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Abstract—Estimating brain age based on structural Magnetic
Resonance Imaging (MRI) is one of the most challenging and
prominent areas of research in recent medical imaging and
neuroscience studies. The significance of brain age prediction
in the early diagnosis of neurological disorders has fueled a
resurgence of interest in this field. Various studies have addressed
this issue using a spectrum of techniques, from traditional
machine learning to deep neural networks. The majority of
these techniques employ centralized paradigms, which do not
adequately preserve privacy. To tackle this problem, a handful
of studies have utilized a federated approach. In this study,
we propose a novel hierarchical clustered federated learning
approach that carefully captures and considers the similarities
of the clients’ predictions on a certain benchmark dataset.
This method enhances performance in Non-Independent and
Identically Distributed (Non-IID) environments while preserving
privacy. We use a multi-site dataset that provides a broad variety
of MRI scans, characterizing a proper Non-IID environment. Our
method achieves a Mean Absolute Error (MAE) of 3.86, while
the non-clustered FedAvg federated approach attains a 4.14 MAE
on the test set. 1

Index Terms—Brain Age Estimation, Privacy-Preserving Ma-
chine Learning (PPML), Federated Learning (FL), Clustering.

I. INTRODUCTION

Predicting brain age from structural Magnetic Resonance
Imaging (MRI) scans and, subsequently, using it for Brain-
Age-Gap Estimation (BrainAGE) has turned out to be of great
importance in age-related disorders. For an individual, the gap
between their predicted brain age and chronological brain age
is considered a valuable biomarker for prognosticating the
risk of some brain disorders, including, but not limited to,
Alzheimer’s disease, schizophrenia, and bipolar disorder [1].

Deep Learning (DL) and Machine Learning (ML) have
been widely applied to different medical tasks, demonstrating
competitive performance compared to humans. Recent works
[2] have shown that DL methods can predict brain age accu-
rately. However, DL models are data-hungry; for more precise
prediction, they need a vast amount of data. Unfortunately,
gathering extensive medical data may be challenging due to
privacy concerns, as well as legal and ethical restrictions on
data sharing. Regulatory frameworks, such as Health Insur-
ance Portability and Accountability Act (HIPAA) or General
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1Code is available at https://github.com/Abtinmy/Clustered-FL-BrainAGE.

Data Protection Rule (GDPR), restrict sharing of personally
identifiable health information without the individual’s au-
thorization. To tackle this issue, Privacy-Preserving Machine
Learning (PPML) techniques, including Federated Learning
(FL) [3] have been developed. FL allows for extensive cross-
institutional analysis without requiring data to be transferred
from its original location to the center. FL facilitates the
training of a model by aggregating the parameters of local
models that are trained on local data. Since the aggregation is
done just by sharing parameters, not the actual data, privacy
concerns are relieved.

There is a growing trend to apply FL in the areas of
biomedical research and healthcare [4]. In recent years, few
FL studies have been proposed for brain age estimation. Their
main focus was encryption and privacy preservation [5], [6],
while federated aggregation methods and configurations were
not discussed considerably. To address the shortcomings of
existing techniques, we propose a cluster-based FL approach,
which has reasonable performance in Non-Independent and
Identically Distributed (Non-IID) environments. We conduct
various experiments for the brain age prediction task on
Open Big Healthy Brains (OpenBHB) [7] dataset. We use
three types of data distributions for evaluation: centralized,
decentralized in an IID environment, and decentralized in
a Non-IID environment. We aim to use the FL approach
to predict brain age and improve the results when the data
distribution is heterogeneous. Thus, the main contribution of
this work is to introduce a clustered FL approach based on the
similarities of the clients’ predictions on a certain benchmark
dataset for a regression task, brain age estimation.

The rest of the paper is organized as follows: Section II
explains related work, section III introduces the proposed
method, section IV discusses our experiments and results, and
Section V presents the conclusion.

II. RELATED WORK
The issue of calculating brain age has been addressed in

several studies in the literature using various approaches. They
can be categorized into traditional and cutting-edge research.
Earlier studies have used ML techniques, namely, linear re-
gression, SVR, GPR, and RVR, to try and solve this task [8].
To reduce the size of the input photos, reduce computing costs,
and improve model performance, they have experimented with
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a variety of strategies, such as various preprocessing steps,
feature selection, and extraction. Contrarily, recent research
that made use of convolution neural networks and their widely
accepted designs attempted to address this issue [2]. We
primarily concentrate on DL models since they often surpass
traditional ones in terms of performance and have a greater
capacity for task generalization.

A summary of related works for brain age estimation is
presented in Table I. These studies can be split into two
subgroups: centralized and decentralized. In the centralized
paradigm, the whole data is stored in a single site. Based on
the input data, these methods themselves can be split into
two categories. In the first category, the age of the brain is
inferred using only a 2D slice of the entire structural MRI
scans. The correlation between the various slices in the entire
brain image is not taken into account in these works. Despite
this, they perform rather well when compared to 3D models,
which need more expensive computations and parameters.
[9] tries to utilize the correlation between the slices using
LSTM modules. They begin by extracting encoding sequences
using a 2D Convolutional Neural Network (CNN) encoder
and then attempt to estimate the age of the brain by finding
relationships between extracted encodings. In [10], [11], they
input 2D slices of the source images to the VGG, and AlexNet
architectures, respectively, and then use the derived features
to conduct the estimation. The relationship between several
patches in the 2D-sliced input picture and the entire image
will be computed in [12] using multiple attention modules
and then utilized to estimate age by lowering the loss that
comprises multiple predictions for each relation.

In the second category, the models use the whole 3D scan
(voxel-based) as input. [13], which is an extended version of
[14], proposed a 3D CNN model that perceives the whole
brain image as the input and segments it into patches and then
utilizes Pearson’s correlation to determine how similar they
are to one another. In [15], [16], 3D VGG-based models are
used by replacing 2D convolutional layers with 3D ones. The
most significant contributions made by these works included
the region-wise study of the brain [15] and a unique model
inspired by VGGNet (SFCN [16]). Similar contributions were
performed by using ResNet-based 3D models in [17], [18].
Several research attempted to improve their performance in a
variety of ways, such as performing an ensemble model of
the 3D CNNs architecture [19], [20], developing innovative
models based on DenseNet [21], [22], and utilizing auto-
encoders [23]. In a similar study to [12], the relationship
between image pairs was identified using Transformer, and
four relations terms were anticipated by the model [24].

In the decentralized setting, data is distributed across multi-
ple sites, and studies only concern voxel-based data. In [5], a
framework for secure FL using fully-homomorphic encryption
was produced. They evaluated their model on the brain age
prediction task. In [25], another FL architecture was presented
and was applied in [6], where MetisFL was introduced and
evaluated on the brain age prediction task. In these works, [5]
and [6], the main focus was to tackle privacy-preserving issues

and deal with membership and model inversion attacks with
the use of homomorphic encryption.

Although there are some other enhanced studies on cluster-
based federated learning in other fields, the main focus of
our work is dedicated to brain age estimation. In [26], they
presented a new iterative-based approach, Iterative Federated
Clustering Algorithm (IFCA), It alternates between estimating
cluster identities and minimizing loss functions. The technique
has two variants: gradient averaging, in which the gradients
of local loss functions are computed and shared, and model
averaging, in which local devices perform stochastic gradient
descent and share updated models with the central machine
for averaging. Cluster assignments are improved iteratively by
the method until convergence. Also, [27] introduced another
approach based on the inference similarity of the clients using
an adjacency matrix in classification tasks. Our work, in
particular, proposes an approach for cluster-based federated
learning in a regression task on a large-scale brain age dataset.

III. PROPOSED METHOD

We utilize an FL approach to tackle the problem of brain
age prediction, preserving privacy, and boosting the model’s
performance in a Non-IID environment. In this regard, we
assume a secure connection between clients and the server
is established to alleviate the concerns of vulnerabilities with
respect to privacy. One of the challenges in performing the
FL process is the aggregation method which highly affects
the performance of the procedure. Recent studies demonstrated
that having a single global model does not necessarily enhance
performance [33], [34]. One of the alternative approaches is to
perform clustering on the clients and group them; then, weight
aggregation is performed in each cluster. Most studies conduct
this clustering by the weights that are transferred to the server
from the clients [35].

Here we proposed our FL approach, which clusters the
clients with a brand-new method. In this method, each local
model and the global model for each cluster have the same 3D-
based architecture and it is further explained in the following
four phases (See Fig. 1):

1) Initially, a subset of the training dataset is sampled
which consists of multiple records from all age ranges
to represent the wide variety of scans and be suitable
for benchmarking. This set is achieved by binning the
training dataset into uniform bins, randomly choosing
a few records from each bin, and excluding them from
the training set. After that, this subset is stored in the
server. This dataset is referred to Benchmark Dataset
for simplification. It is worth mentioning since this data
is consistent and only compromises a scant proportion
of the dataset, so privacy would not be at risk. Also,
synthesized data can be used as an alternative.

2) Then, local models train without any aggregation for a
few epochs. This is done so that local models have the
opportunity to learn significant patterns in their data and
adapt to its data distribution.

3) Subsequently, clients send their parameters back to the
server, then the server uses the benchmark dataset to



TABLE I: Related studies on brain age estimation.

Paradigm Data Type Ref. Modality Modela #Samples MAEb Year Dataset

Centralized

Slice-
based

[10] T1 VGG 1099 4 2017 ABIC
[14] T1 CNN 484 4.7 2019 ABIDE, ADNI, BNU, ICBM, IXI
[9] - RNN 10446 2.86 2020 UK Biobank

[11] T1 AlexNet 594 4.51 2021 ADNI GO, ADNI 2, IXI, OASIS

[12] T1 Attention +
Transformers 8379 2.7 2021 BGSP, OASIS-3, NIH-PD, ABDIE-I, IXI,

DLBS, CMI, CoRR

Voxel-
based

[28] T1 CNN 5496 4.45 2019 Rotterdam Study
[29] T1 CNN 562 5 2020 IXI
[15] T1 VGG 10158 4.06 2020 Cam-CAN, IXI, SALD, DLBS, OASIS-1,

CoRR, SchizConnect, ADNI, AIBL, OASIS-2,
PPMI, NIFD, BGSP, SLIM

[19] T1 Ensemble of DL 10176 3.07 2020 ADNI, PPMI, ICBM, AIBL, SLIM, OASIS,
CANDI, IDA, COBRE, CNP, CORR, FCP

[17] T1 ResNet 21382 2.87 2020 UK Biobank
[18] T1 ResNet 12864 2.84 2021 German National Cohort
[13] T1 CNN 1016 2.19 2021 ABIDE
[16] T1 VGG 14503 2.14 2021 UK Biobank
[22] T1 DenseNet 4127 4.2 2022 Mayo
[23] T1 Autoencoder 2074 3.85 2022 CNNT1, CNNTOF
[20] T1 Ensemble of DL + ML 2641 3.19 2022 PAC2019, BANC, STORM
[21] T2 DenseNet 23302 2.97 2022 KCH, GSTT
[30] T1 CNN 3609 2.85 2022 IXI, SALD, NKI, CoRR, UKB, PNC, 973,

HCP

[24] T1 Attention +
Transformers 6049 2.38 2022 TMGHBCH, NIH-PD, ABIDE-I, BGSP, Bei-

jingEN, IXI, DLBS, OASIS
[31] T1 ConvNeXt 11728 2.09 2022 ABDIE I, ABDIE II, ADNI, CoRR, DLBS,

ICBM, IXI, NKI-RS, OASIS-3, OpenfMRI,
SALD

Decentralized Voxel-
based

[25] T1 CNN (Federated) 10446 2.99 2021 UK Biobank
[32] T1 SVR - 2.58 2022 UPENN-PNC, UK Biobank
[6] T1 CNN (Federated) 3312 2.9 2022 ADNI 1, ADNI 2, ADNI 3, OASIS, AIBL

aBackbones, variations, or modules the study used is reported
bLowest MAE is reported based on the paradigm of the study

Fig. 1: The proposed architecture of cluster-based FL approach for brain age estimation.



infer and get predictions from the clients. Clients’ pre-
dictions are represented as a vector in the inference time
and the server clusters the clients based on the distances
of these vectors. In other words, clients that have similar
outputs, group together. The Agglomerative clustering
algorithm is used in this phase, which is a bottom-
up hierarchical approach to group the clients. Starting
with every data point in its own cluster, it iteratively
combines the two nearest clusters using a selected link-
age criterion. The linkage is set to Ward, which aims
to decrease the variance of the merged clusters. This
approach typically results in compact, spherical clusters
of relatively similar size. This clustering procedure is
repeated every ω epoch. The algorithm is executed for
different numbers of clusters to find the suitable one.

4) Afterwards, the parameter aggregation will perform sep-
arately on models presented in each cluster using the
FedAvg algorithm in the server. In FedAvg, the weighted
average of models’ parameters in a cluster determines
the global model parameters. Then, local models will
sync with the global model. The federated aggregation
will be repeated for more iterations within each cluster
until the convergence.

In circumstances where the data distribution of the clients is
not steady and changes over time, such as online learning, the
clusters may alter sometimes. To deal with this issue, phases
3 and 4 are performed repeatedly.

For a better understanding of the procedures being done in
the server and clients, the steps are presented in Algorithm
1 and Algorithm 2, respectively. K represents the number of
clusters, {Wi}mi=1 are the weights belong to the ith client, and
{W̃ (k)}Kk=1 are the weights of the global model of the kth

cluster. Algorithm 1 is responsible for conducting clustering
and aggregating the weights of each cluster, while Algorithm
2 trains each local model with its corresponding data for a
certain number of steps π.

IV. EXPERIMENTS
A. Dataset

We conduct our experiments on the OpenBHB dataset [7].
In this large-scale dataset, 5330 3D brain MRI scans are
gathered from 71 different acquisition sites, from which 3984
scans are publicly available (3227 for the train set, 757 for
the validation set, which consists of 362 internal tests, and
390 external tests). OpenBHB is made up of 10 datasets.
The subjects included in OpenBHB come from European-
American, European, and Asian genetic backgrounds, which
provides more diversity. In this dataset, age ranges from 5 to
88 years old, and sex distribution is well balanced for all ages
Fig. 2a. Three preprocessing pipelines have been applied to
all these datasets. As a result, three modalities are available,
derived from the same T1-w MRI scans: VBM (Voxel-Based
Morphometry maps), SBM (Suface-Based Morphometry in-
dices), and quasi-raw (simple linear alignment of images).
Quasi-raw is the modality that we are going to work on. In
this modality, images went through some preprocessing steps,
starting with ANTS Bias Field Correction, followed by FLS

FLIRT with 9 degrees of freedom, affine registration to the
1mm3, and non-brain tissues removal using a brain mask
respectively.
Algorithm 1 Server side procedure

Initialize:
K, {Wi}mi=1, {W̃ (k)}Kk=1, ω,
clustered← False, BenchmarkDataset

for Epoch = 1, . . . N do
if clustered then

for each cluster k = 1, . . .K do
W̃ (k) ← FedAvg(Wi ∈ Ck)
for Wi ∈ Ck do

Wi ← W̃ (k)

Update Client(Wi)
end for

end for
else

for w ∈Wi do
Update Client(w)

end for
end if
if Epoch % ω = 0 then

for each client i = 1, . . .m do
predi ← Inference(Ci, BenchmarkDataset)

end for
AgglomerativeClustering(K, pred)
clustered← True

end if
end for

Algorithm 2 Update Client

Inputs:
Wclient

for Step = 1 to π do
Update Wclient with local data.

end for

B. Data Distributions
We report our results in three paradigms.
1) Centralized: The model is trained in a centralized

paradigm on the OpenBHB dataset without division. The
dataset is intact, and we do not use FL for training and
evaluating the models. We conduct these experiments for
comparison purposes.

2) Decentralized in an IID Environment: The dataset is
partitioned across five clients. To simulate an IID environment,
the dataset is split into five subsets so that they are all identical
in terms of population and distribution. Fig. 2b illustrates the
age distribution of each client.

3) Decentralized in a non-IID Environment: In general,
data heterogeneity, or non-IID data distribution, is referred
to as a decentralized paradigm when the features of the
clients’ datasets have different distributions. When it comes to
brain age estimation, these features may refer to geographical
location, gender, acquisition site, etc. Particularly, in our
work, we consider data heterogeneity as the difference in



(a) Centralized paradigm.

(b) Decentralized paradigm in an
IID environment.

(c) Decentralized paradigm in a
non-IID environment.

Fig. 2: Different data distribution in each paradigm.

age distribution between the dataset of each client. Again, we
consider five clients, but this time, the dataset is split so that
each pair of resulting distributions are different. Moreover,
these datasets have different numbers of scans as well. This
non-IID environment is an acceptable simulation of real-world
situations. Fig. 2c demonstrates the age distribution of each
client in this paradigm.
C. Training Criteria

As mentioned earlier, we use different data distributions for
each paradigm. For model evaluation, we use the internal test
set, including records belonging to sites used in training. We
use Adam as the optimizer with an initial learning rate of
1e-4 and train each model for 45 epochs. We also choose a
batch size of 4 for training both paradigms. In the centralized
paradigm, we employ a learning rate scheduler that decays
the learning rate every ten epochs by half. In the federated
paradigm, we have 150 steps in each epoch, and the local
batch size B = ⌊Nm

I ⌋ which Nm represents the number of
scans in the mth client and I is the number of iterations.
In each epoch, local parameters aggregate according to the
aggregation pace π, which is set to 50. Furthermore, we set
ω to 5, performing clustering every five epochs.
D. Result

The evaluation of the proposed method and other baselines
on train and test sets are reported in Table II. According to the

TABLE II: Brain age estimation results on train and test sets
using different models and paradigms.

Paradigm Modela MAE ClustersTrain Test

Centralized
ResNet-18 [36] 0.54 2.86

-BotNet50 [37] 3.01 3.42
EfficientNet [38] 1.05 3.62

Federated
IID ResNet-18 0.92 2.92 -

Federated
non-IID ResNet-18 1.35 4.14 -

IFCA [26] ResNet-18 1.78 4.91 {1,2,3,4,5},{},{}

Federated
non-IID

Cluster-based
(Ours)

ResNet-18
K = 2 1.05 3.87 {1,2},{3,4,5}

ResNet-18
K = 3 1.06 3.99 {1},{2},{3,4,5}

ResNet-18
K = 4 0.91 3.86 {1},{2},{3,4},{5}

a2D convolution layers were replaced with 3D ones in these architectures

results of centralized models, we chose ResNet-18 as our base
model for FL experiments. Results demonstrated that our intro-
duced method outperforms the FL process with non-clustered
FedAvg aggregation in the non-IID setting. Moreover, we
execute our method with three different numbers of clusters.
As can be concluded from Table II, this parameter affects the
performance of the model and should be tuned according to
the corresponding data. Furthermore, as shown in Table, our
method performs better clustering than IFCA [26], such that
final clusters have clients whose data distribution is similar.
MAE on test set per federated learning rounds is illustrated for
federated paradigm experiments in Fig. 3. According to this,
in a non-IID environment, the cluster-based federated models
have lower MAE compared to other approaches. The lowest
MAE belongs to the cluster-based approach with K = 4.

Fig. 3: Mean absolute error during federated learning rounds.

V. CONCLUSION

This paper suggests a novel cluster-based method for deal-
ing with heterogeneous data, particularly in a healthcare-
related task, brain age estimation. We have also demonstrated
that our approach outperforms non-clustered FedAvg on non-
IID settings and performs quite well compared to centralized
and decentralized IID. Nevertheless, this clustering approach
requires complete client participation during training, which
is a challenging problem. Future efforts might also propose
a creative solution to adequately accommodate new clients,
which was not presented in the FL training process. Moreover,



this technique demands that the number of clusters is explicitly
selected. Thus a solution to this problem might be offered.
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