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ABSTRACT Federated Learning trains models without transferring data outside local clients, but usually
relies on non-interpretable Neural Networks. While explanations are essential for model adoption and trust-
worthiness, conventional explainability techniques require centralized data access, which violates Federated
Learning principles. We propose a framework for Interpreting Federated Learning by Aggregating SHAP
explanations, iFLASH, which introduces novel aggregation methods that significantly improve explanation
quality compared to naive averaging approaches, while preserving data privacy in federated settings.
iFLASH enables local Shap explainers on individual clients without exposing raw data by aggregating
feature importance values rather than models or gradients. Clients compute and evaluate explanations using
performance-based metrics, then send results to the server. The server weighs each client’s contribution
based on model performance and explanation quality, which aims to produce faithful aggregate explanations.
The framework supports various aggregation strategies, adapting to different levels of data imbalance and
heterogeneity. Experiments across cross-silo (12-16 clients) and cross-device (50-150 clients) scenarios
demonstrate that Faithfulness-based aggregation consistently outperforms uniform averaging in cross-silo
settings, EQ1 achieves higher Faithfulness than naive averaging in all the cross-silo configurations across all
datasets and distributions, while quality-aware methods perform comparably in cross-device environments
where the high number of clients provides sufficient averaging effect. iFLASH explanations align closely
with centralised explanations in feature importance ranking and directionality, sometimes achieving better
fidelity. Results demonstrate that iFLASH enables accurate, privacy-preserving explanations for domains
where data cannot be centralised. We highlight that our proposal has been extensively evaluated also in a
cross-device federated setting, a scenario that is overlooked in the explainable AI literature.

INDEX TERMS Cross-device, Cross-silo, Explainable Artificial Intelligence, Faithfulness, Federated
Learning, Trustworthy AI.

I. INTRODUCTION

As Machine Learning (ML) advances and provides
increasingly accurate solutions for complex sce-
narios, many ML models still operate as black
boxes, giving predictions without exposing their
internal reasoning [53]. This lack of transparency
undermines user trust and hinders the detection and
mitigation of potential biases, raising both ethical
and practical concerns [55]. In response, numerous
Artificial Intelligence (AI) regulations have been

introduced [52, 22, 21, 44], emphasising ethical
values such as fairness, privacy, and interpretabil-
ity. Previous works have investigated these aspects,
including the analysis of privacy risks and fair-
ness in machine learning and federated learning
systems [48, 25, 14]. Concurrently, the rise of
decentralised learning paradigms, such as Feder-
ated Learning (FL), has introduced new challenges
for interpretability. In FL, data remain distributed
across multiple clients and are never shared or cen-
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tralised, making this approach appealing in sensi-
tive domains such as healthcare and finance due to
its privacy advantages. However, this decentralised
nature of FL poses significant challenges to model
interpretability, as most existing Explainable AI
(XAI) techniques assume central access to either
the black-box model or the training data. While
the lack of data centralisation is fundamental for
respecting user privacy, it limits the applicability
of available XAI methods, making it challenging to
train explainers on the server side without centrally
available data. Despite the growing interest in ex-
plainability [41, 50, 28, 29], only a few recent works
have begun to address the challenge of providing
explanations in federated scenarios [30, 24, 15, 19,
23, 13, 31]. This setting is particularly challenging,
as in FL data are stored exclusively at the client
side and are never centrally available, and may
also be distributed in a non-homogeneous manner
across clients. With this work, we contribute to this
emerging research area by proposing a framework
for post-hoc explainability in federated settings.
For example, when a bank’s fraud detection sys-

tem needs to explain why it flagged a transaction,
current FL approaches either compromise privacy
by sharing sensitive data or produce unreliable
explanations by simply averaging across institu-
tions with different data quality [15]. To overcome
these limitations, we propose iFLASH, a flexible
methodology that enables the use of Shap [41],
one of the most widely adopted techniques for fea-
ture importance (FI) explanations, to interpret ML
models trained using FL, without violating FL re-
quirements on data sharing. iFLASH combines the
explanations generated by each participant based on
local model quality and explanation quality.
While existing approaches treat all federated par-

ticipants equally, ignoring that some may have poor
data quality or model performance, iFLASH in-
troduces a quality-aware aggregation framework
for federated explanations. Unlike prior work [15],
which simply averages explanations across clients,
we design aggregation strategies that modulate each
client’s contribution based on the assessed quality
of its explanations. In particular, each client lo-
cally evaluates its explanations, and these signals
are used at the server to weight, down-weight, or
discard less informative contributions.
To validate iFLASH, we conducted experiments

using five widely used tabular datasets of varying
size and characteristics, enabling evaluation in both
cross-silo and cross-device FL scenarios [32, 12].
The results show that our explanations are on par
with or outperform those produced by existing fed-
erated explainability approaches such as SHAP-FL
and FedFCM, as well as centralised explainers.
This work extends our preliminary conference

paper [15] by considering a larger number of

clients, diverse data distributions, and multiple ag-
gregation strategies. The rest of the paper is struc-
tured as follows: Section II reviews related work,
Section III provides background knowledge, Sec-
tion IV introduces our methodology, Section V
describes the experimental settings, Section VI
presents the results, and Section VII concludes the
work, highlighting the contributions, open chal-
lenges, and future works.

A. MAIN CONTRIBUTIONS
Our work makes the following contributions:

• We propose iFLASH, a federated explainabil-
ity framework that supports multiple quality-
aware aggregation strategies for Shap-based
explanations,

• We introduce Faithfulness-based aggregation
methods that significantly improve explana-
tion quality over naive averaging in cross-silo
settings,

• We provide an extensive evaluation across
both cross-silo (12, 16 clients) and cross-
device (50, 70, 150 clients) scenarios, address-
ing a gap in the XAI literature for FL,

• We show that federated explanations can
match or exceed centralized explanation qual-
ity via selective client weighting.

II. RELATED WORK
The growing interest in the XAI research field [26,
6, 40] led to the development of multiple techniques
designed to explain models trained in a centralised
scenario [41, 50, 28, 29]. More recently, these tech-
niques have been adapted to FL-trained models,
especially in domains such as Healthcare [19] and
Finance [2]. A review of the current approaches
used to explain models trained with FL is presented
in [11, 42].

A. FEATURE IMPORTANCE-BASED APPROACHES
IN FL
Initially, XAI techniques in FL were used to mea-
sure the contribution of the different clients to the
final model [49, 61] and to understand clients’ im-
portance [60, 64, 66, 39]. Lately, these techniques
have been expanded to more traditional XAI goals,
such as explaining the reasons behind a predic-
tion. Focusing on neural networks trained using FL,
several approaches emerged. A first method has
been proposed in [24], where the authors studied
the interpretability issues in Horizontal FL [63].
They trained a regression model with FL to pre-
dict taxi trip duration within the Brunswick region.
To explain the trained model, they derived FI ex-
ploiting Integrated Gradients [33]. Their study con-
ducts experiments with a limited number of clients,
simulating a cross-silo FL scenario. They did not
examine the various methods for aggregating FI
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Reference Method FLSetting Cross
Silo

Cross
Device

Explanation
Type

Flexible
Aggregation

[24] Integrated Gradients Horizontal FL ¥ q Features Importance q

[15, 18, 8] Shap Horizontal FL ¥ q Features Importance q

[23] DeepLift Horizontal FL ¥ q Features Importance q

[13] Credible Counterfactual Vertical FL ¥ q Counterfactual q

[31] Decision Trees Horizontal FL ¥ q Rules q

iFLASH(Ours) Shap Horizontal FL ¥ ¥ Features Importance ¥

TABLE 1. A comparison of iFLASH with other methods in the literature.

explanations, choosing the standard mean instead.
In contrast, as presented in Section IV, our research
extends this work by exploring different aggrega-
tion policies for FI, aiming at reaching different
objectives, based on the chosen aggregation metric.
In a first exploratory work [15], we introduced a
Shap-based [41] approach for obtaining FI expla-
nations in FL. In the current paper, we extend the
methodology in which each client builds its ex-
plainer. When a new explanation is required, the
clients generate local Shap values, and their FI
are aggregated by the server using a basic mean
operation. Another approach using Shap [41] has
been introduced in [18]. This method uses Feder-
ated Fuzzy C-Means clustering [9] to create a refer-
ence set needed to build the Shap explainer. Unlike
the approach that we propose in this paper, this
method builds the explainer on the server side rather
than on the clients participating in the federation.
However, it has only been tested in limited cross-
silo scenarios, and relying on a single server-side
explainer reduces the flexibility of the explanations.
Moreover, the sharing of the reference set with
the server represents a risk to the client’s privacy
and breaks FL constraints. Recently, [7] introduced
FastSHAP++, a method that adapts FastSHAP [34]
to federated settings by training a neural explainer
across clients while incorporating Differential Pri-
vacy to limit information leakage. In contrast to
post-hoc feature attribution methods, this method
relies on learning a surrogate model to approxi-
mate Shapley values during training. Due to this
difference in formulation, we do not include this
approach in our empirical evaluation, focusing on
methods based on post-hoc Shap explanations. We
compare our proposal to [18] in the cross-silo sce-
nario and present the results in Section VI. Our cur-
rent approach advances beyond these limitations by
analysing different forms of aggregation for client
computing the Shap values. This introduces a layer
of flexibility that improves the quality of aggregated
FI explanations compared to those computed on the
server side.
The work in [8] presents a federated Shap-based

approach for breast cancer classification, where lo-
cal Shap values are computed by each client and
aggregated at the server using simple averaging.
However, their study is limited to a basic aggrega-
tion strategy with only four clients, and their eval-
uation focuses primarily on qualitative agreement
with centralised explanations without exploring dif-
ferent aggregation policies.

Recently, [23] proposed another Shap [41] and
DeepLift [56]-based approach to extract FI expla-
nation from models trained with Horizontal FL.
Their approach is heavily privacy-oriented and em-
ploys secure multi-party computation to aggregate
the explanations computed by the different clients.
However, while this privacy-enhancing technology
provides stronger security guarantees, it signifi-
cantly increases the communication overhead re-
quired for the aggregation, making its use imprac-
tical in scenarios with communication constraints.
Additionally, like several previous approaches, the
one proposed in [23] has only been evaluated in
cross-silo FL settings with a limited number of
clients.

B. OTHER EXPLAINABILITY APPROACHES IN FL
Several researchers have proposed alternatives to
Shap [41] based approaches. In [37], the author
envisioned a method for building rule sets through
an iterative decision tree induction process, where
features are removed at each step after selection
in the previous step. This approach considered the
design of incorporating user input, enabling hybrid
decision-making. The authors of [65] introduced
a novel method for automatically determining the
appropriate logical connector (AND or OR) when
aggregating rules extracted by clients at the server
level. They developed concepts of Diagonality and
Exclusivity for aggregating a local rule’s set, which
is enriched each round. At each round, the model’s
federated training is followed by the derivation of
a local rule set by each client. The authors of [10]
develop a system where fuzzy rules are generated
locally on clients and then aggregated by the server,
which sends them back to the clients. Their work
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includes the development of a comprehensive in-
terface and a streaming service to support this pro-
cess. One recently introduced approach is GLOR-
FLEX [31], which builds local Trepan Decision
Trees [16] to capture the local behaviour of the
black-box model. The rules from the decision trees,
alongside a synthetic data partition, are sent to the
server that merges the local rules into a single rule
set that captures the behaviour of the global model.
An approach specific to Vertical FL was proposed
in [13]. In this case, the type of explanation pro-
vided by this approach is a federated counterfac-
tual explanation aiming to explain a sample by
altering it to change the output of the model. The
authors of [54] introduced a Bottleneck Concept
Learner to learn and represent concepts within the
input space. Clients learn these concepts, which are
then filtered by the server to account for potential
malicious clients. They select concepts that effec-
tively represent the input by employing an attention
mechanism and a quantised loss. These concepts
are subsequently used for prediction, making the
model inherently interpretable. Our present method
is based on Shap [41] and supports Horizontal FL.
It differs fundamentally from these rule-based or
counterfactual approaches, making direct compar-
isons unfeasible.

C. EXPLAINABILITY FOR ROBUSTNESS AND
SECURITY IN FL
Explainable AI techniques have also been used to
explain the misbehaviour of models trained using
FL. The authors of [30] focused on the incorrect
predictions of an FL model, as these predictions
could be signs of an attack. To monitor changes
in the model behaviour, the nodes involved dur-
ing the computation explain the trained model at
each FL round. The change of the FI between
two consecutive rounds exceeding a predetermined
threshold determines the attacker’s presence. In a
related direction, [57] proposed Zero-Trust Agentic
Federated Learning (ZTA-FL) for securing Indus-
trial IoT intrusion detection systems. Their frame-
work employs Shap-weighted aggregation to detect
Byzantine poisoning attacks under non-IID condi-
tions, combining hardware-based agent authentica-
tion with privacy-preserving adversarial training.
While this work demonstrates the utility of Shap
values in a security-oriented aggregation context,
its objective is attack detection rather than produc-
ing faithful, flexible FI explanations for end users.
To our knowledge, no previous work addressed

the problem of interpretability in Horizontal FL by
designing a FI aggregation approach that provides
flexible aggregation strategies while maintaining
data on the client side. In fact, unlike previous
methods, our approach does not require clients to
share their training data or reference datasets with

the central server or other clients.
Table 1 summarises the comparison between

iFLASH and existing federated explainability ap-
proaches. Unlike previous methods, limited to spe-
cific FL settings, that rely on fixed aggregation
strategies, iFLASH is the only framework that sup-
ports and experiments in both cross-silo and cross-
device scenarios while offering flexible aggregation
techniques for improved explanation quality.

D. RESEARCH GAPS
While existing federated explainability work has
made important contributions, several limitations
remain: (i) most methods focus exclusively on
cross-silo settings with limited client counts, leav-
ing cross-device scenarios unexplored; (ii) aggre-
gation strategies typically employ simple averaging
without considering explanation quality metrics;
(iii) privacy-preserving approaches either require
additional federated processes (e.g., fuzzy C-means
in [9]) or incur significant communication overhead
(e.g., secure multi-party computation in [23]); (iv)
evaluation is often limited to qualitative comparison
with centralized baselines without rigorous statisti-
cal testing. Our work addresses these gaps by in-
troducing flexible aggregation strategies evaluated
extensively across both cross-silo and cross-device
settings with statistical validation.

III. BACKGROUND
In this section, the key methods and approaches
that are relevant to our methodology are presented.
We begin with an overview of FL in Section III-A,
followed by a discussion on Explainable AI in Sec-
tion III-B. In particular, we focus on state-of-the-
art methods, with a detailed examination of Shap,
which we employ in our experiments. The consis-
tent notation is explicitly listed in Table 2.

A. FEDERATED LEARNING
FL [47] enables the training of a ML model by co-
ordinating a set of C distributed clients, each client
c has a private local dataset Dc. Iteratively, at each
round r , the central server S orchestrates the train-
ing process by selecting a subset of clients Cr ⊆ C .
The clients receive a shared global model θr from
the server, train it locally on their data for a fixed
number of epochs e, and then send their updated
models back to the server. The server aggregates
the received updates to produce a new global model
θr+1, which is used in the next round. This process
is repeated for a fixed number of rounds or until
convergence. The aggregation strategy employed
by the server is directly responsible for model con-
vergence and performance. Themain algorithms for
the aggregation of the local contributions of up-
dates’ models are Federated-SGD [47] (Fed-SGD)
and Federated-Average [47] (Fed-AVG). Fed-SGD
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Symbol Meaning Symbol Meaning

C FL Clients R FL Rounds

Dc Dataset of client c ∈ C nc Size of the dataset Dc

e Local FL epochs gc Gradients of client c

S Server Cr Subset of clients for FL Round r

θ Neural model ci i-th client

ϕj∗ Shap values of j-th sample ϕjc Shap value of j-th sample from client c

b black box fc Shap Explainer of of client c ∈ C
N Number of labels x, ŷ a sample and its prediction

TABLE 2. Table of notations used in the following section.

is an aggregation algorithm that requires each client
to perform a single training step on their training
dataset before sharing the computed gradient gc
with the server. The server receives |Cr | gradients,
and aggregates them updating the global model
θr+1 = θr−η

∑|Cr |
c=1

nc
n gc where nc is the size of the

train set of client c, n =
∑|Cr |

c=1 nc and η the learning
rate. The constraint of sharing the gradient after
each step is the main limitation of this algorithm
because of the slowing down of training time due
to numerous communications.
On the contrary, when using Fed-AVG, the se-

lected clients can train the model received by the
server for multiple epochs e before sharing it with
the server. The server collects |Cr | models and ag-
gregate them in θr+1 =

∑|Cr |
c=1

nc
n θc. In this pa-

per, we used Fed-AVG because of the improved
performance with respect to Fed-SGD. Depending
on the number of clients involved in the training
and the availability of those, we can distinguish be-
tween two types of FL: cross-silo and cross-device
([38] presents an analysis of these two settings
from several viewpoints). In the cross-silo scenario,
a few clients (10-50) are always available during
the training. On the contrary, in the cross-device
scenario, a higher order of devices is involved in
the computation; however, they are available only
under certain conditions, e.g., the device must be
connected to power and have a stable internet con-
nection. We conducted extensive experimentation
of our proposal in both the cross-silo and the cross-
device FL scenarios.

B. EXPLAINABLE AI
The black-box nature of the deep learning models
prevents the ability to receive an explanation of the
reasoning behind a prediction. In recent years, the
XAI community has developed several techniques
to mitigate this issue and to open up these black-box
models [6, 27].
Explanation methods can be categorised into

three aspects [6]. The first aspect contrasts model-

specific vs model-agnostic approaches, depending
on whether the explanation method exploits knowl-
edge about the internals of the black box. The
second aspect contrasts local vs global approaches,
based on whether the explanation is provided for a
specific instance or the overall logic of the black-
box model. Additionally, we can distinguish be-
tween post-hoc vs ante-hocmethods, depending on
whether they are designed to explain a pre-trained
model or are inherently interpretable by design.
Among the various XAI approaches, we focus
on feature importance explanations due to their
interpretability and compatibility with federated
constraints. Feature importance (FI) is a popular
type of explanation returned by local methods [6].
In this case, the explainer assigns an importance
value to each feature, representing the impact of
that particular feature on the final prediction. Given
a record x, an explainer f (·) produces a FI ex-
planation as a vector ϕ = {ϕ1, ϕ2, . . . , ϕf }, in
which the value ϕi ∈ ϕ is the importance of the
ith feature for the decision made by the black box
model b(x). To understand the contribution of each
feature, the sign and the magnitude of each value
ϕi are considered. Considering the sign, if ϕi < 0,
the feature contributes negatively to the outcome ŷ;
otherwise, if ϕi > 0, the feature contributes posi-
tively. The magnitude instead represents how great
the feature contribution is to the final prediction ŷ.
In particular, the greater the value of |ϕi|, the greater
its contribution. Hence, when ϕi = 0, it means
that the ith feature is showing no contribution. An
example of a feature based explanation is ϕ =
{(age, 0.8), (income, 0.0), (education,−0.2)}, ŷ =
deny . Here, age is the most important feature for
the decision deny , income does not affect the out-
come, and education has a negative contribution.

In this paper, we present a method based on FI,
and for our experiments, we rely on Shap, one of
the most widely used FI explanation methods [41].
Shap, computes features importance using Shap-
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FIGURE 1. An overview of our Explanation methodology. An external user who needs a prediction and an explanation interacts
with the server. The server computes the prediction using the black box model trained using FL. The server then queries the clients
that participated in the FL process: each client uses their local explainer to compute the Shap values for the sample. Finally, the
clients send the Shap values to the Server that aggregates them in a collaborative explanation provided to the user.

ley values1, a concept from cooperative game the-
ory. The explanations are additive feature attribu-
tions and respect the following definition: f (z′) =
e0 +

∑F
i=1 eiz

′
i , where f is the explanation model,

z′ ∼ x, the original record to explain in the range
z′ ∈ {0, 1}F with F the number of simplified
input features and ϕi ∈ R the effects assigned to
each feature. Shap has three properties: (i) local
accuracy, meaning that f (x)matches the black-box
model b in the vicinity of the record to explain;
(ii) missingness, which allows for features xi = 0
to have no attributed impact on the Shap values;
(iii) consistency, meaning that if a model changes
so that the marginal contribution of a feature value
increases (or stays the same), the Shap value also
increases (or stays the same). There are several vari-
ants to compute the FI with Shap [41, 34]. The main
difference among them is that they approximate the
Shap values. In particular, somemethods exploit the
structure of the learning model to provide either an
exact computation of the Shap values or an ad-hoc
approximation to speed up the execution. However,
throughout this work, we refer to KernelShap, the
model-agnostic version presented in the original
paper [41]. However, this work focuses on Ker-
nelShap, the model-agnostic version presented in
the original paper. This choice ensures consistent
approximation across models regardless of their ar-
chitecture, maintaining methodological generality.

IV. PROPOSED METHODOLOGY
In this paper, we present iFLASH, a federated ex-
plainability framework based on feature importance
(FI). In our setting, we rely on Shap [41] to generate
local explanations at each client. Our design choice
is driven by the fact that Shap requires access to

1We refer the interested reader to: https://christophm.github.
io/interpretable-ml-book/Shapley.html

data distributions, which are only available locally
in FL. While Shap is typically applied in central-
ized settings where the full dataset is available, this
assumption does not hold in FL, where data are
distributed across clients. As a result, explanations
must be computed locally, making it challenging
to obtain consistent and reliable explanations at the
global level. In addition, due to data heterogeneity,
each client may provide explanations of varying
quality, depending on how well its local data dis-
tribution represents the instance to be explained.

To address these challenges, iFLASH introduces
aggregation strategies that combine local explana-
tions without requiring data sharing, while account-
ing for their quality. In this way, clients that provide
more reliable explanations contribute more to the
final result, while less informative contributions are
down-weighted.

Shap computes FI using Shapley values, a con-
cept from cooperative game theory [41], described
in Section Section III. In this work, we adopt Ker-
nelShap, the model-agnostic variant of Shap, as it
ensures a consistent approximation of feature attri-
butions across heterogeneous models and clients.

We consider a FL scenario with C = c1, . . . , cn
clients, where each client c ∈ C has its own local
and private dataset Dc ⊂ Rm, with m denoting the
number of features. All clients collaborate to train
an ML model b : Rm → Y, where Y is the label
space. It is important to note that, depending on
the specific FL setting, external clients who do not
participate in the training phase may still query the
final trained model. Once the black-box model b
has been trained, iFLASH is used to generate FI
explanations in a federated manner.

Each client c ∈ C builds a local explainer fc
using its private dataset Dtrain

c , which remains lo-
cal and is not shared. Once the explainers are ini-
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tialised, the explanation generation step produces
an explanation for a given input instance x. An
overview is provided in Figure Figure 1:

1) A user queries the server with an instance x,
2) The server distributes x to all clients,
3) Each client computes its local explanation

ϕc = fc(x),
4) Each explanation is locally evaluated using

quality metrics2, and the pair (ϕc, qualityc) is
sent to the server,

5) The server performs the aggregation with
iFLASH and returns the final explanation.

The evaluation step is central to our method, as
data distributions vary across clients. As a result,
depending on the input, some local explainers may
provide more accurate explanations than others.
In the remainder of this section, we detail

iFLASH. We first describe the explanation genera-
tion step, followed by the aggregation strategies on
the server side, which exploit the evaluation metrics
provided by the clients.

A. EXPLANATION GENERATION
iFLASH adopts Shap to define a local explainer
fc(·) at each client, built using the local dataset
Dtrain
c . This design is required since no federated

version of the explainer exists, and reference data
cannot be shared across clients due to FL con-
straints.
Given an input instance x, the server first com-

putes the prediction ŷ = b(x) and then queries
all clients for explanations. Each client produces
a local explanation ϕxc = fc(x), which is sent to
the server. The server collects the set of local ex-
planations ϕxc c∈C and aggregates them according to
the strategies defined in iFLASH to obtain a single
explanation ϕx for x.

Instantiation of Shap explainers’ client
KernelShap requires a reference background
dataset to compute feature importance. The qual-
ity and representativeness of this background data
directly impact explanation accuracy. However, us-
ing the entire training dataset is computationally
prohibitive and may not capture the most infor-
mative data distribution. Building upon our pre-
liminary work [15] that used the limited dataset
means as background, we propose an advanced
nested clustering strategy that yields a compact yet
representative background dataset. In real-world
federated deployments, practitioners typically em-
ploy clustering techniques rather than using entire
datasets as background data, both for computational
efficiency and to capture meaningful data structure.
We employ a two-stage nested clustering strategy

2Examples include predictive performance or explanation
Faithfulness.

that generates compact, representative background
datasets locally on each client.

The procedure is executed locally by every client
and consists of the following steps:

1) The client performs a first clustering proce-
dure using k-means [43], incrementally ad-
justing k until they identifies the optimal el-
bow point. The optimal k is determined by
computing silhouette scores for each candi-
date k , calculating the first-order differences
between consecutive scores, and selecting the
k that yields the maximum difference.

2) For each cluster, the client performs a sec-
ondary k-means clustering operation using a
single-feature approach based on the centroid
distance. This second clustering step is neces-
sary to have representative samples for each
of the clusters found in the previous step. The
client chooses a random sample within each
sub-cluster.

This nested approach balances two objectives: the
first clustering captures medium-grain diversity
across the local dataset, while the second cluster-
ing ensures fine-grain representation within each
cluster. This procedure generates compact yet rep-
resentative background datasets suitable for reliable
SHAP computation while maintaining computa-
tional efficiency.

B. AGGREGATIONS OF THE EXPLANATIONS
The core contribution of iFLASH is the design
of aggregation strategies that improve the quality
of federated explanations compared to existing ap-
proaches. These strategies aim to produce expla-
nations that are consistent with those obtained in
centralized settings, while preserving Faithfulness
to the black-box model.

Regarding federated explanations, the simplest
approach consists of averaging the FI explanations
across clients [15]. However, this approach ignores
the heterogeneity of clients in FL. Since data dis-
tributions may differ, some clients may be better
suited to explain a given instance, depending on
how well it is represented in their local data.

To account for this heterogeneity, we design ag-
gregation strategies that weight the contribution of
each client based on evaluation metrics, allowing
the server to prioritise more reliable explanations.

In practice, each client builds a local explainer
using the available training data to generate FI ex-
planations. Each client then sends its explanation,
together with the corresponding Faithfulness and
F1 score, to the server. The server aggregates the
received explanations according to the strategies
defined in the following and returns a final expla-
nation to the practitioner.
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1) Weights for client’s contributions
To implement the proposed aggregation strategies,
we assume that each client provides its local Shap
explanation together with a set of evaluation met-
rics. These metrics are used by the server to weight
or filter the contribution of each client in the aggre-
gation process.
In particular, we consider two types of infor-

mation: (i) the predictive performance of the local
model, and (ii) the quality of the local explanation.
We adopt the Weighted F1 and Macro F1 scores as
measures of model performance, and Faithfulness
as a measure of explanation quality. In the follow-
ing, we describe the metrics.
Generalisation capabilities: To measure the

generalisation performance of the black-box model
on each client, we adopt the Weighted F1 score,
which for N classes is defined as:

Weighted F1 =

N∑
i=1

wi · F1 Scorei (1)

where wi is the proportion of samples of the i-th
class, and F1 Scorei is the F1 score of the i-th class.
This metric accounts for class imbalance and

is suitable for heterogeneous federated settings,
where data distributions may differ across clients.
In case we want to capture subtle variations in

the performance of theMLmodel across all classes,
regardless of their frequency, we propose to use the
Macro F1 score, which is defined as the unweighted
mean of the F1 scores across all N classes:

Macro F1 =
1

N

N∑
i=1

F1 Scorei (2)

We highlight that, unlike the weighted F1, which is
heavily influenced by the data distribution across
clients, the Macro F1 gives equal importance to
all classes, providing a more holistic view of the
model’s behaviour across diverse data distributions.
It is important to note that both F1metrics produce a
single value per client model, reflecting the overall
performance of each client on its own local data.
Faithfulness as a quality measure: To evaluate

the quality of local FI explanations, we adopt the
Faithfulness metric [1], which measures how well
the importance assigned to each feature reflects the
impact on the model’s prediction. Algorithm 1 has
the pseudocode to compute Faithfulness.
In practice, the metric performs multiple queries

to the black-box model. Given an input x, the model
f is evaluated while progressively masking input
features according to the ranking provided by the
explanation ϕ. At each step, the feature selected
by the ranking is replaced with a baseline value,
and the output probability for the predicted class
ŷ = f (x) is stored in p. The metric then computes
the correlation between the importance values in ϕ

and the vector of probabilities p that records the
changes in the model’s confidence.

Algorithm 1 The pseudo algorithm to compute the
Faithfulness.
Require: x sample to be explained, ϕ feature-

importance explanation, f black box, ŷ the predicted
class for x by f .

1: π ← argsort(−|ϕ|) ▷ sort by decreasing magnitude
2: p← zeros ▷ Init. vector of prob. (same size as π)
3: for i ∈ π do
4: x′ ← x
5: x′

i ← bi ▷ replace feature ith with base value
6: pi ← f (x′)ŷ ▷ prob. of initial predicted class
7: end for
8: return −corr(ϕ,p) ▷ Pearson Correlation

In iFLASH, Faithfulness is used to ensure that
explanations reflect the model’s decision process.
Compared to performance-based metrics such as
the F1 score, Faithfulness provides a sample-level
measure that enables more fine-grained weighting
of client contributions, helping to mitigate biases
introduced by global performance indicators. In our
setting, we use the feature-wise mean computed
over the client’s local dataset as the masking base-
line b (line 5 of Algorithm 1). This choice avoids
out-of-distribution artifacts, respects federated pri-
vacy constraints, and is theoretically aligned with
distributional baseline approaches [58]. An ablation
study comparing alternative baseline choices is re-
ported in Appendix III.

2) Aggregation Strategies
In the following, we introduce a set of aggrega-
tion strategies within iFLASH, designed to account
for different aspects of client contributions. These
strategies rely on different weighting schemes,
based on model performance, explanation quality,
or a combination of both, and are later compared in
our experimental section.

Let us assume we are computing the explanation
for a sample j; let ϕjc denote the explanation pro-
duced by client c for the j-th sample, and let |C | be
the number of clients.

Average (EAvg): The Shap values produced by
the clients are averaged across all participants. This
strategy treats all clients equally and provides a
uniform aggregation.

E j
Avg =

1

|C |
∑
c∈C

ϕjc (3)

Weighted Average (EF1): The Shap values pro-
duced by the clients are weighted and averaged
using the local F1 score. This strategy assigns a
higher weight to clients with better predictive per-
formance, allowing their contributions to have a
greater impact on the aggregated explanation.

E j
F1 =

∑
c∈C

( F1c∑
c∈C

F1c

)
ϕjc (4)
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where F1c is the F1 weighted score of the client c.
Weighted Average (EF1macro ): The Shap values

produced by the clients are weighted and averaged
using the local macro F1 score. Unlike the pre-
vious strategy, this approach considers the aver-
age performance across all classes. It is particu-
larly suitable in the presence of class imbalance, as
clients with more balanced class distributions tend
to achieve higher macro F1 scores and therefore
receive greater weight in the aggregation.

E j
F1macro =

∑
c∈C

( F1Mc∑
c∈C

F1Mc

)
· ϕjc (5)

where F1Mc is the macro F1 score of the client c.
Faithfulness Weighted Average Efaith: The ex-

planations produced by the clients are weighted and
averaged using Faithfulness [1].

E j
faith =

∑
c∈C

( faithjc∑
c∈C

faithjc

)
· ϕjc (6)

where faithjc is the Faithfulness of the explanation
of the client c for the sample j. Since Faithfulness
measures the alignment between FI explanations
and the model’s behaviour, weighting clients ac-
cordingly improves the aggregated explanation3

Threshold-based Average E0
Avg: This method

filters explanations based on Faithfulness before
aggregation, discarding those with values less than
or equal to zero4, and averaging the remaining ones:

E0
Avg =

∑
c∈C

ϕjc · I(faithjc > 0) (7)

where I(·) is the indicator function.5
Mixed Threshold EMix : This method combines

thresholding and weighted averaging. It first dis-
cards explanations with Faithfulness values less
than or equal to zero. If any explanations remain,
they are weighted by their Faithfulness scores. Oth-
erwise, if no explanation meets this criterion, macro
F1 score weighting is applied. The combined expla-
nation EMix j is computed as:

EMix j =

{
E j
faith+ if ∃c. faithjc > 0

E j
F1macro otherwise

(8)

3We apply the normalization faithjc ←
faithjc+1

2
before com-

puting weights, ensuring non-negative contributions while pre-
serving relative quality differences across clients. Note that this
mapping sends 0 7→ 0.5: an explanation with neutral Faithful-
ness still receives a positive weight rather than being discarded.
This is intentional: Efaith is a soft aggregation that down-weights
poor explanations without fully excluding them, in contrast to
the hard-threshold methods E0

Avg and EMix .
4This method applies threshold filtering before averaging. It

excludes all explanations with normalized Faithfulness ≤ 0.5
(corresponding to raw Faithfulness ≤ 0), then averages the
remaining explanations using uniform weights.

5Note that for E0
Avg and EMix , no normalization is applied

to Faithfulness prior to filtering: the threshold faithjc > 0 is
evaluated on the raw [−1, 1] scale, so only explanations with
a genuinely positive alignment with the model are retained.

where E j
faith+ denotes the Faithfulness weighted

average Efaith computed only with the explanation
with positive Faithfulness values, i.e., faithjc > 0.
By combining both strategies, this method priori-
tises high-quality explanations when available, and
falls back on model performance otherwise.

Mixed Threshold-F1 EMixF1 : Similar to EMix ,
this method first discards explanations with Faith-
fulness less than or equal to zero, and then weights
the remaining ones using the corresponding clients’
macro F1 scores:

E j
MixF1 =

∑
c∈C

( F1Mc · I(faithjc > 0)∑
c∈C

F1Mc · I(faithjc > 0)

)
· ϕjc (9)

Top Quartile Average EQ1: This aggregation
strategy averages the explanations from the top 25%
most faithful clients:

E j
Q1 =

∑
c∈C

( I(faithjc ≥ Q1(faithjC))∑
c∈C

I(faithjc ≥ Q1(faithjC))

)
·ϕjc (10)

whereQ1(faithjC) is the first quartile of the Faith-
fulness values across all the explanations’ clients C
for the j-th sample.6

A summary of the aggregation strategies is re-
ported in Table 5, in Section IV-B2.

C. PRIVACY AND COMMUNICATION
CONSIDERATIONS
The objective of iFLASH is to generate expla-
nations that reflect the contributions of all clients
involved in the training of the federated model. Our
design is motivated by the observation that, simi-
larly to federated learning, where model training re-
lies on locally available data, explanation methods,
such as Shap, also require access to data distribu-
tions to produce reliable feature attributions.

From the literature, it is well known that the out-
put of Shap is directly influenced by the data used
during the explanation process. For this reason, in
our setting, we design a procedure that ensures the
representation of different regions of the data space
across clients, described in the Section IV-A.

Given such dependence on local data, each client
in our framework generates explanations locally,
and the aggregation step combines these contribu-
tions to improve the quality of the final explanation
with respect to the global FL model.

In this context, from a privacy perspective,
iFLASH follows the standard FL paradigm: no
raw data are shared across clients. Instead, only
explanation vectors and associated quality met-
rics are transmitted to the server. While this ap-
proach avoids direct data sharing, we acknowledge

6Similarly, the quartile threshold Q1(faithjC ) in EQ1 is com-
puted on raw Faithfulness values, before any normalization,
ensuring that the ranking of clients reflects their true relative
Faithfulness.
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that explanation vectors may still encode informa-
tion about local data distributions. Therefore, our
method does not provide additional formal privacy
guarantees, but rather preserves the same privacy
assumptions as standard federated learning.
Regarding communication cost, our approach ex-

changes explanation vectors instead of model up-
dates. Since explanations are generated on demand
for each input instance and no global explainer is
available at the server, this process is repeated for
each record. However, for each instance, only a
single communication step is required from each
client to the server. As a result, the communica-
tion cost depends on both the number of features
and the number of explained instances, rather than
on the number of model parameters. This can be
beneficial for complex models, but it may become
more demanding for high-dimensional data or large
evaluation sets. In practice, the communication cost
remains manageable and can be reduced using tech-
niques such as feature selection.

V. EXPERIMENTAL SETUP
This section details the experimental settings. Sec-
tion V-A describes the configurations used in the
experiments, including the datasets, the number
of clients, and the data distribution across clients.
Section V-B reports the training configuration per-
formed. Section V-C describes the evaluation met-
rics. Section V-D introduces the baseline methods
used for comparison.

A. DATASETS AND PARTITIONING STRATEGIES

In our study, we conduct extensive experiments
using five different datasets:

• Adult [3]: a tabular dataset with 48, 842 sam-
ples containing demographic and employment
related information. The objective is to predict
whether an individual’s income exceeds 50K
per year.

• Diamond [62]: a tabular dataset with 53, 134
records describing the prices and characteris-
tics of diamonds. The objective is to predict the
diamond cut quality with five possible classes.

• Dry bean [35]: a tabular dataset composed
of 13, 611 samples, aimed at classifying dry
beans into seven possible types.

• Dutch [59]: A tabular dataset containing in-
formation about 60, 420 individuals. The ob-
jective is to determine whether an individual’s
salary exceeds 50K per year.

• ACS Income (ACSI) [17]: a tabular dataset de-
rived from the American Community Survey
(ACS), naturally partitioned into 51 subsets
corresponding to U.S. states and Puerto Rico.
The task is to predict whether an individual’s
salary exceeds 50K per year.

To allow a diverse experimental analysis, we
consider both cross-silo and cross-device FL set-
tings. Adult, Diamond, and Dry bean are used for
cross-silo experiments, while Dutch and ACSI are
employed in the cross-device setting due to their
larger data availability. Furthermore, to simulate re-
alistic FL scenarios, we apply both IID and non-IID
partitioning strategies to selected datasets, while
keeping the natural partitioning of theACSI dataset.
The data are distributed across different numbers of
clients, and we evaluate the performance of the FL
algorithms under these settings.

An overview of the datasets is provided in Ta-
ble 3. We employ the following partitionings:

• IIDPartitioning.To preserve the original data
distribution, we divide the datasets into 12 and
16 partitions for the cross-silo setting using
the Adult, Diamond, and Dry bean datasets.
For the cross-device setting, we split the Dutch
dataset across 50, 70, and 150 clients.

• Non-IID Partitioning. To generate skewed
data partitions, we use a Latent Dirichlet Al-
location (LDA) sampling scheme. We con-
sider two levels of heterogeneity: high skew
(α = 0.99), which produces highly imbal-
anced partitions, and moderate skew (α =
5.0), which results in less pronounced imbal-
ance while maintaining a similar number of
samples across clients.

• Natural Partitioning. For the ACSI dataset,
we use its natural partitioning into 51 states
to represent real-world data distribution across
geographical regions.

Prior to training, categorical features were en-
coded using target encoding for high-cardinality
features and one-hot encoding for low-cardinality
ones. Continuous features were normalized to a
common scale. These preprocessing steps were ap-
plied consistently within each dataset.

B. TRAINING OF THE FL MODELS
To train the models to be explained, we simulate
a FedAvg FL training process using Flower [4], a
widely adopted FL framework [51].

We perform a systematic hyperparameter search
to optimise the models in each setting. Hyperpa-
rameters are selected to maximise the centralized
weighted F1 score on a validation set. For cross-
silo settings, validation is performed on local client
data, while for cross-device settings, a subset of
clients is used for validation.

The set of hyperparameters that maximises the
weighted F1 score across federated clients is se-
lected and used to train the black-box model on the
full development set (training and validation).

The samples used for explanation are not seen
during training. In the cross-silo setting, they are
taken from the union of the clients’ test sets, while
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Cross-Silo

Dataset Samples Clients Distributions # Features Task Classes

Adult 48,842 12, 16 α = 0.99, α = 5.0, IID 14 Income prediction Binary

Diamond 53,134 12, 16 α = 0.99, α = 5.0, IID 10 Cut quality classification 5 classes

Dry bean 13,611 12, 16 α = 0.99, α = 5.0, IID 16 Bean type classification 7 classes

Cross-Device

Dataset Samples Clients Distributions # Features Task Classes

Dutch 60,420 50, 70, 150 α = 0.99, α = 5.0, IID 14 Income prediction Binary

ACSI 1,664,500 51 Natural 11 Income prediction Binary

TABLE 3. Overview of datasets used in our experiments, including their respective sample sizes, number of clients, and data
distributions. For each dataset, experiments were conducted across all listed client configurations and distributions, ensuring
comprehensive evaluation of the impact of different data splits (IID and non-IID with α values of 0.99 and 5.0) on the
performance of the system.

Cross-Silo

# IID α = 5.0 α = 0.99

D
ry

be
an 12 0.94 ± 0.01 0.95 ± 0.01 0.88 ± 0.04

16 0.94 ± 0.01 0.93 ± 0.01 0.88 ± 0.06

A
du

lt 12 0.78 ± 0.01 0.78 ± 0.02 0.66 ± 0.10

16 0.78 ± 0.01 0.77 ± 0.02 0.69 ± 0.08

D
ia
m
on

d

12 0.76 ± 0.01 0.72 ± 0.02 0.70 ± 0.03

16 0.77 ± 0.01 0.73 ± 0.01 0.61 ± 0.08

Cross-Device

# IID α = 5.0 α = 0.99

D
ut
ch

50 0.83 ± 0.03 0.47 ± 0.01 0.53 ± 0.16

70 0.83 ± 0.06 0.45 ± 0.01 0.57 ± 0.18

150 0.83 ± 0.03 0.55 ± 0.17 0.64 ± 0.20

A
C
SI 51 – 0.75 ± 0.08 –

TABLE 4. Mean Macro-F1 scores and standard deviations for
different datasets and distributions across Cross-Silo and
Cross-Device settings. The distributions include IID and two
levels of non-IID (5.0 and 0.99). As for ACSI, we use the
natural partitioning of the dataset into 51 states.

in the cross-device setting, they are sampled from
the datasets of the training clients.

Hyperparameter search is performed using
Bayesian optimisation. We use the WandB MLOps
platform [5] to conduct the search. Through sys-
tematic Bayesian hyperparameter optimization (de-
tailed in Appendix I-B), we identify optimal archi-
tectures for each dataset and distribution. Architec-
tures typically consist of 2-3 hidden layers with 64-

256 units, ReLU activations, and dropout regular-
ization (0.1-0.5). We use the Adam optimizer with
learning rates in [10−4, 10−2] and batch sizes of 32-
128. Additional details about the hyperparameter
tuning process can be found in Appendix I.

Table 4 reports the performance evaluations of
the different datasets and settings considered, with
good prediction performance overall, even in highly
imbalanced scenarios.

C. EVALUATION METRICS

We adopt the followingmetrics to evaluate the qual-
ity of explanations at both the client level and after
aggregation.

First, we use Faithfulness [1] to evaluate ex-
planation quality. This metric plays a dual role in
our framework: during aggregation, to assess the
quality of local explanations and to weight client
contributions Algorithm 1, and after aggregation, to
evaluate the quality of the final federated explana-
tions.

In addition, extending the preliminary valida-
tion in our previous work [15], we incorporate
proximity-based metrics from [46], referred to as
ShapGap. These metrics are used to compare Shap-
ley values across different sources. In particular,
ShapGap computes the mean of a chosen distance
function applied to the Shapley values of two mod-
els for the same instance:

ShapGap (D, d) =
1

|D|

|D|∑
j=1

d(ϕjA, ϕ
j
B)

where D is the explanation set, d is the chosen
distance function, ϕj is the Shapley value of the j-
th sample, A and B are, in our case, the aggregation
strategies to compare. Following [46], we adopt two
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distance functions: the L2 norm and cosine similar-
ity. Therefore, the ShapGapmeasure is rewritten as:

ShapGapL2 =
1

|D|

|D|∑
j=1

||ϕjA − ϕjB||2

and

ShapGapCos =
1

|D|

|D|∑
j=1

1− ϕjA · ϕ
j
B

||ϕjA||2||ϕ
j
B||2

ShapGapL2 quantifies the magnitude of the differ-
ence between the Shapley values; it is zero when
the values are identical and increases with greater
divergence. In contrast, ShapGapCos measures the
coherence of the direction between the Shapley
values, bounded between -1 and 1.

Name Aggregation

EAvg Average
EF1 Weighted mean on weighted F1 score

EF1macro Weighted mean on macro F1 score
Efaith Weighted mean on Faithfulness
E0
Avg Threshold on Faithfulness

EMix Threshold and Weighted mean
EMixF1 Threshold on Faith. and Weighted mean
EQ1 Threshold on the Faith. first percentile

TABLE 5. Aggregation strategies and Their Notations

We use ShapGap to compare the quality of
iFLASH explanations and those obtained via an
Audit procedure. The Audit explanations are com-
puted centrally on the server, assuming access to the
union of all local client datasets Daudit = ∪C

c Dc.
We remind the readers that the generation of the
explanations by the Audit violates the federated
conditions for sharing the data, but we consider
those explanations as the baseline for our compari-
son. For consistency, we apply the nested clustering
strategy to theDaudit set7, and use the resulting clus-
ters as background data for the audit faudit explainer.
This setup allows us to assess the system under
controlled conditions.
Faithfulness Normalization: The Faithfulness

metric, as computed by Algorithm 1, returns val-
ues in the range [−1, 1], where negative values in-
dicate anti-correlation between feature importance
and model predictions. For aggregation purposes,
we normalize these values to [0, 1] using an affine
transformation: faithnorm = faith+1

2 . This transfor-
mation ensures that (i) all client contributions re-
ceive non-negative weights during aggregation, (ii)
a Faithfulness value of 0 (no correlation) maps to
0.5, representing a neutral contribution, and (iii)
negative Faithfulness values (anti-correlation) are
assigned proportionally lower weights without be-
ing excluded entirely.

7We remind the reader that the data unification is not permis-
sible in a standard FL deployment.

D. COMPETITORS AND BASELINE
To evaluate the effectiveness of iFLASH, we com-
pare against two federated explainability competi-
tors and one centralized baseline, described below.
Both competitors are evaluated solely in the cross-
silo setting, as neither was designed or evaluated
for cross-device scenarios; including them in cross-
device experiments would be an unfair comparison.

FedFCM [18] aims to generate Shap explana-
tions in federated settings via a different strategy: it
runs a federated fuzzy C-means clustering process
to construct a reference dataset, which is then sent
to the server for a centralized Shap computation.
This requires sharing reference data with the server,
introducing a privacy risk not present in iFLASH.
Furthermore, relying on a single server-side ex-
plainer reduces flexibility compared to our client-
distributed approach.

SHAP-FL [20] proposes a method for federated
Shap-based explainability where each client inde-
pendently synthesizes a background dataset using
an adaptive sampling strategy, and the local Shap
explanations are aggregated at the server by sim-
ple averaging. Unlike iFLASH, SHAP-FL uses a
fixed averaging aggregation without quality-aware
weighting. We use SHAP-FL as a representative of
sampling-based background construction, allowing
us to assess the robustness of our nested clustering
strategy against an alternative design choice.

Audit** denotes a centralized Shap explainer
trained on the union of all client datasets. It is used
as an upper-bound reference, not as a deployable
method; gathering all data in one place violates FL’s
core privacy constraint. The ** notation in tables
and figures signals this status.

VI. RESULTS
In this section, we present the numerical results
obtained in both cross-silo and cross-device set-
tings. In cross-silo scenarios, we optimize over a
comprehensive parameter space including number
of layers (1-3), hidden units (16-128), batch size
(4-128), learning rate (10−4 to 0.5), local epochs
(1-5), and dropout (0.004-0.180). For cross-device
settings, we focus on batch size, learning rate, lo-
cal epochs, and optimizer selection, reflecting the
constraints of resource-limited client populations.
All architectures use ReLU activations throughout,
with LogSoftmax in the final layer for numeri-
cal stability, and Adam optimizer with categorical
cross-entropy loss. The number of communication
rounds is fixed at 20 to stabilize training.

The optimal hyperparameters vary considerably
across datasets and data distributions. Skewed dis-
tributions generally require more local epochs for
convergence when compared to IID settings, and
careful tuning of learning rates and dropout. Dataset
sensitivity also varies: Dry bean demonstrates ro-
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bustness with stable performance across distribu-
tions, while Diamond shows higher sensitivity to
distributional changes, requiring significant hyper-
parameter adjustments. Complete hyperparameter
configurations and detailed sensitivity analysis are
provided in Appendix I.
As described in Section IV, iFLASH generates

local FI explanations at the client level before ag-
gregating them server-side. Our experiments con-
sistently identified 8-10 representative centroids
across all client partitions, with each centroid se-
lecting 4 additional samples, resulting in compact
reference datasets of 32-40 samples for the Shap ex-
plainer. In such a scenario, averaging all FI may not
be the optimal choice: some clients may produce
better Shap explanations depending on the record
being explained and the local data distribution.
For this reason, our iFLASH methodology sup-

ports the use of different aggregation strategies that
focus on the prediction performance of the client
and the Faithfulness of the explanations, i.e., a met-
ric designed to evaluate the quality of the explana-
tions provided.
The complete Faithfulness results across all

datasets, aggregation strategies, and distributions
are reported in Table 8 in Appendix II. In cross-
silo settings, EQ1 emerges as the best aggregation
strategy for the majority of the datasets and dis-
tributions considered, significantly outperforming
simple averaging (EAvg [15]). On the simpler binary
classification task (Adult), FedFCM and SHAP-FL
are statistically equivalent to EQ1, all three occupy
the top rank group, reflecting the low inherent dif-
ficulty of that task. On the more complex multi-
class datasets (Dry bean, Diamond), the advantage
of EQ1 over both competitors becomes clear and
consistent. In the cross-device setting, multiple ag-
gregation strategies show comparable performance,
suggesting that the optimal choice depends more on
specific deployment constraints.
Negative Faithfulness Scores: Negative Faith-

fulness values appear in some configurations (illus-
trated in Figure 5 and in Table 8 of Appendix II),
particularly for Dry bean. These indicate anti-
correlation between feature importance rankings
and model behaviour: features ranked as important
by Shap do not consistently affect model predic-
tions as expected. This can occur when: (i) the
background dataset does not adequately represent
the distribution of test samples, (ii) feature interac-
tions dominate individual feature effects, or (iii) the
model behaves non-linearly in certain regions.8

Given the different settings analysed, we discuss
the outcomes of the aggregation strategies starting
with the cross-silo setting in Section VI-A, then
addressing the cross-device setting in Section VI-C.

8Our Faithfulness-based methodologies improve the aggre-
gate Faithfulness.

A. iFLASH IN CROSS-SILO
In this section, we evaluate the effectiveness of
iFLASH in the cross-silo setting, where we have
fewer clients with larger data portions. We con-
ducted experiments using Dry bean, Adult, and Di-
amond datasets. We focus our discussion on Dry
bean, setting with 12 clients, considering all the 3
data distributions, while results for other datasets
are presented in Appendix II.

Figure 2 reports the results of the different ag-
gregation strategies for Shap explanations with 12
clients. The figure shows the Faithfulness distri-
butions across three data settings (IID, moderately
imbalanced, and highly imbalanced), and the cor-
responding Critical Difference (CD) diagrams to
compare the statistical performance of the methods.

Our analysis reveals a clear pattern: Faithfulness-
based aggregation strategies dominate across all
distribution scenarios. In particular, EQ1 achieves
the best performance, with Efaith and EMix following
closely. These methods form a statistically distinct
group, outperforming all other approaches. On Dry
bean, both FedFCM and SHAP-FL rank in the mid-
dle group with standard averaging (EAvg), behind
the Faithfulness-based strategies. Similar trends are
observed across other cross-silo settings. On Dia-
mond, the gap is even more pronounced: EQ1 ranks
first with a large margin, while FedFCM falls to
the lower half and SHAP-FL ranks last among all
methods. A different picture emerges on Adult,
where the binary nature of the task allows SHAP-
FL and FedFCM to achieve statistical equivalence
with EQ1, with all three methods sharing the top
rank group. However, this parity is specific to sim-
ple binary classification tasks. On more complex
multi-class datasets, EQ1 clearly and statistically
separates itself from both competitors. This pattern
indicates that quality-aware aggregation is most
beneficial in complex, multi-class settings, where
background data construction and client selection
have a stronger impact on explanation quality.

Results from the cross-silo setting show that us-
ing Faithfulness to weight client contributions pro-
vides a more reliable indicator of explanation qual-
ity than the alternative aggregation strategies we
designed. This is particularly important in federated
settings, where heterogeneous data distributions in-
fluence the quality of local explainers.

In this context, the quality of client explanations
may vary depending on the input instance, as each
client relies on its own local dataset. As a result,
some clients may be better suited to explain a given
record than others. Unlike other strategies, our ap-
proach operates at the instance level, allowing client
selection to adapt to each input.

An additional interesting finding regards the
ranking of the Audit. Despite having access to the
complete dataset, the Audit does not achieve the
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FIGURE 2. Comparative analysis of Faithfulness scores across
aggregation strategies for the Dry bean dataset with 12
clients. Each subplot presents CD diagrams (bottom) for
different data distributions: (i) IID, (ii) moderately imbalanced
(α = 5.0), and (iii) highly imbalanced (α = 0.99). The CD
diagrams rank strategies from best (left) to worst (right), with
connected lines indicating statistically equivalent
performance.

highest Faithfulness scores. This counter-intuitive
scenario is explained by data distribution effects:
certain clients with specialised (even imbalanced)
datasets provide more accurate explanations for
specific records that closely match their distribu-
tion. This record-level variability means that selec-
tively aggregating FI explanations from the most
relevant clients can outperform even a globally
trained explainer, highlighting a fundamental ad-
vantage of our federated explanation approach.
To better analyse the results obtained in terms

of explanations, Figure 3 reports the average FI
values extracted for all records in the setting of 12
clients with α = 5.0, grouped by class. For each
class, the results obtained using the best aggregation
strategy, EQ1, are shown with red bars, while the
Audit explanations are plotted in blue.
As illustrated, there is a general agreement be-

tween the FI values derived from the best aggre-
gation strategy and those from the Audit. This is
evident from the direction of the lines for all fea-
tures, indicating alignment in identifying important
features, i.e., the FI for both EQ1 and Audit are
in the same direction for all of the features. The
differences observed are mainly in the magnitude of
the values: while they generally align, slight differ-
ences may occur. For instance, in class 2, the Audit
assigns higher importance to attributes SF4, SF1
(Shape Form 4 and 1), and Rnd (Roundness) com-
pared to the values provided by EQ1. This suggests
that, although both methods agree on the impor-

tance of certain features, they may differ in the de-
gree of importance assigned, leading to slight vari-
ations in the overall ranking of important features.
However, this variation typically does not affect the
most important features and is more pronounced
among those of lower importance. The complete
numerical Faithfulness results are reported in Ta-
ble 8in Appendix II. We note that Dry bean ex-
hibits negative average Faithfulness across all con-
figurations. This reflects anti-correlation between
the Shap ranking and the masking response of the
model, a known behaviour in multiclass settings
with complex feature interactions, where the local
masking baseline does not fully capture the model’s
decision logic [1]. The relative ordering of aggre-
gation strategies remains meaningful: EQ1 consis-
tently achieves the least negative values, confirming
the benefit of quality-aware selection even when
absolute Faithfulness is low.

B. FAITHFULNESS COMPARISON BY
DISTRIBUTION
Across our experiments, we observe that federated
aggregation strategies, in particular EQ1, can match
or exceed the Faithfulness of the centralized Audit
explainer, despite the latter having access to the
full union of client data. We further analyse the
phenomenon to understand this behaviour.

This result may appear counterintuitive, but it can
be explained by two complementary mechanisms.
First, local-expert specialization: each client’s ex-
plainer is trained on a homogeneous data subset. In
skewed settings, a client whose local distribution
closely matches a given test instance can produce
explanations that are more faithful to that instance
than those obtained from an explainer trained on the
heterogeneous unionDaudit , whichmust account for
all distributions at the same time. This observation
is consistent with findings in FL showing that lo-
cal models can outperform global ones on locally
representative samples [45].

Second, sample-wise client selection: unlike
EAvg, which treats all clients equally, EQ1 dynam-
ically selects the top-quartile most faithful clients
per record. This means that for each sample, the
aggregation is driven by whichever clients are most
locally expert for that specific instance, to a gran-
ularity that a single centralized explainer cannot
replicate. The combination of these two effects ex-
plains why federated quality-aware aggregation can
be competitive with, or superior to, a centralized
baseline that nominally has more information.

Figure 5 analyses the sensitivity of Faithfulness
scores to the choice of background dataset construc-
tion, comparing our nested clustering approach (de-
scribed in Section IV) with independent binning-
based sampling [20]. The choice of background
data is awell-known challenge in Shap, as it directly
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FIGURE 3. FI comparison between EQ1 aggregation (red) and Audit (blue) for the Dry bean dataset with 12 clients and moderate
imbalance (α = 5.0). Each subplot represents a different bean class, showing average Shap values for samples classified in that
class. We show only the first top 10 features in magnitude for readability reasons.

FIGURE 4. Comparative analysis of Faithfulness scores across
aggregation strategies for ALL the dataset with 12 and 16
clients. Each subplot presents CD diagrams for different data
distributions: (i) IID, (ii) moderately imbalanced (α = 5.0),
and (iii) highly imbalanced (α = 0.99). The CD diagrams rank
strategies from best (left) to worst (right), with connected
lines indicating statistically equivalent performance.

influences the resulting explanations. In this work,
we focus on analysing this aspect in the specific
context of FL, and the results are shown for Adult,
Diamond, and Dry bean with α = 5 and 12 clients.
Overall, the distributions of Faithfulness scores

across aggregation strategies remain stable under
both approaches, indicating that our methods are
robust to this design choice.
For Adult, where the task is relatively simple,

both construction strategies yield similar results
across all methods. For Diamond and Dry bean, dif-
ferences are more pronounced: clustering-based ex-

planations tend to resemble cluster-based competi-
tors, while sampling-based explanations are closer
to sampling-based ones.

Despite these variations, EQ1 achieves the best
Faithfulness scores, while competitor methods such
as Audit and SHAP-FL show greater variability
across datasets and settings. This suggests that the
advantage of EQ1 derives from its quality-aware
client selection, rather than from the specific choice
of background dataset construction.

C. iFLASH IN CROSS-DEVICE
We now analyse iFLASH in the cross-device set-
ting, characterised by a large number of clients
with smaller local datasets, which presents differ-
ent challenges compared to the cross-silo setting.
We conduct experiments on the Dutch and ACSI
datasets, focusing the discussion on Dutch (results
for ACSI are reported in Appendix II).

For Dutch, we analyse three settings: 50, 70
and 150 clients; results for the 50 and 150 client
configurations are reported in Appendix II. Fig-
ure 6 presents the results of the different aggrega-
tion strategies for Shap explanations in the setting
with 70 clients. The figure is composed of three
plots, each corresponding to one of the analysed
distributions: (i) an IID setting; (ii) α = 5.0, a
moderately skewed scenario; and (iii) α = 0.99, a
highly skewed setting. For each scenario, a CD plot
ranks all aggregation strategies.

In the cross-device setting, which introduces ad-
ditional complexity, we observe a slightly differ-
ent behaviour compared to the cross-silo one. In
the IID case, EQ1 ranks first by a large margin,
clearly outperforming all other aggregation strate-
gies, while Audit appears in fifth position, with
a substantial gap. In the moderately imbalanced
setting, EQ1 drops to the third cluster, preceded by
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FIGURE 5. Distribution of Faithfulness scores across iFLASH
aggregation strategies and the Audit baseline, for Adult,
Diamond, and Dry bean at α = 5.0 with 12 clients (cross-silo).
Each ridge shows two overlapping distributions per strategy:
one using our nested clustering background dataset
construction (described in Section IV, in solid) and one using
a local adaptive sampling strategy analogous to the approach
in [20], which builds a dynamic lattice subset of the local
training set as the Audit does on the full data. The degree of
overlap within each strategy indicates robustness to
background dataset construction; differences across
strategies reflect the effect of the aggregation policy.
Faithfulness lies in the [-1,1] domain.

several methods based on predictive performance
and also the Audit. In the highly imbalanced setting,
however, EQ1 again ranks first.

Although the pattern is less clear than in the
cross-silo scenario, EQ1 still shows an overall ad-
vantage. In particular, even in the most challenging
setting, i.e., under strong imbalance, EQ1 remains
the top-performing method.
This behaviour differs from the cross-silo case,

suggesting that the optimal aggregation strategy
depends not only on data distribution but also on the
number of clients and the amount of local data.With
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FIGURE 6. Comparative analysis of Faithfulness scores across
aggregation strategies for the Dutch dataset with 70 clients.
Each subplot presents CD diagrams for different data
distributions: (i) IID, (ii) moderately skewed (α = 5.0), and
(iii) highly skewed (α = 0.99). Connected lines indicate
statistically equivalent performance.

a larger number of clients, even simple averaging
approaches can performwell, but cross-silo settings
benefit more consistently from Faithfulness-based
selection. This can be explained by a variance re-
duction effect: when aggregating over many clients,
random noise in individual explanations tends to
cancel out, reducing the relative advantage of se-
lective weighting. As a consequence, the absolute
differences between strategies in the cross-device
regime are small and nearly indistinguishable in
distribution plots. This is precisely why we rely on
CD diagrams based on the Friedman test rather than
visual inspection alone: statistical analysis confirms
that EQ1 retains a consistent, if modest, advan-
tage even where direct comparison of distributions
would not support a clear conclusion when instead
compared to Figure 7 that examines the distribution
of Faithfulness scores across aggregation strategies
for the Dutch dataset at α = 5.0 with 70 clients. A
high amount of contributions cancels out the advan-
tages of smart aggregations, suggesting that quality-
aware aggregation is most impactful in data-scarce,
low-client-count settings, where noise in individual
explanations is harder to average away.

Similar to the cross-silo analysis, Figure 8 reports
FI comparisons between our best strategy and Au-
dit. The consistency in both direction and magni-
tude shows that our federated approach preserves
explanation fidelity while respecting federated con-
straints, which is particularly important in the cross-
device setting, where clients may operate on sensi-
tive user data.
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FIGURE 7. Distribution of Faithfulness scores across
aggregation strategies for the Dutch dataset, 70 clients,
α = 5.0, cross-device setting.

Ed
u

Se
x

Ec
oS

ts
Ag

e
Ho

us
eP

os Jo
b

M
ar

itS
ts

Fa
m

Si
ze

Pr
ev

Re
sP

lc
Bi

rth
Ct

ry

−0.5

0.0

0.5
Class 0

Ed
u

Se
x

Ec
oS

ts
Ag

e
Ho

us
eP

os Jo
b

M
ar

itS
ts

Fa
m

Si
ze

Pr
ev

Re
sP

lc
Bi

rth
Ct

ry

−0.5

0.0

0.5
Class 1

Eavg Audit**

FIGURE 8. The global explanation by class for the dataset
Dutch when having 70 clients with moderate skew
distributions (α = 5.0). The FI of the audit is plotted as a blue
bar; meanwhile, the aggregation EAvg is represented as red
bars. EAvg has the highest rank among the aggregations in the
plot of 6) We show only the first top 10 features in magnitude
for readability reasons.

VII. CONCLUSION AND FUTURE WORK
This work investigates the impact of aggregation
strategies on the quality of FI explanations in fed-
erated learning settings, introducing iFLASH as a
methodology to systematically analyse and com-
bine local explanations. First, we show that ag-
gregating client-side explanations can match, and
in some cases surpass, the quality of explanations
obtained from centralized models. This result chal-
lenges the common assumption that explainability
degrades under federated constraints, suggesting
instead that federated settings can enhance explana-
tion quality when aggregation is properly designed.
Second, our results indicate that aggregation

strategies based on explanation quality outperform
the alternatives. In particular, EQ1 emerges as the
most effective approach overall, demonstrating that
weighting client contributions according to the
quality of their explanations is a reliable strategy
for improving federated explainability. This finding
highlights that predictive performance alone is not
sufficient to guide aggregation and that explanation
quality provides a more informative signal.
Third, the cross-device analysis shows that the

optimal aggregation strategy depends on the num-
ber of clients and the data distribution. While sim-
pler approaches such as averaging or filtering may
perform well in balanced settings, quality-aware
strategies remain robust in more challenging sce-
narios, especially under strong data heterogeneity.
Future work could investigate more granular ag-
gregation strategies; for instance, the isochronous
temporal metric [36] provides a complementary
perspective by identifying interpretable feature re-
lations based on ’attribute velocity’ on higher-
dimensional curved surfaces, which could refine
how iFLASH weights individual client contribu-
tions. iFLASH focuses on tabular data and relies
on FI-based explanations, which may be applied to
other types of data and models. Our evaluation is
based on Faithfulness, which does not capture as-
pects of explanation quality, as no human-centered
evaluation is considered. Furthermore, while our
approach follows the standard federated learning
paradigm, it does not provide formal privacy guar-
antees, and explanation vectors may still encode
information about local data distributions.

These limitations open several directions for fu-
ture work. First, extending the evaluation to larger-
scale and real-world federated environments is an
important next step to assess scalability and ro-
bustness under realistic conditions. Second, extend-
ing iFLASH to other data, such as images, text,
and time series, would require domain-specific ag-
gregation strategies. Third, future work should in-
vestigate robustness against adversarial clients and
potential information leakage through aggregated
explanations. Finally, user studies are needed to
evaluate the practical usefulness of federated expla-
nations beyond quantitative metrics.
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