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Abstract. Predicting brain age from neuroimaging data is increasingly
used to study aging trajectories and detect deviations linked to neurolog-
ical conditions. Machine learning models trained on large datasets have
shown promising results, but data privacy regulations and the challenge
of sharing medical data across institutions limit the feasibility of cen-
tralized training. Federated Learning (FL) offers a solution by allowing
multiple sites to collaboratively train a model without sharing raw data.
However, it remains unclear how FL affects the explainability of these
models, raising concerns about the consistency and reliability of their
predictions.

In this study, we analyze the consistency of model explanations
between centralized and federated training paradigms. Using DeepSHAP
we compare feature attributions in brain age prediction models trained
on the multi-site, publicly available OpenBHB dataset. We examine the
impact of how data is distributed across sites (IID vs. non-I1ID), the
number of sites participating per training round (sampling rate), and
different FL aggregation methods (FedAVG, FedProx).

Our findings show that federated models provide different explana-
tions compared to centralized models, even when trained on the same
data and task. Non-IID data distributions reduce the consistency of
explanations, while including a larger number of sites per training round
improves stability. Interestingly, some federated models trained on non-
IID data capture biologically meaningful patterns of brain aging even
more effectively than centralized models. These results suggest that care-
ful choices in how data is distributed and how training is conducted in
FL can impact model accuracy and interpretability.

Keywords: Brain Age Prediciton + Federated Learning - eXplainable
Artificial Intelligence + DeepSHAP - Non-IID Data

1 Introduction

Brain age prediction has emerged as a crucial task in computational neuro-
science, leveraging machine learning techniques to estimate an individual’s brain
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age from neuroimaging data [23,30]. This approach provides valuable insights
into neurological health, serving as a biomarker for cognitive decline and various
neurodegenerative disorders [8,22].

Traditional deep learning models for brain age prediction rely on central-
ized training paradigms, where large datasets are collected and processed in
a single location [6]. However, this methodology is constrained by data pri-
vacy concerns, regulatory restrictions, and the challenges of aggregating multi-
institutional datasets [36]. These limitations hinder the scalability and general-
izability of foundational models for brain age prediction [15].

Federated Learning (FL) has emerged as a promising solution to address
these challenges. FL enables decentralized model training across multiple nodes
(e.g., hospitals, research centers) without requiring data sharing [33]. This app-
roach preserves data privacy while leveraging different real-world datasets, ulti-
mately improving model robustness and generalizability [31]. However, despite
the advantages of FL, the implications of this decentralized training paradigm on
explainability remain largely unexplored. Given the critical role of interpretabil-
ity in Al-based medical applications, it is essential to assess whether FL. models
provide consistent and reliable explanations compared to their centralized coun-
terparts.

Explainable Artificial Intelligence (XAI) methods, such as SHAP (Shapley
Additive Explanations) and Grad-CAM, are increasingly employed to interpret
deep learning models in neuroimaging [9, 18, 35]. These techniques enhance model
transparency by identifying important features and decision-making patterns.
However, applying XAI in federated settings presents unique challenges, includ-
ing the potential variability in feature importance across distributed nodes and
the effect of aggregation strategies on interpretability [26]. Understanding how
FL affects explainability is crucial to ensuring trustworthiness and clinical appli-
cability [11].

This study aims to systematically investigate the consistency of XAl outputs
in centralized versus federated training paradigms, as well as to explore the con-
sistency of the explanation among different federated configurations. Specifically,
we address the following research questions (RQs):

1. RQ1: given the same task, dataset, and architecture, are XAI outputs consis-
tent among centralized and federated models?

2. RQ2: given the same task, dataset, and architecture, are XAI outputs consis-
tent among different configurations of the Federated Learning approach?

3. RQ3: given the same task, dataset, and architecture, are XAI outputs consis-
tent among federated models trained on different node data distributions?

4. RQ4: do the identified features exhibit biological significance across different
training paradigms?

To address these questions, we conduct a comparative evaluation of central-
ized and federated models trained on the task of the brain age prediction, ana-
lyzing their interpretability using state-of-the-art XAI techniques. We employ a
dense convolutional architecture and the publicly available multi-site dataset by
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the OpenBHB project [12]. Then, we compare centralized training with federated
learning approaches under different configurations.

The organization of this paper unfolds as follows: Sect. 2 provides an overview
of FL and the efforts found in literature to bridge explainability within the
federated paradigm. Section3 delves into the dataset and the pre-processing
step, while Sect. 4 details the training pipelines and the analysis framework we
implemented to conduct the study. In Sect. 5 we present and discuss the results
of the analysis. Section 6 concludes the paper by addressing the limitations of
the work and potential future directions.

2 Related Work

Federated learning is a decentralized machine learning paradigm initially pro-
posed by Google [19,20,29] to enable collaborative model training across mul-
tiple data sources without requiring direct data sharing. By preserving data
locality, federated learning mitigates privacy risks and regulatory concerns asso-
ciated with centralized data aggregation [4,17]. As data privacy concerns con-
tinue to grow, this paradigm has turned into one of the most popular frame-
works for privacy-oriented training of machine learning models and is nowadays
applied in various privacy-sensitive domains, such as healthcare [31,32], resource-
constrained environments [39], recommendation systems [2].

Federated learning operates by iteratively updating the parameters of a
machine learning model through distributed optimization, where participating
clients periodically perform local training on their private data to minimize a
global loss function and share model updates with a central server. The latter
then aggregates these updates to refine the global model before redistributing it
to clients for the next training round.

A key distinction in federated learning lies between cross-device and cross-silo
settings. The former typically involves a vast number of heterogeneous, resource-
constrained edge devices, such as smartphones, participating in model training
with intermittent availability. The latter, in contrast, focuses on a limited number
of reliable and well-resourced entities, such as hospitals or research institutions,
each holding substantial local datasets. This scenario is particularly relevant for
medical applications, where data is collected by separate institutions on different
patients, and data privacy regulations prevent its centralized collection.

While cross-silo federated learning may not suffer from device and commu-
nication heterogeneity across clients, it still presents significant statistical chal-
lenges due to data heterogeneity, wherein data across clients is non-independent
and identically distributed (non-IID). This heteogeneity can manifest in several
ways [38], namely i) label skewness, e.g., when one institution primarily col-
lect data from younger patients, while another may focus on older individuals,
or the same MRI characteristics are associated to different ages based on the
geographical area; ii) feature skewness, e.g., when the same labels across the
clients are associated to different MRI characteristics (also due to different reso-
lutions, protocols, hardware); iii) quality skewness; iv) quantity skewness. Such
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statistical heterogeneity poses fundamental optimization challenges in federated
learning [1]. Due to non-uniform data distributions, local optimization objec-
tives on individual clients may diverge from the global objective [24], leading
to inconsistent convergence behavior. Clients may reach disparate local optima
rather than contributing cohesively to a globally optimal model. In brain age
prediction tasks, which can benefit in principle from multi-institutional collabo-
ration while respecting privacy constraints, these issues are further exacerbated
by domain-specific challenges such as differences in patient demographics, imag-
ing modalities, and clinical annotation standards. Consequently, federated mod-
els can suffer from degraded performance compared to traditional centralized
learning and, more importantly, cast doubts on the consistency of explainable
AT (XAI) outputs.

Indeed, the growing importance of trustworthy AI has propelled research
into XAI, particularly in high-stakes domains like healthcare where model inter-
pretability is critical for clinical trust and decision-making. Regulatory frame-
works such as the GDPR further mandate that Al-driven decisions be accom-
panied by human-understandable explanations. These imperatives have spurred
the development of Federated Explainable AT (Fed-XATI), which aims to merge
the privacy benefits of FL with the transparency of XAl. For instance, Barcena
et al. [3] introduced Fed-XAI to ensure that federated systems remain both pri-
vate and interpretable, even though their approach has largely been limited to
simpler, transparent models (e.g., rule-based systems and decision trees) that do
not directly extend to complex modalities like images or text.

Complementary efforts have further broadened the scope of explainability
within FL. Gill et al. [13] proposed TraceFL, which dynamically tracks the lin-
eage of the global model, identifying the most influential clients for a given
prediction without modifying the underlying algorithm. Meanwhile, adaptations
of SHAP have been explored for federated settings: Wang [37] and Corbucci et
al. [7] introduced variants that enable the attribution of feature contributions
even when raw data remains decentralized. In the digital manufacturing domain,
Kusiak et al. [21] developed fXAI, executing explainability algorithms sequen-
tially on local datasets to construct globally interpretable models. In medical
applications, Briola et al. [5] and studies on Parkinson’s Disease stage predic-
tion [10] have demonstrated the potential of XAT in FL, albeit under the simpli-
fying assumption of IID data distributions.

While existing literature has made valuable strides in federated explainability,
our work sets itself apart by tackling the practical challenges of realistic, non-
IID scenarios—conditions that are more representative of medical applications.
Rather than confining evaluations to simple or IID settings, we conduct a com-
prehensive comparison between centralized and federated training paradigms
under various FL configurations. In doing so, we scrutinize how data hetero-
geneity influences the consistency of XAI outputs and investigate whether the
features highlighted by these methods carry biological significance.
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3 Materials

In this work, we used the publicly accessible data from the OpenBHB project?,
which collects data from 10 publicly available datasets, including IXI, ABIDE
1, ABIDE 2, CoRR, GSP, LOCALIZER, MPI-Leipzig, NAR, NPC, and RBP.
The project provides the dataset already split into training and validation sets,
which we used to train and test our models. The original validation partition
was created using stratified sampling based on age, sex, and site [12].

The OpenBHB dataset collects N = 3984 observations of Healthy Controls
(HC) from 62 sites around the world. By utilizing a multi-site international
dataset, we simulated a distributed learning scenario in which each site func-
tioned as an independent node within a federated network, enabling the imple-
mentation and evaluation of various federated learning approaches.

It is important to note that we excluded 5 of the 62 sites from the study
since they were only present in the test partition. The remaining 57 sites were
treated as nodes in the federated setting.

As illustrated in Fig. 1, the age distribution across sites in the training set
is heterogeneous, with some sites covering a narrow age range and only a few
including data from elderly participants. Additionally, the number of observa-
tions per site varies considerably, ranging from fewer than 30 to more than 700
samples.
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Fig. 1. Age distribution per site in the OpenBHB dataset. The labels on the x-axis
refer to the site ID given by the project.

Among the different data and modalities provided by the OpenBHB project,
we considered quasi-raw (minimally preprocessed) T1-weighted MRI images for

! https://ieee-dataport.org/open-access/openbhb-multi-site-brain-mri-dataset- age-
prediction-and-debiasing.
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our work, which underwent further preprocessing. The first step involved under-
sampling of MRI images to decrease computational demands and storage needs.
We chose to reduce the dimensions of the images by half along each axis, leading
to final dimensions of 91 x 109 x 91 voxels. Subsequently, z-score normaliza-
tion was applied to standardize the intensity values across the dataset. For each
sample, this process involved computing the mean and standard deviation of
the voxel intensities and transforming each voxel’s intensity value into its corre-
sponding z-score.

Finally, two federated datasets were derived from the OpenBHB data. The
first was constructed by partitioning the training and test data based on their
site of origin, resulting in 57 sub-datasets. This partitioning reflects a realistic
scenario in which data is non-independent and non-identically distributed (non-
IID) across the nodes of the network. To investigate the impact of non-IID data
on the explanations provided by federated models, we generated a second dataset
using a synthetic partitioning strategy to simulate an IID distribution. This
dataset was created through stratified sampling based on the age distribution
of the original training set, resulting in 57 sub-datasets with comparable sizes
(5657 samples per site) and similar age distributions.

4 Methods
4.1 Federated Scenario Anslysis

In this study, we examined how different implementations of the Federated
Learning paradigm affect the explanations of a model trained for brain age pre-
diction. First, we characterized the scenario to determine the most appropriate
federated approach for training, considering the following three key aspects: the
data distribution among nodes, the number of involved sites, and the architec-
ture of the federated network.

The training dataset is partitioned into 57 sites, all sharing the same fea-
ture space (T1-weighted MRI images) but differing in sample space. Each site
contains a distinct population with variations in age, the target variable for pre-
diction, and no overlapping samples across sites. This condition is commonly
referred to as sample-based Federated Learning or Horizontal Federated Learn-
ing (HFL) [14].

Compared to other settings, such as Vertical Federated Learning and Feder-
ated Transfer Learning, HFL offers a more straightforward training approach.
In HFL, each node trains a local instance of the same model architecture using
its own data. Subsequently, the trained model parameters from all nodes are
collected and aggregated into a global model, which is then redistributed to all
nodes. This iterative process, known as a learning round, is repeated until the
global model converges.

Depending on the architecture of the federated network, the aggregation of
local models can be performed either by individual nodes (decentralized FL) or
a central server (centralized FL). In a real-world application of the federated
paradigm for a medical network, a decentralized approach should be preferred.
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Although requiring expensive communication costs and a complex implementa-
tion, a decentralized approach shows a higher level of security and data privacy
than a centralized counterpart. Actually, the centralized approach relies on a
server, which is vulnerable to attack and might not be trusted [28]. However,
since our focus is not on developing a real-world FL system but rather on study-
ing the impact of FL on model explanations, we opted for a centralized FL
implementation for simplicity.

In the simulated network, 57 clients—one per site—communicate with a sin-
gle central server responsible for model aggregation. Finally, we categorized the
scenario based on the size of the node cohort. Federated Learning is typically
classified as cross-silo or cross-device, depending on the number of participat-
ing clients. Cross-silo FL is used for networks with a limited number of nodes,
whereas cross-device FL involves millions of clients. Given the number of nodes
in our study, our scenario falls under the cross-silo FL category.

The final essential element of a federated framework is the aggregation pro-
tocol. Let Dy = {(«F, yf)}izl’m"pk‘ be a private collection of |Dy| observations
of the k-th node of a network of K clients. Each node trains a local model
fr(z¥;w*) and shares its learned parameters w”. The aggregation algorithm is
responsible for collecting the w* and combining them into a single global model
with parameters w9. Federated Averaging (FedAVG) [29] is one of the earliest
and most widely used aggregation algorithms in FL. In FedAVG, a group of
L < K nodes is randomly selected at each learning round, and their w' param-
eters are weighted and averaged as follows:

L
D
wo =3 12 Vl‘wl (1)
=1

Defined V" as the total number of observations among clients, the contribution
to the aggregated model by the I-th node is weighted by the ratio of its data
volume |D;| to the global data volume V.

It is important to note that the Fed AVG protocol does not specify the number
of local training epochs. Since numerous local steps may cause clients to prioritize
their objectives rather than minimizing the global cost function, FedProx [25]
was introduced. In the FedProx protocol, a proximal term is added to the global
cost function to balance the influence of local models:

i
2
The proximal term acts as a regularization, which forces the local model to
the global one. The parameter p is the penalty constant, which controls the
strength of the regularization, and FedProx is equal to FedAVG when p = 0.
In this study, we adopted the FedAVG strategy as it is a widely used app-
roach for HFL applications. Additionally, we selected FedProx as a comparative
method to examine the impact of regularization on the explainability of feder-
ated models.

[[w® — w?|[? (2)
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4.2 Selection of the CNN Model

We addressed the problem of brain age prediction using a convolutional archi-
tecture, trained under different configurations to predict the chronological age
of individuals from their MRI T1-weighted brain images. A DenseNet-121 [16]
was chosen for the study, which we slightly modified to adapt to our task. To
better accommodate the resolution of our input images, we implemented a 3D
adaptation of the original 2D design, as proposed in the reference paper, result-
ing in a model with approximately 11 million parameters. First, a DenseNet was
trained in a conventional centralized manner on the entire OpenBHB training
set, and we used this model as a baseline for our analysis. Subsequently, the
same architecture was employed across various FL implementations to evaluate
their impact.

The choice of DenseNet-121 was moved by the results of our previous work [9],
where we investigated the performance of different widely recognized CNN solu-
tions for the brain age prediction task on the OpenBHB dataset. Our results
identified the DenseNet-based model as the most effective. Following the same
training setup, we trained the baseline model?, consisting of 100 training epochs
with the Stochastic Gradient Descent (SGD) optimizer and the cosine anneal-
ing scheduler with warm restarts. The scheduler was configured with an initial
period of 17 epochs, which doubles after each cycle. The initial learning rate was
0.01 and the model was trained with mini-batches of size 16.

4.3 Federated Training

In this study, we explored multiple FL implementations to assess the impact of
different design choices on the explainability outputs of the federated models.

Federated Learning with FedAVG on Non-IID Data. We first investi-
gated FL frameworks based on the FedAVG protocol with random client sam-
pling, configured to train collaborative models on non-IID data. The number
of local training epochs was fixed at one, and we implemented four different
settings based on varying node sampling rates: 10%, 25%, 50%, and 100%.

Next, we fixed the client sampling rate at 100% and varied the number of
local epochs, considering 1, 3, and 5 local epochs.

Federated Learning with FedAVG on IID Data. We then evaluated
FedAVG in a setting with IID data, fixing the number of local epochs to one
and exploring different node sampling rates: 2%, 10%, 25%, 50%, and 100%. In
this context, a rate of 2% corresponds to selecting only one node per learning
round, a scenario expected to degenerate into conventional mini-batch training
since no parameter averaging occurs.

2 Qur pre-trained DenseNet is made available at the link: https: //huggingface.co/
SisInfLab- AIBio/BrainAge_DenseNet.
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Federated Learning with FedProx on Non-IID Data. Finally, we imple-
mented federated training integrating the FedProx protocol on non-IID data,
with p parameter equal to 1. We fixed the sampling rate to 100% and consid-
ered 1, 3, and 5 local epochs.

Training Configuration. Beyond the centralized baseline model, we trained
14 federated models under different conditions, varying:

— data distribution (IID vs. non-IID);

— number of local epochs;

— client sampling rate;

— aggregation protocol (FedAVG vs. FedProx).

All federated models were trained for 500 learning rounds, with the SGD
optimizer, an initial learning rate of 0.01, and mini-batches of size 16.

4.4 Performance Evaluation

We assessed the performance of the models using the Mean Absolute Error
(MAE), calculated as:

t

MAE =5 3" i = i ®
i=1

where t represents the number of samples in the test set, y; is the actual chrono-

logical age, and g; is the predicted brain age. MAE expresses the average error

between the predicted and actual ages, so lower MAE values denote better model

accuracy. MAE was also used as the training cost function for the baseline model

and the federated models.

4.5 XAI Analysis

The explainability analysis in this study was conducted using DeepSHAP, a
widely recognized explanation algorithm designed for convolutional neural net-
works (CNNs). The primary objective was to assess whether federated training,
along with different federated learning configurations, influences model explana-
tions compared to its centralized counterpart.

DeepSHAP is an adaptation of SHAP [27] (SHapley Additive exPlanations)
for convolutional architectures. SHAP is a post-hoc, model-agnostic technique
based on the cooperative game theory of Shapley, and it is an established XAT
method of feature attribution for traditional machine learning models. This
means that SHAP computes the relevance of each feature to the determination
of a specific prediction. However, computer vision problems are usually solved
with deep learning solutions that work on images, shifting the attribution from
features to pixels or voxels, as in our case. DeepSHAP is a method of pixel (or
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voxel) attribution that estimates SHAP values with a DeepLIFT-inspired app-
roach [34]. Among XAI techniques, DeepSHAP is one of the few methods that
adhere to the three principles of additivity, monotonicity, and missingness, which
further justify our choice of considering DeepSHAP for the XAI analysis of this
work.

To systematically compare explanations across different federated models and
the baseline, we implemented a dedicated XAI pipeline, consisting of two main
modules:

— Generation module that computes and processes model explanations.
— Analysis module that examines and compares XAl outputs across different
models.

(
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Fig. 2. Generation module of the XAI pipeline.

Generation Module. The workflow of the generation module is illustrated
in Fig.2. The first step involves computing DeepSHAP values for each of the
M = 757 test samples. Since DeepSHAP requires both a trained model and a ref-
erence background B to estimate SHAP values, we randomly sampled |B| = 200
training images as the background for each computation. The adoption of a
simple random sampling to collect the background is motivated by the findings
of our previous study [9], in which we explored the impact of different back-
ground sampling techniques on the final DeepSHAP scores. The random sam-
pling method led to similar explanations generated with a more sophisticated
collection method, i.e., stratified sampling.

The adoption of backgrounds sampled from the overall distribution of data
among nodes violates the privacy of the sites. However, the adaptation of the
DeepSHAP method to the federated paradigm lies outside the scope of this
work, which focuses on the investigation of the consistency of XATI outputs across
models trained with a federated approach rather than a conventional centralized
pipeline. Since the final federated model is computed by aggregating the local
trained models, it is fair to assume that its training set is the union of all local
training sets, from which we can sample a background for DeepSHAP.
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For a given test sample, the DeepSHAP block outputs a saliency map, a
voxel-wise attribution map with the same dimensions as the input image. The
module then processes these attributions to prepare them for further analysis in
the comparison module. This is achieved through two transformation steps:

— Flattening phase: converts the 3D DeepSHAP arrays into 1D vectors, result-
ing in 757 vectors of scores per model.

— Region data extraction phase: groups voxel contributions into 68 anatomical
regions based on the Desikan-Killiany atlas. Given a 3D saliency map, the
module sums the contributions within each of the 68 atlas-defined regions.
The final output of this branch is an ROI-based table with 757 rows (test
samples) and 68 columns (brain regions) for each model.

Analysis Module. The processed outputs from the generation module are
analyzed through two distinct approaches:

— Inter-model analysis (Fig.3a): investigates the similarity of explanations
across models trained on the same task and dataset but under different train-
ing paradigms. To quantify the relationship between explanations from differ-
ent models, we computed the Pearson correlation coefficient p between pairs of
flattened DeepSHAP saliency maps corresponding to the same patient. Given
two models f; and f;, we calculated p for the saliency maps of each patient
and averaged all significant correlations (significance threshold oz = 0.05) to
obtain the average correlation coefficient p;;.

— Intra-model analysis (Fig.3b): the relationship between DeepSHAP scores
and chronological age is examined to assess the biological significance of
federated model explanations. Considering the ROI-based table relative to
model f;, we correlated the scores of each feature with the chronological age
of patients, resulting in the vector of coefficients P;. To determine whether all
models exhibited similar relationships between region attributions and age,
we conducted a Kruskal-Wallis test across the P; distributions of all mod-
els. A Bonferroni correction was applied to account for multiple comparisons,
with a significance threshold of o = 0.05.

5 Results and Discussion
5.1 Performance of the Models

The evaluation results of the trained federated model on the test set are sum-
marized in Table 1. None of the configurations achieved the performance of the
baseline model (M AE = 3.34). However, the models trained on the IID dataset
resulted in the lowest test errors among the federated models. This outcome
aligns with well-documented findings in Federated Learning, where the non-
IID nature of data distribution negatively impacts the performance of the final
aggregated model.
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Fig. 3. Approaches of the analysis module (a) Inter-model analysis and (b) Intra-
model analysis.

In the IID setting with the FedAVG protocol, the model that achieved the
lowest error was the one with a 50% node sampling rate (M AE = 4.32). In
the non-TIID scenario, the best-performing model trained with FedAVG used a
25% sampling rate and 1 local epoch per learning round (M AE = 5.81). For
FedProx-based models, the lowest error was observed in the configuration with
a 100% sampling rate and 5 local epochs (M AE = 5.86). Interestingly, these
results suggest that effective brain age prediction can be achieved in a federated
setting without requiring all sites to participate in each learning round. Instead,
a fraction of 50% or even fewer clients per round appears sufficient to train a
performant federated model.

In the non-IID setting with a 100% sampling rate, the lowest test errors were
observed for the models trained with FedAVG using 3 local epochs (MAE =
6.20) and FedProx using 5 local epochs (M AE = 5.86). These findings suggest
that federated models optimized for brain age prediction may benefit from mul-
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Table 1. Performance comparison of different federated models on the test set.

Dataset Aggregator Sampling Local MAE
rate [%)] epochs

1ID FedAVG 2 1 5.18
10 1 6.61
25 1 4.55
50 1 4.32
100 1 4.37

non-I1D FedAVG 10 1 8.71
25 1 5.81
50 1 7.35
100 1 6.81
100 3 6.20
100 5 6.43

FedProx 100 1 6.65

100 3 6.72
100 5 5.86

tiple local epochs, potentially improving their generalization ability despite data
heterogeneity.

Finally, we analyze the results obtained on the IID dataset for the configu-
ration with a 2% sampling rate (M AE = 5.18). Although this setup resembles
traditional mini-batch training, it is important to note that the model is exposed
to only 57 training samples per learning epoch. Given that the training set con-
tains over 3000 samples and the model is trained for 500 learning rounds, the
effective training duration is equivalent to fewer than 10 epochs in a centralized
setting. This explains the relatively high error compared to other configurations
in the IID scenario.

5.2 XAI Analysis

Inter-Model Analysis. In this study, we examined the consistency of model
explanations between centralized and federated training across different FL con-
figurations. To achieve this, we computed DeepSHAP scores for the same test
set across all trained federated models and the centralized model.

To quantify the similarity of explanations, we calculated the Pearson cor-
relation coefficients between the attributions of each model pair. The average
and standard deviation of these correlation coeflicients are summarized in the
heatmaps in Fig.4. Notably, only statistically significant correlations were con-
sidered when computing the averages. Across all model pairs, the proportion
of significant correlations was consistently high, never falling below 93% of the
total number of coefficients.
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Fig. 4. Heatmaps of the average and the standard deviation of significant correlations
between explanation distributions per couple of models. For each couple of models,
the proportion of significant correlations never falls below 93% of the total number of
coefficients.
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RQ1: given the same task, dataset, and architecture, are XAI outputs consistent
among centralized and federated models? The last row of the first heatmap in
Fig. 4 represents the average correlation values between the explanations of the
baseline model and those of the federated models. The results clearly indicate
a lack of strong correlation between the attributions generated by the baseline
model and any of the federated models. Despite sharing the same task, dataset,
and architecture, the federated models appear to have learned different repre-
sentational patterns for solving the brain age prediction task compared to the
centralized baseline.

A notable difference emerges when considering the nature of the training
dataset. While models trained on the non-IID dataset exhibit near-zero correla-
tions with the baseline, those trained on the IID dataset demonstrate small but
positive correlations, with values ranging between 0.10 and 0.20. This finding
suggests that data distribution plays a significant role in shaping model expla-
nations, as no similar trend is observed for other federated learning parameters,
such as the number of local epochs, sampling rate, or aggregation protocol.

Among the IID-trained models, the configuration with a 2% sampling rate
exhibits the lowest average correlation with the baseline. Although this setting
was expected to resemble traditional mini-batch training, the extremely low
sampling rate likely hindered the learning process by limiting the amount of data
seen during each federated round. As previously discussed, this configuration can
be interpreted as a centralized model trained on a very limited number of epochs,
which partially explains the weak correlation with baseline attributions.

These findings highlight a key consideration: explanations generated by fed-
erated models are inconsistent with those of the centralized model, despite using
the same task and dataset. While most federated learning parameters appear
to have minimal influence on this discrepancy, the distribution of training data
does exert a slight effect on model explanations.

RQ2: Given the same task, dataset, and architecture, are XAI outputs consistent
among different configurations of the Federated Learning approach? Among the
considered aspects of FL, the sampling rate appears to have a notable influence
on explanation consistency, particularly in the IID dataset setting. Specifically,
higher sampling rates correspond to higher correlation values among models
trained under the IID condition. A similar, albeit weaker, trend is observed in
the non-IID setting, where the configuration with a 10% sampling rate exhibits
the lowest correlations within this group.

These findings suggest that neither the number of local epochs nor the
aggregation protocol significantly impacts the consistency of model explanations
across different FL configurations. Instead, a high node sampling rate should be
prioritized to enhance explanation consistency in both IID and non-IID scenar-
ios. However, it is important to note that a higher sampling rate does not always
correspond to the best-performing model (see Table 1).

Interestingly, the effect of the node sampling rate per learning round is more
pronounced in the IID setting, further emphasizing the importance of selecting
a high sampling rate to maintain explanation consistency in federated models.
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RQ3: Given the same task, dataset, and architecture, are XAI outputs consistent
amonyg federated models trained on different node data distributions? Regarding
the consistency of model explanations across different data distributions among
nodes, the heatmap reveals key patterns. First, models exhibit higher corre-
lations with other models trained on the same dataset type rather than with
configurations involving a different data distribution. Indeed, the average corre-
lations between models trained on different dataset distributions are effectively
null.

Furthermore, models trained with the IID dataset show stronger and higher
correlations compared to those trained on the non-IID dataset, with some values
exceeding 0.50. These results suggest that IID data distribution leads to more
stable and consistent DeepSHAP attributions across different federated learning
configurations.

Overall, these findings highlight that ensuring IID data distribution should
be a priority when implementing a federated learning framework to enhance
explanation stability across configurations. In a real-world scenario, collaborating
clinics should establish standardized data acquisition protocols to facilitate IID
sample distribution across nodes. This preprocessing step should be integrated
into the data collection phase, as it precedes the implementation of any federated
framework.

These observations align with the findings from RQ1, further reinforcing
that maintaining ITDness in federated datasets is a fundamental prerequisite for
ensuring consistency in model explanations.

Table 2. Number and percentage of features with a statistically significant correlation
with chronological age per federated model.

Dataset | Aggregator Sampling Local Features
rate [%] epochs Number Percentage
11D FedAVG 2 1 60 88
10 1 49 72
25 1 57 83
50 1 54 79
100 1 54 79
non-I1ID | FedAVG 10 1 62 91
25 1 61 89
50 1 54 79
100 1 61 89
100 3 63 92
100 5 63 92
FedProx 100 1 61 89
100 3 61 89
100 5 62 91
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Intra-model Analysis. The last aim of this study was to explore the bio-
logical significance of ROI-based features across different training paradigms.
We extracted region-based attributions by masking each saliency map with the
Desikan-Killiany atlas and summing voxel attributions included in the same
region. Next, the correlation between ROI-based features and chronological age
was considered. The results of the analysis are displayed in Table2 and Fig. 5.
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Fig. 5. Violin plots of Pearson correlation coefficient distribution between each ROI-
based feature and the chronological age of the subjects per model.

RQ4: Do the identified features exhibit biological significance across different
training paradigms? The number and percentage of ROI-based feature attribu-
tions that showed statistically significant correlations with chronological age for
each federated model are summarized in Table 2. Most federated configurations
identified a greater number of significant features compared to the centralized
baseline model, which identified 55 significant features (80%). These results sug-
gest that DeepSHAP effectively captures the influence of age on brain regions
across both federated and centralized models.

Interestingly, among federated models trained on non-IID data, only the
FedAVG model with a 50% sampling rate and 1 local epoch exhibited a lower
percentage of significant features (79%), while all other non-I1ID configurations
exceeded 89%. In contrast, federated models trained on the IID dataset exhib-
ited lower percentages of relevant features, with three out of five configurations
identifying fewer than 80% of significant features. These findings suggest that
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federated models trained on IID datasets may struggle to capture meaningful
age-related variations in certain brain regions, whereas non-IID federated mod-
els demonstrate an improved ability to detect age-related changes—sometimes
even outperforming the centralized model.

To further assess the consistency of age-related attributions, we compared
the distributions of Pearson correlation coefficients per model, as depicted in
the violin plots in Fig.5. Except for the 2% sampling rate configuration, all
IID-trained models exhibited near-zero median correlations. In contrast, non-
IID-trained models displayed medians fluctuating around zero. A Kruskal-Wallis
test revealed no significant difference in Pearson correlation coefficients across
models (H = 17.96, p = 0.2085), using a significance level of o = 0.05.

6 Conclusions

In this study, we systematically examined the consistency of XAl attributions
across centralized and federated training paradigms. To address our research
questions, we conducted a comparative evaluation of centralized and federated
models trained on the brain age prediction task, leveraging a publicly available
multi-site dataset. Explanations were computed using DeepSHAP, a state-of-
the-art XAI technique.

Our findings reveal that federated models produce substantially different
explanations compared to their centralized counterparts, regardless of the spe-
cific federated learning configuration. This suggests that federated training alters
feature attribution patterns, which could have implications for the interpretabil-
ity and trustworthiness of federated models in medical applications. Within fed-
erated models, the non-IID nature of the dataset strongly reduces the consistency
of DeepSHAP attributions, emphasizing the need for careful data distribution
strategies in real-world FL applications.

Among the evaluated FL parameters, node sampling rate was the only factor
that significantly influenced the consistency of XAl outputs. Our results suggest
that high node sampling rates and IID data distributions should be preferred
to enhance the reliability of federated explanations. However, it is important
to note that a higher sampling rate does not always lead to the best predic-
tive performance, highlighting a potential trade-off between model accuracy and
explanation consistency.

A key limitation of this study is that we did not explore aggregation proto-
cols beyond FedAVG and FedProx, nor did we investigate the potential influence
of training hyperparameters (e.g., optimizer choice, learning rate) on explana-
tion consistency. Future research will address these limitations by extending the
analysis to alternative FL configurations, including different aggregation strate-
gies and common extensions of the FL paradigm, such as differential privacy
or secure aggregation. Future studies should also explore whether the observed
inconsistencies in explanations affect the usability and trustworthiness of feder-
ated models in clinical decision-making. Additionally, the found biological sig-
nificance of the models should be assessed through human evaluation by domain
experts.
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