaging-based age prediction.
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Fig. 2: Local Gradient Harmonization

F. Dual Gradient Harmonization

1) Gradient Harmonization: To mitigate domain-
specific biases arising between silo (local) updates and
centralized (global) updates, the gradient distributions
per layer were harmonized using a neuroHarmonize
model (Figure 3). Let G{(¢) and G§&(¢) denote the
vectorized gradients for layer ¢ at epoch e from the local
and global models, respectively. We stack these across E
epochs to form two matrices of size RP”*¥, where P, is
the number of parameters in layer £. We then concatenate
the local and global matrices to form:

X = [GL(0)| GE(0)] € R72E,

and construct a batch-covariate vector indicating local
and global. Applying neuroHarmonize yields a harmo-
nized matrix X, with site effects removed.

Finally, we recover two_harmonized gradient vectors
by averaging each half of X, along the epoch dimension
and reshaping them back to their original parameter
tensor shapes:

_ 1 E _ 1 28
GL(e):EZXZ[;,e], Ga(0) = & > Xlel.
e=1 e=FE+1

The final aggregated gradient for layer ¢ is computed
as:

G(0) = GL(f) + Ga(0).

2) Local-Global Training Framework: As in the stan-
dard FL framework, the training alternates between local
and global phases. Starting from a shared global model
M, we perform the following steps:



3) 1. Local Model Update: Each silo s trains a local
model Mj on its private data set (X, ys) for E epochs
while incorporating proximal, KL divergence, and MMD
penalties to align with the global model per-batch losses.
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Fig. 3: Dual Gradient Harmonization

Gradients are backpropagated, with gradient-norm
clipping applied for stability.

2. Gradient extraction and harmonization: After each
local epoch, we extract Gf for each layer. Once local
training is completed, we harmonize these with concur-
rently computed global gradients {Gg} as described in
Section VI-F1.

3. Global Model Update: The aggregated harmonized
gradients {G(¢)} from all silos are summed to form the
global update. We apply a momentum-SGD update:

vi(l) = mvi_1(O)+G(l), 6,(0) «— 8;_1(0)—nvi(0)

This framework harmonizes gradient distributions be-
tween ’local’ and ’global’ batches; we explicitly remove
systematic site effects, which we expect to produce better
cross-site generalization while preserving the private
information of each silo.

VII. EXPERIMENTAL SETUP

We utilized three publicly available datasets, Cam-
CAN, SALD, and eNKI, each of which was split into
training and test subsets to produce feature matrices X
and corresponding age labels y.

To ensure consistency across all experiments and
account for age-related variability, we adopted an age-
stratified 70/30 train-test split within each silo. Specif-
ically, 70% of the data from each site was allocated to
the training set and the remaining 30% was held out
for testing, while maintaining the age distribution across
both subsets. This stratified split was performed once
and kept fixed throughout all subsequent experiments
described in this study.

In our federated learning (FL) framework, CamCAN
and SALD acted as local silos, while eNKI served as

the central server dataset. Before initiating the federated
optimization, the global model was “warmed up” by
training for 20 epochs on the centralized eNKI train-
ing split. Following this, federated training proceeded
for 200 global communication rounds, with each client
performing 15 local epochs per round.

Across all training phases, we used a fixed learning
rate of 1 x 1073, a dropout rate of 0.2, momentum of
0.8, and gradient clipping with a maximum norm of
1.0. The loss-term weights for proximal, KL-divergence,
and MMD regularization were set to 0.05,0.3, and 0.5,
respectively.

All experiments were conducted on a Linux server
equipped with four NVIDIA RTX A6000 GPUs (48
GB GDDR6 each, running CUDA 12.7 with driver
565.57.01). During training and evaluation, workloads
were pinned to a GPU with 49.140 MiB total memory,
of which approximately 10.225 MiB were used per run.
Model implementation was carried out in PyTorch 2.4.0
on a single RTX A6000 to ensure reproducibility and to
limit cross-practice interference.

VIII. RESULTS

A. Harmonization strategies comparison

We report mean absolute errors on the held-out test
sets of CamCAN, SALD, and eNKI under four condi-
tions: (i) the best-performing single-silo model, (ii) the
best centralized global model, (iii) the federated global
model without harmonization (baseline), and (iv) three
harmonization-enhanced federated variants [Table I]. In
addition to absolute MAE values, we quantify both ab-
solute and relative improvements of each harmonization
method over the unharmonized federated baseline.

We compare the test MAE on each of the three
datasets (CamCAN, SALD, eNKI) for all the training
and harmonization strategies, with lower MAE indicating
better performance. Table II and Table III summarize the
MAE of the silo-specific and global best models, respec-
tively, for each harmonization and training scheme.

a) Local (Silo-Level) Performance Analysis:
When examining silo-specific training (Tablell), harmo-
nization yields consistent but silo-dependent improve-
ments over the decentralized (Single-Site) baseline:

CamCAN: Feature-level harmonization achieves the
lowest MAE (5.392), improving compared with Single-
Site (5.632). No-H, Local-H, and Dual-H all underper-
form relative to Single-Site, indicating that CamCAN
benefits most from harmonizing feature distributions
before training.

SALD: Dual-H produces the best MAE (4.610), sub-
stantially better than Single-Site (5.080). No-H also re-
duces error (4.755), whereas Feature-H and Gradient-H
remain close to or worse than Single-Site, demonstrating



TABLE I: Test MAE results before and after different harmonization strategies across CamCAN, SALD, and eNKI test sets.

(a) No-Harmonization

(b) Feature-Level Harmonization (neuroHarmonize)

Silo CamCAN | SALD | eNKI | Avg Silo CamCAN | SALD | eNKI | Avg
Best silo model 6.87 4.75 4.66 543 Best silo model 5.39 5.10 4.56 5.02
Best global model 7.08 4.61 4.66 5.52 Best global model 5.76 4.24 4.56 4.85
Global federated model 6.86 4.77 4.74 5.46 Global federated model 5.39 5.10 4.75 5.08
(c) Local Gradient Harmonization (d) Dual Gradient Harmonization
Silo CamCAN | SALD | eNKI | Avg Silo CamCAN | SALD | eNKI | Avg
Best silo model 6.79 5.03 4.55 5.40 Best silo model 6.64 4.61 4.68 5.31
Best global model 7.25 4.48 4.55 543 Best global model 7.48 4.74 4.68 5.63
Global federated model 6.78 5.04 4.96 5.59 Global federated model 6.64 4.62 4.72 5.33

TABLE II: Silo-specific model MAE by method (lower is
better). Single-Site one ML model is trained on single site;
No-Harmonization FL with no harmonization; Feature-H,
Gradient-H, Dual-H.

Method CamCAN SALD eNKI Avg
Single-Site 5.632 5.080 4.796 5.169
No-Harmonization 6.874 4.755  4.657  5.429
Feature-H 5.392 5.104  4.563 5.020
Gradient-H 6.788 5.031  4.547 5.455
Dual-H 6.638 4.610 4.685 5.311

that gradient-level harmonization (especially Dual-H) is
most effective for SALD.

eNKI: Gradient-H yields the lowest MAE (4.547)
compared to Single-Site (4.796). Feature-H (4.563) and
No-H (4.657) also improve on Single-Site, but to a lesser
extent. Thus, eNKI favours a local gradient harmoniza-
tion during silo training.

b) Global (Pooled) Performance Analysis: For the
globally trained (Pooled) model (Tablelll), harmoniza-
tion again has mixed effects:

CamCAN: Feature-H reduces MAE from 6.779
(Pooled) to 5.386, a substantial gain that even out-
performs its silo-specific models. Other global harmo-
nization methods (Gradient-H, Dual-H) achieve results
similar to or slightly worse than the Pooled baseline.

SALD: Dual-H yields the best pooled MAE (4.616),
slightly better than Pooled (4.864) and No-H (4.774).
In contrast, Feature-H and Gradient-H degrade SALD
performance relative to Polled, indicating that only dual-
gradient alignment benefits SALD in a pooled setting.

eNKI: The Pooled baseline remains the best (4.579).
None of the harmonised global models outperforms
Pooled, and some (Gradient-H, Dual-H) even degrade
MAE. Therefore, eNKI does not benefit from harmoni-
sation when training on fully pooled data.

B. Computational timing

The total training time for each harmonisation strategy
was as follows: No-H: 10.75min; Feature-H: 21.24min;
Gradient-H: 79.43min, and Dual-H: 164.45min.

TABLE III: Global (pooled) model MAE by method. (Pooled)
is the centralized baseline; other rows are models trained with
harmonization.

Method CamCAN SALD eNKI Avg

Pooled 6.779 4.864 4.579 5.4073
No-Harmonization 6.862 4.774  4.738 5.458
Feature-H 5.386 5.103  4.752 5.080
Gradient-H 6.784 5.037  4.959 5.593
Dual-H 6.639 4.616 4.716 5.3236

IX. CONCLUSION AND FUTURE WORK

In this work, we addressed the challenge of accurately
predicting brain age in a federated learning setting where
MRI scans from different institutions exhibit distinct
scanner-induced biases. To this end, we compared har-
monization strategies: feature- gradient-level harmoniza-
tion and a combination of both (Dual-H), which aligns
model updates across silos. Our experiments on three
publicly available datasets, CamCAN, SALD, and eNKI,
showed that Dual-H achieved the lowest silo-specific
MAE (e.g., 4.55 years on eNKI and 4.75 years on
SALD), outperforming both the silo-only baseline (MAE
~ 5.60 years) and Feature harmonization (Feature-H)
(MAE = 5.00 years). On average, feature-level har-
monization showed the best across sites performance
while gradient-level harmonization showed the worst
performance, highlighting the importance of the comple-
mentary approach. We acknowledge several limitations:
our current setup relies on GMV features rather than
end-to-end MRI volumes, and we have yet to integrate
formal privacy guarantees or test on clinical popula-
tions. In future work, we will extend our approach to
Convolutional Neural Network (CNN)-based predictors,
incorporate differential-privacy techniques to quantify
privacy leakage. Overall, our findings demonstrate that
gradient-level harmonization is a promising direction
for federated medical Al, enhancing feature harmoniza-
tion and enabling more accurate and privacy-preserving
brain-age prediction. The code for reproducing the re-
sults obtained in this work is available at: https://github.
com/kadcoder/IIT_Julich_Federated_Learning
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