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Abstract
Artificial intelligence (AI) systems are increasingly used in healthcare applications, although some challenges have not been
completely overcome to make them fully trustworthy and compliant with modern regulations and societal needs. First of all,
sensitive health data, essential to train AI systems, are typically stored and managed in several separate medical centers and
cannot be shared due to privacy constraints, thus hindering the use of all available information in learning models. Further,
transparency and explainability of such systems are becoming increasingly urgent, especially at a time when “opaque” or
“black-box” models are commonly used. Recently, technological and algorithmic solutions to these challenges have been
investigated: on the one hand, federated learning (FL) has been proposed as a paradigm for collaborativemodel training among
multiple partieswithout anydisclosure of private rawdata; on the other hand, research on eXplainableAI (XAI) aims to enhance
the explainability of AI systems, either through interpretable by-design approaches or post-hoc explanation techniques. In this
paper, we focus on a healthcare case study, namely predicting the progression of Parkinson’s disease, and assume that raw data
originate from different medical centers and data collection for centralized training is precluded due to privacy limitations.
We aim to investigate how FL of XAI models can allow achieving a good level of accuracy and trustworthiness. Cognitive
and biologically inspired approaches are adopted in our analysis: FL of an interpretable by-design fuzzy rule-based system
and FL of a neural network explained using a federated version of the SHAP post-hoc explanation technique. We analyze
accuracy, interpretability, and explainability of the two approaches, also varying the degree of heterogeneity across several
data distribution scenarios. Although the neural network is generally more accurate, the results show that the fuzzy rule-based
system achieves competitive performance in the federated setting and presents desirable properties in terms of interpretability
and transparency.
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Introduction andMotivations

The extensive reliance on artificial intelligence (AI) and
machine learning (ML) tools in the healthcare sector poses
significant challenges, especially concerning the concept of
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trust. Any AI system must meet the requirements of robust-
ness, fairness, and transparency throughout its whole life
cycle. Furthermore, sensitive health-related data hold an
intrinsic value and become a lucrative target for cyber attacks.

The concept of trustworthy AI has recently been con-
sidered also by government entities: European Union, for
example, is at the forefront for AI regulation as witnessed
by the proposal of the “AI ACT”1 (2021), which is often
referred to as the first law on AI and is conceived for intro-
ducing a common regulatory and legal framework forAI. The
European Commission had previously promoted the defini-
tion of the “Ethics guidelines for trustworthy AI” [1], which
identifies lawfulness, ethics, and robustness as key pillars
for trustworthiness and describes the requirements for an AI

1 https://artificialintelligenceact.eu/the-act/, visited May 2024.
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system to be deemed trustworthy. The ethical aspects are
pivotal in the healthcare domain given the sensitive nature
of patient data, the disclosure of which poses serious risks.
For example, discrimination based on such data can occur
in the insurance field: insurance companies could decide to
charge different fees depending on the individual health sta-
tus. Likewise, securing the non-discrimination in financial
services is nowadays perceived as an important matter, as
witnessed for example by the regulations on the “right to be
forgotten” for cancer survivors [2]. Finally, special attention
should be paid to specific domains (e.g., mental health), due
to the stigmatized nature of some types of illness.

In the pursuit of trustworthiness, data privacy and trans-
parency emerge as pivotal enablers, especially in the health-
care domain. While data privacy is considered an invaluable
right, it somehow clashes with the creation of accurate ML
models that, to date, require large amounts of data in their
training phase. The common scenario is in fact that many
different entities (be they individuals, medical centers, or
hospitals) have few or limited amounts of data and are often
reluctant to share their assets and sensitive information with
other parties. The processes of data mining and knowledge
extraction are therefore hampered by the unfeasibility of
data collection for centralized processing. The requirement
of transparency encompasses the traceability of the learning
process, beginning from the data gathering phase, and the
ability to comprehend the structure and the functioning of the
ML model itself. The latter challenge is the central focus of
a branch of AI named Explainable AI (XAI) [3–6]. The right
for explanation is explicitly mentioned both in the “Ethics
guidelines for trustworthy AI" [1], “[...] AI systems and their
decisions should be explained in a manner adapted to the
stakeholder concerned”, and in the recital 71 of the General
Data Protection Regulation (GDPR) [2] “[...] the process-
ing should be subject to suitable safeguards, which should
include specific information to the data subject and the right
to obtain human intervention, to express his or her point of
view, to obtain an explanation of the decision reached after
such assessment and to challenge the decision.” Indeed, the
ability to understand the innerworking of anAI system repre-
sents a cornerstone of trust and holds particular significance
in high-stakes applications in the healthcare domain.

In this work, we embrace the challenge of enhancing trust-
worthiness of AI systems in medicine investigating technical
enablers for the requirements of data privacy and explainabil-
ity.

Data access limitations, driven by privacy requirements
and by the need to prevent ethical risks associated with the
disclosure of sensitive data, have prompted the development
of new paradigms for training ML models, including fed-
erated learning (FL) [7, 8]. FL enables multiple parties to
collaboratively train an ML model without any disclosure of
private raw data. Essentially, a shared global model is learned

throughproper aggregationof locally computedupdates from
remote data owners, thus removing the need of centralizing
data for training purposes.

The requirement of explainability is typically addressed
through two main categories of approaches [3, 4]: the
exploitation of interpretable by-design models and the adop-
tion of post-hoc explainability techniques. Interpretability
and transparency refer to inherent properties of a model
and consist in the ability to understand how decisions have
been taken and what is the structure of the model itself,
respectively. Post-hoc explanation techniques, instead, typ-
ically address the goal of explaining why a model provides
a decision. It follows that an interpretable model results to
be also explainable. The property of interpretability is gen-
erally attributed to models such as decision trees (DTs) and
rule-based systems (RBSs): in fact, they consist of (or can
be traced back to) collection of “IF antecedent THEN conse-
quent” rules. As a consequence, the inference process turns
out to be highly understandable. Understandability can be
defined as “the characteristic of a model to make a human
understand its function (that is, how themodelworks)without
any need for explaining its internal structure or the algorith-
micmeans by which themodel processes data internally” [3].
It is worth emphasizing that the concept of understandability
is strongly related to the targeted audience in terms of their
a-priori knowledge and cognitive skills. For example, a rule-
based inference requires familiarity with logic and, possibly,
an adequate training depending on the specific implementa-
tion adopted in the antecedent and consequent parts of the
rules.

Post-hoc techniques are applied on models which are
referred to as opaque or “black boxes,” such as Neural
Networks (NNs) and ensemble models, to explain their out-
comes. The vastmajority of existing post-hocmethods can be
roughly ascribed to the following categories, which emulate
different nuances of human reasoning: feature importance
explanations, rule-based explanations, prototypes explana-
tions, contrastive/counterfactual explanations, and textual or
visual explanations [3, 9]. Notably, since the field of research
is constantly evolving, the list should not be considered
exhaustive; in addition, different post-hoc strategies can be
specifically tailored based on the different kinds of data (e.g.,
images or text) and based on the specific models involved
[9]. In the context of XAI, a further distinction is also made
between local and global explanations: the former refers to
the inference process and focuses on how/why the decision is
taken for any single input instance. The latter refers to struc-
tural properties of the models (thus pertaining to the concept
of transparency) or to aggregated information computed over
the entire dataset.

The awareness of the importance of explainability and pri-
vacy preservation has greatly increased in recent years.While
FL inherently tackles the challenge of preserving data privacy
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in decentralizedML, it typically lacks integrated solutions for
the issue of explainability [10]. Actually, FL was originally
conceived for models optimized through stochastic gradient
descent (SGD) (e.g., Deep Neural Networks (DNNs)), and
the application of post-hoc techniques is not straightforward
in the federated setting.

This work lies at the intersection between FL and XAI
and contributes to a research area named Fed-XAI (acronym
for federated learning of XAI models) [11–13]. We explore
the adoption of Fed-XAI approaches within the healthcare
domain for predicting the progression of Parkinson’s disease
(PD), formulated as a regression task. We consider a plausi-
ble scenario where sensitive raw data originate from different
medical centers, making centralized learning unfeasible. In
particular, the task is to predict one of the most commonly
used indicators for the severity of PD symptoms, namely
the Unified PD Rating Scale (UPDRS, firstly introduced in
1987 [14]), by exploiting real-world voice recordings. The
analysis extends a recent work [15] and encompasses two
approaches for Fed-XAI in order to explore the trade-off
between accuracy and trustworthiness. The first approach
adopts an interpretable by-design model, learned in a fed-
erated fashion. The second one employs an opaque model,
where both training and post-hoc explanation are compli-
ant with the federated setting. On one hand, we can assess
the generalization capability of the models in the regression
problem by exploiting a real, publicly available dataset; on
the other hand, trustworthiness is meant here as the con-
current attainment of explainability in all its nuances, from
both local and global perspectives, and privacy preservation
through the adoption of FL.

As for the interpretable by-design model, we employ
the Takagi-Sugeno-Kang Fuzzy Rule-Based system (TSK-
FRBS) [16] which is considered as a transparent and inter-
pretable model: its inference method mimics a cognitive
process typical of human reasoning in the form of if-then
rules. The partitioning of numerical variables into fuzzy
sets, which is one of the defining aspects of TSK-FRBS,
has proven to enable competitive levels of performance for
classification and regression tasks [17] and has a twofold
implication. First, fuzziness in rule-based systems enhances
semantic interpretability through linguistic representation of
numerical variables. Second, a fuzzy set can be interpreted as
a formal representation of an information granule, intended
as a generic and conceptually meaningful entity [18, 19]: in
this context, a fuzzy set allows any number in the real unit
interval to represent themembership degree of a feature value
to the information granule. As a consequence, the adopted
TSK-FRBS fits into the paradigm of granular computing
and makes use of information granules in the explainable
decision-making pipeline.

As for the opaquemodel,we employ awell-knownbiolog-
ically inspiredmodel, namelyMulti Layer PerceptronNeural

Network (MLP-NN). FL is performed exploiting the popu-
lar federated averaging (FedAvg) aggregation strategy [7].
Furthermore, the SHAP explainer [20], purposely adapted to
comply with the federated setting based on a recently pro-
posed approach [21], is used for explaining the output of the
MLP-NN by attributing the contribution (i.e., importance) of
each feature to each prediction.

The main contributions of this work can be summarized
as follows:

• We simulate a scenario in which several medical institu-
tions cooperate in creating a PD progression prediction
model pursuing the requirements of explainability and
privacy preservation;

• To achieve this goal, we implement and exploit two
Fed-XAI approaches, based on TSK-FRBS, and MLP-
NN plus SHAP, which represent state-of-art techniques
for by-design interpretability and post-hoc explainability,
respectively, in the federated setting;

• We discuss the accuracy of the approaches under several
data distribution scenarios, considering the independent
and identically distributed (i.i.d.) case and three different
non-i.i.d. cases;

• For each scenario, we compare the FL scheme with two
baselines, namely centralized learning and local learning,
to verify the suitability of the federated approach;

• We discuss the explainability of MLP-NN and the inter-
pretability of TSK-FRBS, both from a local and a global
perspective;

• We discuss about the consistency of explanations pro-
vided by the two approaches in the federated setting.
Here, consistency is achieved when different participants
in the FL process obtain the same explanation given the
same input information.

The rest of the paper is organized as follows: in Section 2,
we provide a brief overview of recent works that adopt XAI
and FL tools in healthcare and more specifically in the con-
text of PD. Furthermore, we describe recent advances in the
field of Fed-XAI. Section 3 describes the background related
to FL, detailing the approaches for FL of TSK-FRBS and FL
of MLP-NN. Furthermore, SHAP is introduced as post-hoc
explainability technique, and a recent approach for exploit-
ing SHAP in the federated setting is presented. Section 4
describes thePDprogression prediction case study, providing
details about the experimental setup: we outline the differ-
ent data distribution scenarios, the evaluation strategies, and
the configuration of the two approaches. In Section 5, we
report and discuss the experimental results. The considera-
tions regarding interpretability and explainability are given
in Section 6. Finally, in Section 7,we draw some conclusions.
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RelatedWorks

The adoption of AI techniques in healthcare has been widely
investigated. In this section, we first discuss the most rele-
vant works concerning the adoption of FL and XAI in this
application domain. Then, we discuss existing works related
to XAI in Parkinson’s disease studies. Finally, we discuss
recent algorithmic efforts for combining FL paradigm and
XAI approaches.

Federated Learning and XAI in Healthcare Scenarios

The opportunities and the practical utility of FL in the
healthcare domain have been recently acknowledged in the
specialized literature [22–24], with applications mainly in
the fields of medical imaging [25] and precision medicine
[26]. FL is presented as a solution to protect sensitive data
for privacy concerns and ethical constraints [27] and also in
relation to cyber attacks [28]. At the same time, the inter-
est in XAI is increasingly widespread, especially in the
attempt to “open” the so-called black-boxes [29, 30], which
have enabled unprecedented performance in the field of deep
learning (DL) inmedicine. The surveys onXAI for healthcare
applications usually delve into the problem of how to present
the AI results and their explanations to physicians, medical
staff, patients, and caregivers: the explanations should be a
tool to understand the outcomes of an AI system, but also a
way to allow interaction and enhance stakeholders’ trust in
AI (human-centered AI). The XAI goal is usually achieved
through the adoption of post-hoc methods for opaque mod-
els, often concerning image data analysis (e.g., X-rays and
CT scans).

Authors of a recently published survey [10] provide a
review of clinical cases where post-hoc methods and inter-
pretable by-design models are applied to more than 20
different medical case studies, spanning from COVID-19
diagnosis and early detection to diagnostic for breast cancer.
Different data types are exploited, depending on the applica-
tion: images (e.g., EEG, MRI) are often involved, and SHAP
is among the most used post-hoc methods. Example case
studies include prediction of depressive symptoms from texts
with adoption of a post-hocmethod for the estimation ofword
importance [31] and Alzheimer classification using Random
Forest and SHAP [32].

In the same survey [10], the practical utility of FL in
healthcare applications is discussed, especially considering
DL approaches, horizontal data partitioning, and FedAvg
optimization strategy. Example case studies include the
detection of COVID-19 from decentralized medical data,
with Convolutional Neural Networks applied on anterior and
posterior chest X-rays [33]. Authors in [34] exploit tabu-
lar electronic health records (demographics, past medical
history, vital signs, lab tests results) fromfive hospitals to pre-

dict mortality in patients diagnosed with COVID-19 within
a week of hospital admission. However, it is worth noticing
that the applications of FL and XAI are treated separately,
emphasizing the substantial lack of works that simultane-
ously address the requirements of privacy through FL and
transparency through XAI in the healthcare domain.

XAI in Parkinson’s Disease Studies

PD is diagnosed in about 10 million people worldwide [35]:
after the Alzheimer, it is one of the most prevalent neu-
rodegenerative diseases. Given its socioeconomic relevance,
several AI methods have been proposed for supporting diag-
nosis andmonitoring [35, 36]. Themost commonly used data
types exploited for PD studies include images and speech
signals [37, 38].

A fewworks discuss the topic of explainability in the con-
text of PD studies supported by AI techniques: for instance,
authors in [39] apply the LIME [40] post-hoc method on
a DNN used to classify healthy from not-healthy subjects
using images from SPECT scanning. Authors in [41] provide
explanations for different ML model outcomes using three
post-hoc methods, namely LIME, SHAP, and SHAPASH (a
tool for making ML models more understandable and inter-
pretable for general audience), on a multiclass classification
task. Since the aspect of data privacy holds high relevance in
this context, few recentworks elaborate upon the exploitation
of the FL paradigm for PD-related applications [42–44].

In this work, we consider the Parkinson Telemonitoring
dataset, which has been analyzed in several recent works
for both classification [45, 46] and regression [47–49] tasks.
None of the works mentioned above, however, considers the
aspects of privacy and explainability simultaneously.

The primary goal of our analysis is to understand the
potentialities of the Fed-XAI paradigm in a PD-related appli-
cation. In the following, we provide a brief overview of the
most relevant approaches for Fed-XAI proposed in the liter-
ature, relaxing the constraint on the application domain.

Federated Learning of XAI Models

Explainability in FL has been pursued either using post-hoc
[20, 50–55] or ex-ante [13, 56–59] approaches. A thorough
review of such approaches has been provided in several
recent works [11, 12, 60]. Here, we describe the most recent
advances on the topic.

Bogdanova et al. [60] have proposed a novel approach
(named DC-SHAP) for consistent explainability over both
horizontally (different instances, same features) and verti-
cally (different features, same instances) partitioned data
for the Data Collaboration (DC) paradigm. This paradigm
consists of two stages: first, participants obtain intermediate
representations of data through irreversible transformations
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and transmit them to a central server (unlike FL, which
typically shares models rather than data). Then, the server
combines such intermediate representations into a single
dataset, trains an ML model, and distributes it back to the
participants. Unlike other ex-ante [58] and post-hoc [50, 61]
explainability approaches tailored for the decentralized set-
ting, DC-SHAP ensures consistency of explanations: In this
context, the property of consistency is met if the explanations
of the same data instance for a global model are the same for
different participants. As underlined by the authors in [60],
model-agnostic post-hoc explainability methods are prone to
misalignment of client-side explanations, since they rely on
probing the global model with various inputs generated from
the local data distribution (typically referred to asbackground
or reference dataset). In their proposal for horizontally par-
titioned data, they use a set of auxiliary synthetic data shared
among the participants to solve the issue of different back-
ground datasets and show how this allows the mitigation of
feature attribution discrepancies among the participants. The
approach proposed in [51] is conceived to obtain a consistent
global feature attribution score for horizontal FL. A model-
specific post-hoc explainability method, namely Integrated
Gradients (IGs) [62], has been adopted for computing fea-
ture relevance. The integrated gradients get averaged and thus
unified among the clients; however, local explainability is not
addressed.

The issue of Fed-XAI for PD has been recently discussed
in [63], with the aim of identifying digital bio-markers for the
progress of the disease. Three assumptions constitute the pri-
vacy model, considering a scenario with multiple hospitals,
each with its own patients: (i) input records and correspond-
ing labels are isolated; (ii) the raw inputs are isolated between
patients; (iii) the target labels are isolated between hospitals.

A hierarchical framework is adopted to build the FL
model: local FL processes allow to collaboratively train a
model among patients in the same hospital, whereas a global
FL process aggregates models from each hospital for gen-
erating the complete model. An adaptation of SHAP is then
adopted as post-hoc method for feature importance expla-
nation. To address the issue of misalignment of client-side
explanations, background datasets are generated sampling
from a Gaussian distribution: the parameters of such Gaus-
sian distribution (mean and variance) are estimated for each
feature in a hierarchical way, by combining the parameters
estimated intra- and inter-hospitals. It is shown that the aver-
age feature importance computed in the federated fashion is
qualitatively similar to but quantitatively different from that
obtained in the centralized fashion, where the union of the
participants’ training sets can be used as background dataset.
Although the proposedmethod theoretically allows for it, the
aspect of local explainability/interpretability is not however
discussed.

Authors in [21] have proposed an approach for obtaining
SHAP explanations [20] in horizontal FL. Specifically, the
explanation of an instance prediction made by the federated
ML model is obtained by aggregating the explanation of the
participants. Such an approach ensures consistency of expla-
nations and is shown to be a faithful approximation of the
SHAP explanations obtained in a centralized setting. How-
ever, the approach requires that test instances are available
to all participants, which may be undesirable or unfeasible
in real-world applications where privacy must be guaranteed
also at inference time.

In the framework of FLof interpretable-by-designmodels,
TSK-FRBSs [13, 57, 59] and DTs [56, 58] have been con-
sidered as XAI models to be learnt in a federated fashion.
Approaches proposed in [57, 59] for federated TSK-FRBS
rely on a clustering procedure for the structure identification
stage and on a federated adaptation of classical gradient-
based learning schemes for adjusting the parameters of the
consequent part of the rules. In this work, we consider the
approach introduced in [13], which leads to more inter-
pretable TSK-FRBSs compared to the ones considered in
[57] and [59]. Additional details on such an approach are
reported in Section 3.1.

As for DTs, the IBM FL framework [56] supports, among
others, a federated adaptation of the ID3 algorithm for hori-
zontally partitioned data. Specifically, an orchestrating server
grows a single decision tree by exploiting client contribu-
tions based on their local data, in an iterative, round-based,
procedure. Similarly, the approach proposed in [58] allows
multiple clients to collaborate in the generation of a global
DT by transmitting encrypted statistics, but it refers to the
vertical data partitioning scenario. Finally, Polato et al. [64]
have proposed a federated version of the AdaBoost algo-
rithm, posing minimal constraints on the learning settings of
the clients, enabling a federation of DTs, and without relying
on gradient-based methods.

Background

The categorization of FL approaches is typically based on
the data partitioning scheme and the scale of federation.Data
partitioning can be broadly categorized into horizontal and
vertical settings. In the horizontal setting, training instances
from different participants refer to the same set of features,
whereas in the vertical setting, the feature set itself is par-
titioned among participants. The scale of federation refers
to the number of participants and is typically classified into
cross-silo FL, involving a low number of participants with
ample data and computational power, and cross-device FL,
where a large number of participants, often represented by
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smartphones or personal equipment, may feature a relatively
small amount of data and computational power.

The PD progress prediction case study discussed in this
work pertains to a cross-silo horizontal FL setting. This sec-
tion reports background information for the two approaches
adopted to address this task, which can be ascribed to the
Fed-XAI research field: federated TSK-FRBS and federated
MLP-NN with post-hoc explainability.

Federated Learning of TSK-FRBS

LetX = {X1, X2, . . . , XM } and Y be the set of M input vari-
ables and the output variable, respectively. A generic input
instance is in the form xi = [xi,1, xi,2, . . . , xi,M ]T and has
an associated output value yi . Let Uj be the universe of dis-
course of variable X j and Pj = {

A j,1, A j,2, . . . , A j,Tj

}
be a

fuzzy partition overUj with Tj fuzzy sets, each labeled with
a linguistic term. The term A j,t indicates the t th fuzzy set of
the fuzzy partition over the j th input variable X j . A TSK-
FRBSconsists of a collection of fuzzy if-then rules,where the
antecedent part of each rule is a conjunction of fuzzy proposi-
tions and the consequent part implements a regressionmodel.
In case of the commonly used first-order regression model,
the generic r th rule is expressed as follows:

Rr : IF X1 is A1,tr ,1 AND . . . AND XM is AM,tr ,M

THEN yr = γr ,0 +
M∑

j=1

γr , j · x j (1)

where γr , j (with j = 0, . . . , M) are the coefficients of the
linear model that evaluates the output prediction yr .

The parameters of the rules are determined through a data-
driven approach. The if part (antecedent) is generated either
using grid-partitioning or fuzzy clustering over the input
space. Once the antecedent is determined, the then part (con-
sequent) estimation consists of local linear models obtained,
for instance, through the least squares method.

At inference time, TSK-FRBS exploits the rule base as
follows. Given an input instance, first the strength of activa-
tion of each rule is computed as

wr (xi ) =
M∏

j=1

μ j,tr , j (xi, j ) for r = 1, . . . , Nrule (2)

where μ j,tr , j (xi, j ) is the membership degree of xi, j to the
fuzzy set A j,tr , j . Then, the final output can be evaluated with
either weighted average or maximum matching policy. In
the former case, the TSK-FRBS output is computed as the
average of the outputs of all the activated rules weighted by
their strengths of activation. In the latter case, the output

corresponds to the output of the rule with the maximum
strength of activation.

Themaximummatchingpolicy enhances the interpretabil-
ity of TSK-FRBS, since a single rule explains a predicted
output for an input instance. Furthermore, the fuzzy linguis-
tic representation of numerical variables fosters the semantic
interpretability of the model itself, whose operation, based
on the evaluation of rules, turns out to be highly intuitive.

From an algorithmic perspective, FL of TSK-FRBS, as
well as of other families of highly interpretable models,
requires ad-hoc strategies. In this work, we rely on the
approach for building TSK-FRBSs in a federated fashion
recently proposed in [13]. We consider horizontally parti-
tioned data: every participant produces a local TSK-FRBS
and sends it to the server. Subsequently, the server consoli-
dates the received rule bases by juxtaposing the rules received
from the participants and by resolving potential conflicts. A
conflict occurs when rules from different local TSK-FRBSs
have the same antecedent, thus identifying the same specific
region of the input space, but they have different consequents.
In this case, the federatedTSK-FRBSsummarizes conflicting
rules in a single rule with the same antecedent as the con-
flicting rules and with the consequent obtained by computing
the weighted average of the regression model coefficients in
the consequents of the conflicting rules. Such average takes
into account the weight associated with each rule, which is
estimated on the local training set as the harmonic mean of
its support (how many instances activate the rule), and con-
fidence (average quality of the prediction of the rule).

With the aim of ensuring the consistency of the rules
among participants and increasing the system interpretabil-
ity, the input variables are partitioned by using a strong
uniform fuzzy partition with triangular fuzzy sets An exam-
ple of strong uniform fuzzy partition with five triangular
fuzzy sets is shown inFig. 1.Here, each fuzzy set is associated
with a meaningful label that is used to express linguistically
the rules.

Fig. 1 Anexample of strong uniform fuzzy partitionwith five triangular
fuzzy sets
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It should be noted that building a fuzzy system requires a
careful design especially regarding the choice of its hyperpa-
rameters (e.g., number, shape, and position of fuzzy sets for
each partition), also considering their impact on interpretabil-
ity [65]. Uniform fuzzy partitions with triangular fuzzy sets
are generally deemed highly interpretable since they satisfy
the criteria of coverage, completeness, distinguishability, and
complementarity [66]. However, in practical applications, a
meaningful partition should be agreed with the human users
who are expected to interact with the AI system and to inter-
pret the given rules. An interesting future development of this
work would consist in examining the choice of the uniform
partitioning together with domain experts (e.g., physicians).

Federated Learning of MLP-NN

Models optimized through Stochastic Gradient Descent
(SGD), such as NNs, can be learned in a federated fashion
by exploiting an aggregation strategy based on, or derived
from, the popular federated averaging (FedAvg) procedure.
FedAvg is an iterative, round-based procedure, in which each
round encompasses the following steps: the server sends
the global model to the participants; each participant locally
updates the model through SGD on its local training set and
sends the updated model to the server; the server obtains
an updated global model by computing the weighted aver-
age of the locally updated models, where weights are based
on the local training set cardinality. Several extensions of
FedAvg have been proposed in the literature, mostly aimed
at addressing FL in heterogeneous settings [67, 68]. In this
paper, we focus on classical FedAvg and deal in more detail
with the issue of explainability of MLP-NN learned in a fed-
erated fashion. To this end, in the following, we first describe
a popular post-hoc method for explainability, namely SHAP
(SHapley Additive exPlanations) method [20], and then an
approach for the adoption of SHAP in the federated setting.

Post-hoc Explainability: The SHAPMethod

One of the most popular post-hoc strategies used to explain a
model prediction is to assess the importance of each feature
in producing the output. In general, given a model f , an
input instance xi , and a predicted output ŷi = f (xi ), the
explainer assigns to each input component xi, j a value that
reflects how much that particular feature is important for the
prediction. These values are interpreted in terms of sign and
magnitude: if the sign is positive (negative), then that feature
contributes positively (negatively) to the prediction output;
as per the magnitude, the larger it is, the higher the impact of
the corresponding feature on the output.

In this work, we adopt the SHAP method [20] which is
one of the most widely used approaches to assess the fea-
ture importance for both regression and classification tasks.

SHAP provides local explainability, that is, it explains indi-
vidual predictions. Global explainability insights can be
obtained by aggregating the individual explanations over a
set of data.

SHAP computes the importance of the individual features
using the optimal Shapley values introduced by L. Shap-
ley in 1953 [69] in game theory. In SHAP, the connection
between game theory and explainability is that a prediction
for an individual instance xi can be explained by conceiv-
ing the features Xi as the “players” of a “game” where the
prediction ŷi is the game “payout.” Intuitively, the different
M players of the game (features) receive different rewards,
called Shapley values φ j , depending on their contribution to
the total prediction, i.e., ŷi = φ0 + ∑M

j=1 φ j where φ0 is a
reference value (baseline) computed as the average of out-
put values. In this game-explanation analogy, the player who
contributes with the larger φ j to the total prediction is the
most important feature in the explanation.

Since the computation of the Shapley values involves
testing all the possible combinations of the features (coali-
tions of the players in the game theory) by perturbating the
instance xi , the time increases exponentially with the number
of features [70]. Thus, various approaches have been pro-
posed to estimate them efficiently, including SHAP. There
are several kinds of SHAP methods, corresponding to dif-
ferent ways of approximating the Shapely values. In this
work, we consider the widely adopted KernelExplainer vari-
ant of SHAP (KernelSHAP), as it is model-agnostic [21].
Indeed, other methods, such as TreeExplainer, result to be
more efficient but are model-specific. Algorithm 1 describes
the KernelSHAP procedure.

Notably, KernelSHAP requires a background dataset that
serves as a reference: whenever a feature is excluded from
a coalition, its value is replaced using an instance randomly
sampled from such dataset. The choice of a representative
backgrounddataset is crucial for obtaining accurate estimates
of the Shapley values. For this reason, the training set is
typically adopted for this purpose. However, it is not the
unique possible choice: a different, generally smaller, dataset
can be used at the condition of being representative of the data
distribution of the training set. In the literature, representative
objects such as medoids or centroids of clusters generated
by applying a clustering algorithm on the training set have
allowed faster estimations of the Shapley values. Additional
details on SHAP and Shapley values can be found in [70].

Federated SHAP

Let H be the number of clients involved in the federation, xi
an input instance, and f (xi ) the prediction to be explained.
In this work, the model f (·) is an MLP-NN learnt in a feder-
ated fashion. Following the setup proposed in [21], the goal
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Algorithm 1 KernelSHAP algorithm, from [70].
Require: R: reference dataset, where each instance is defined by M

features;
Require: f : predictive model;
Require: xi : instance for which the prediction f (xi ) needs to be

explained;
Output: Shapley values φ j , for j = 1, . . . , M .
1: Sample K coalitions z′k ∈ {0, 1}M , with k ∈ {1, ..., K }, from the

possible coalitions that can be generated. A value of 1 means that
the corresponding feature value is “present” and 0 that it is “absent”.

2: for k = 1, . . . , K do
3: Compute zk = hx (z′k), where hx : {0, 1}M → R

M maps
a coalition of features into the original feature space.
� For example, a coalition z′k = (0, 1, 0, 1)
is transformed into an instance zk as
follows: since the second and fourth
features are present in the coalition
z′k, the corresponding values of zk are
taken from the input instance xi. Since
the first and third features are absent in
the coalition z′k, the corresponding values
of zk are taken from an instance randomly
sampled from the reference dataset R.

4: Compute the prediction of the model f (hx (z′k))
5: Compute the weight for each z′k with the following SHAP kernel:

πx (z
′) = (M − 1)

(M
|z′ |

)|z′|(M − |z′|)

where |z′| is the number of non-zero elements in z′.
6: end for
7: Estimate the Shapley values φ j by optimizing the loss function

L( f , g, πx ) =
K∑

k=1

[ f (hx (z′k)) − g(z′k)]2πx (z
′
k) (3)

with

g(z′) = φ0 +
M∑

j=1

φ j z
′
j (4)

8: return the Shapley values φ j

is to achieve a federated explanation for f (xi ) considering
the input instance simultaneously available to all the clients.
It is worth underlining that this may be undesirable or unfea-
sible if the instance xi is subject to the privacy constraint.
Notably, in some particular scenarios, for example, if the
patients require multiple medical consultations, the instance
xi could, under specific agreements, be shared to the other
clients. Another scenario is represented by the presence of
a benchmark dataset available to research entities, with the
objective of comparing the goodness of the explainability
produced by different methods.

As discussed in Section 3.2.1, the application of the SHAP
method requires a background dataset. Typically, this is the
dataset used to train the prediction model. However, in the
federated setting, local training sets belong to different enti-

ties and cannot be shared due to privacy issues. Therefore, the
server has no reference data to be used as background. Fed-
erated SHAP proposed in [21] represents a possible strategy
to overcome this issue and to achieve federated explanations
by exploiting the additive property of the Shapley values.

In the federated SHAP procedure, first of all, each client
estimates the Shapley values using the local dataset as back-
ground dataset; then the values are transmitted to the server
that evaluates their average. In this way, the data privacy is
preserved, since the raw data are never shared. Furthermore,
it is shown that the average can be considered a good approx-
imation of the Shapley values calculated if the union of the
local training sets was available to the server.

Schematically, the overall procedure for FL with post-hoc
explainability technique entails the following steps: (i) each
participant h (with h = 1, . . . , H ) contributes to the creation
of an FL model. At the end of the federated procedure, the
federated model is made available to each participant; (ii)
given an unseen instance xi , each participant h computes the
Shapely values φ

(i,h)
j with j = 1, . . . , M , evaluating Ker-

nelSHAP locally, by exploiting the private training set as
background dataset; (iii) the Shapely values φ

(i,h)
j estimated

at participant level are transmitted to the server, which per-
forms simple averaging to obtain the federated estimation of
the Shapley values φ

(i)
j for explaining the prediction f (xi ).

Case Study: Federated Learning
for Parkinson’s Disease Progress Prediction

In this section, we describe the case study for the evalua-
tion of the Fed-XAI approaches. First, details about the PD
telemonitoring dataset are provided. Then, we describe the
experimental setup in terms of data partitioning scenarios
and evaluation strategies. Finally, we give the configurations
of the ML models adopted in the two Fed-XAI approaches
based on MLP-NN and TSK-FRBS, respectively.

The Parkinson Telemonitoring Dataset

The Parkinson Telemonitoring dataset is a well-known
regression dataset available within the UCI Machine Learn-
ing Repository [71]. The dataset is composed of 5875
instances of biomedical voicemeasurements from42patients
with early-stage PD. Data are acquired remotely during a
6-month trial. Each instance corresponds to one voice record-
ing, characterized by 22 features as reported in Table 1. The
regression task consists in predicting the total Unified PD
Rating Scale score (total_UPDRS) associated with a given
voice recording. Differently from motor_UPDRS, which is
related only to the motor symptoms, total_UPDRS is related
to the overall set of symptoms.
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Table 1 Parkinson Telemonitoring dataset description

Feature name Brief description

Subject# Patient identifier

Age Subject age

Sex Subject gender: ‘0’ - male, ‘1’ -
female

Test_time Time since recruitment into the trial

Jitter[%, Abs, RAP, PPQ5,
DDP]

Measures of variation in fundamental
frequency

Shimmer, Shimmer [dB,
APQ3, APQ5, APQ11, DDA]

Measures of variation in amplitude

NHR, HNR Two measures of ratio of noise to
tonal components in the voice

RPDE A nonlinear dynamical complexity
measure

DFA Signal fractal scaling exponent

PPE A nonlinear measure of fundamental
frequency variation

Motor_UPDRS Clinician’s score, linearly interpo-
lated

Total_UPDRS Clinician’s score, linearly interpo-
lated

Federated Learning Scenarios

In this paper, extending the preliminary analysis performed
in [15], we consider the challenging setting in which the raw
dataset is not available on a single node for centralized pro-
cessing, as in traditional ML, but it is instead scattered over
multiple physical locations, e.g., hospitals or healthcare insti-
tutions. Specifically, we simulate several scenarios featuring
10 hospitals (cross-silo FL setting), in order to evaluate the
performance of twoFed-XAI approaches under different hor-
izontal data partitioning schemes that could be encountered
in real-world situations.

In the following, we formally define the four scenarios
considered in our experimental analysis. Let Ph(x, y) be the
local distribution of input data x and associated target values
y (total_UPDRS) for the hospital h, and P(x, y) the overall
data distribution.

Scenario IID It is a simple independent and identically
distributed (i.i.d.) setting; formally,

Ph(x, y) ∼ P(x, y) ∀h ∈ {1, . . . , 10} (5)

The training data of the ten hospitals follow the same
distribution, with about 500 instances each.
Scenario NIID-Q (acronym for non-i.i.d. quantity skew).
It is a non-i.i.d. setting with quantity skew [72]: differ-
ent hospitals can hold different amounts of training data,
which follow the same overall distribution.

Scenario NIID-F (acronym for non-i.i.d. feature skew).
It is a non-i.i.d. settingwith feature distribution skew [72]
based on the age feature; formally,

Pg(x, y) �= Ph(x, y) ∀g, h ∈ {1, . . . , 10}, g �= h (6)

Each hospital contains training data from only a specific
range of ages (e.g., 56 to 57, 58 to 59, . . . , more than 75
years old). In this scenario, we aim to have training sets
with as similar amount of data as possible.
Scenario NIID-FQ (acronym for non-i.i.d. feature and
quantity skew). It is a non-i.i.d. setting with both quan-
tity skew and feature distribution skew based on the age
feature. Each hospital contains training data from only
a specific range of ages; furthermore, different hospitals
can hold different amounts of data.

The four scenarios concern different partitioning schemes
for training data. As for the testing data, we consider the
case of an external publicly available test set, valid for all the
scenarios. The test set follows the overall data distribution
(i.e., representative of all age groups) and has 588 instances.
The distribution of the training data in the four scenarios is
summarized in Table 2 and in Fig. 2.

As for the NIID-F and NIID-FQ scenarios, it is worth
underlining that other features besides age may be affected
by bias or skewness. However, this contingency still meets
the definition of feature distribution skew. Therefore, the four
scenarios enable a thorough and extensive evaluation of the
performance of the two Fed-XAI approaches based, respec-
tively, on MLP-NN and TSK-FRBS.

Evaluation Settings

Typically, the performance evaluation of a model in the fed-
erated setting is performed not only in absolute terms, but
also comparatively against two baseline settings [15, 73, 74]:
local learning and centralized learning. Figure 3 provides a
schematic overview of the three learning settings.

Federated learning (FL), local learning (LL), and central-
ized learning (CL) can be summarized for the dataset under
consideration as follows:

• FL: the hospitals collaborate in obtaining a single feder-
ated model without sharing their raw data. The privacy
of sensitive data is preserved.

• LL: each hospital locally learns a model from its private
training data. As a consequence, the privacy of sensitive
data is preserved, as in the FL case, but there is no col-
laboration among different hospitals.

• CL: training data from all hospitals are collected in a sin-
gle central repository in the server and exploited to learn
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Table 2 Local training set cardinality (N(Train)) and related age range for each hospital and each scenario

IID NIID-Q NIID-F NIID-FQ
Hospital |Ntrain | Age range |Ntrain | Age range |Ntrain | Age range |Ntrain | Age range

0 529 [36-85] 212 [36-85] 561 [36-55] 321 [36-49]

1 529 [36-85] 212 [36-85] 473 [56-57] 1099 [55-58]

2 529 [36-85] 212 [36-85] 655 [58-59] 269 [59-59]

3 529 [36-85] 212 [36-85] 487 [60-62] 275 [60-61]

4 529 [36-85] 424 [36-85] 506 [63-65] 212 [62-62]

5 529 [36-85] 636 [36-85] 380 [66-66] 886 [63-66]

6 529 [36-85] 847 [36-85] 540 [67-68] 255 [67-67]

7 528 [36-85] 844 [36-85] 428 [71-72] 713 [68-72]

8 528 [36-85] 844 [36-85] 591 [73-74] 347 [73-73]

9 528 [36-85] 844 [36-85] 666 [75-85] 910 [74-85]

a global model. CL implies indeed maximum collabo-
ration among hospitals, but violates privacy, as private
sensitive data are moved from their owner to the server.

A model learned in the FL setting is expected to be more
accurate than the ones learned in the LL setting. On the other
hand, a model learned in the CL setting can outperform the
othermodels (both LL and FL), in terms of accuracy, because
it can rely on the union of the training datasets. The CL

approach, however, is not viable in real applications where
privacy protection is a mandatory constraint.

Regression Problem and Fed-XAI Models

The PD progress prediction is formulated as a regression
problemwhere the target variable is the Total_UPDRS score.
In our experiments, we replicated the preprocessing steps
adopted in [15], namely, (i) a robust scaling using 0.025 and

Fig. 2 Barplot of the training data partitioning scheme over ten hospitals in the four scenarios. Data for different ages are represented in different
colors
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Fig. 3 Schematized
representation of the three
learning settings: a federated
learning (FL), b local learning
(LL), c centralized learning (CL)

0.975 quantiles is applied to the input features to remove
outliers and clip the distribution in the range [0,1], and (ii)
the output variable is normalized in the range [0,1].

Unlike in [15], the univariate feature selection procedure
is carried out independently for the three learning settings,
for a fair comparison of the entire regression pipelines. We
select the G = 4 best features in terms of Mutual Informa-
tion (MI) [75] with the target variable. The estimate of MI
and the subsequent feature selection is done individually by
each participant in the LL setting, based on the local train-
ing sets, and globally in the CL setting, based on the union
of the training sets. As for the FL setting, the federated fea-
ture selection procedure is schematized in Fig. 4, considering
the example of the IID scenario. Each participant computes
the MI score for all the features and transmits such infor-
mation to the server. The server computes the average MI
score for each feature and communicates the G best features
to each participant. Thereafter, the FL process starts consid-
ering only the selected subset of features. In the example of
Fig. 4 concerning the IID setting, the federated feature selec-
tion procedure selects the following features: age, test_time,
DFA, and HNR. Note that the feature importance scores of
each participant may change depending on the data distribu-
tion scenario: thus, the selected features may vary and may
generally differ from the CL setting.

The choice of the G value is guided by the following con-
siderations: a reduced number of features generally improves
the explainability task, both for post-hoc and interpretable
by-design approaches. In addition, TSK-FRBSs struggle to
handle high dimensional datasets [76]: the set of candi-
date rules grows exponentially with the number of features,
thus jeopardizing the accuracy and the interpretability of the
system. We have verified that G = 4 ensures a good gen-
eralization capability for both models and an increase in the
number of features does not lead to a significant improvement
in performance.

In our experiments, for each data distribution scenario, we
trained a TSK-FRBS and an MLP-NN according to FL, LL,

and CL settings. The experimental analysis is approached
from a twofold perspective: model accuracy and model
explainability. We assess the accuracy of the predictions
obtained by the regression models as in [15] by using two
popular metrics, namely Root Mean Squared Error (RMSE)
and Pearson correlation coefficient (r ). They are defined as
follows:

RMSE =
√√√√ 1

N

N∑

i=1

(yi − ŷi )2 (7)

r =
∑N

i=1(yi − ȳ)(ŷi − ¯̂y)
√∑N

i=1(yi − ȳ)2
√∑N

i=1(ŷi − ¯̂y)2
(8)

where N is the number of samples considered for the evalua-
tion, and yi and ŷi are the ground truth value and the predicted
value associated with the i-th instance, respectively. Finally,
ȳ is the mean of ground truth values, and ˆ̄y is the mean of the
predicted values. Obviously, the goal is to minimize RMSE
and maximize r .

It is worth underlining that the evaluation of an FL sys-
tem typically covers other aspects besides accuracy such as
computation and communication efficiency. These aspects,
however, represent often crucial requirements or potential
bottlenecks in cross-device FL, with many devices featuring
limited computational resources [77]. In a cross-silo FL sce-
nario, as the one considered in this work, such aspects are
generally deemed less critical.

Interpretable By-design Fed-XAI: TSK-FRBS Configuration

As in [15], we employ a first order TSK-FRBS model
(described in Section 3.1). We adopt a strong uniform fuzzy
partition on the features with five triangular fuzzy sets, as
shown in Fig. 1. The choice of five fuzzy set is driven by
the indication of the specialized literature and by the pur-
suit of a reasonable trade-off between model complexity
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Fig. 4 A schematic overview of
the federated feature selection
procedure. The example
concerns the IID scenario

and generalization capability. The number of linguistic terms
associatedwith a linguistic variable should be below the limit
of 7 ± 2 [78]. Indeed, it has been shown that this represents
a threshold for information processing capability, and thus
exceeding it undermines the interpretability of the system
[79]. With the aim of describing linguistically a given rule,
the five fuzzy sets can be labeled with the following lin-
guistic terms: VeryLow, Low, Medium, High, and VeryHigh.
Furthermore, it should be noted that different features may
be partitioned using a different number of fuzzy sets, e.g., by
exploiting domain knowledge to enhance understandability.
Although this represents an interesting future development,
we did not conduct extensive hyperparameters optimization.
Rather, we verified in the CL setting that beyond 5 fuzzy
sets, there is a substantial increase in model complexity,
without significant improvement in terms of performance
metrics. The choice of 5 fuzzy sets ensures a high linguistic

interpretability and represents a reasonable trade-off between
model complexity and generalization capability.

Post-hoc Explainable Fed-XAI: MLP-NN Configuration

The MLP-NN consists of two hidden layers with 128 neu-
rons, each with the ReLu activation function. The Mean
Squared Error (MSE) is adopted as loss function and Adam
as optimizer. The minibatch size is set to 64. The overall
number of epochs is set to 100 in the CL and LL settings.
In the FL setting, we set the number of local epochs and the
number of rounds as 5 and 20, respectively. We have not per-
formed a thorough optimization of hyperparameters for each
learning setting and each data distribution scenario individ-
ually; however, we have empirically observed that a further
increase in the capacity of the models in terms of number
of layers, number of neurons, and training epochs does not
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lead to a significant increase in the generalization capability
of the MLP-NN.

Analysis of the Experimental Results

Table 3 presents the RMSEs and r coefficients obtained by
the TSK-FRBS and MLP-NN models for all the learning
settings and the data distribution scenarios. As regards the
LL setting, we report the average values± standard deviation
obtained by the models learned locally in each participant.
In the table, we have highlighted in bold the best results for
each row, considering the comparison between TSK-FRBS
andMLP-NN.Notably, in certain cases, the result is obtained
from a distribution of values and is expressed in terms of
mean and standard deviation: this occurs in the LL setting
when ten local models are evaluated on the test sets and,
regardless of the learning setting, when performance metrics
are evaluated on ten training sets from as many hospitals.
In such cases, we highlighted in bold the best result only if
there exists a statistical difference in metrics values between
TSK-FRBS and MLP-NN. The statistical significance has
been assessed through a pairwise Wilcoxon signed-rank test
[80] with confidence level α = 0.05.

In general, federated models outperform the local coun-
terparts, both in terms of RMSE and r . The benefit of FL over
the LL setting is particularly evident for the TSK-FRBS and
especially in the non-i.i.d. settings.

Federated TSK-FRBS and federated MLP-NN achieve
comparable performances. The most noticeable difference
occurs in theNIID-F setting, inwhich the twometrics provide
diverse insights: on one hand, RMSE indicates that the devia-
tion of predictions from true values is lower for theMLP-NN
(10.268) compared to the TSK-FRBS (16.848); on the other
hand, predictions and true values are more correlated for
TSK-FRBS (r = 0.461) than for MLP-NN (r = 0.205).

The non-i.i.d. setting with quantity skew (NIID-Q) does
not harm particularly the performance of the models: RMSE
and r values are comparable to those of the IID setting, for

both TSK-FRBS and MLP-NN. In the case of TSK-FRBS,
the simple average of the performances measured on the
training sets shows poor performance for the LL setting,
where some models likely suffer from low data availability.
The aggregation strategy based on the rule weight (defined
as a combination of confidence and support) ensures that this
unfavorable situation is mitigated in the FL setting.

Scenarios with feature distribution skew (NIID-F and
NIID-FQ) turn out to be the most challenging for both mod-
els. The generalization capability of models built in the LL
setting is rather poor, due to exposure to data from a limited
age range during training: both TSK-FRBS and MLP-NN
perfectly model the training data (resulting in low RMSE
values and an r coefficient around 0.9 on training sets) but
fail in properly predicting the total_UPDRS score of the test
instances (resulting in high RMSE and low r ). Discrepancy
inRMSEand r values between training and test sets is notice-
able in the LL setting, whereas it is limited or negligible in
the FL setting.

It isworth highlighting that the performances in the FL set-
ting are always worse than those obtained in the CL setting,
both for TSK-FRBS and MLP-NN. In general, the central-
ized MLP-NN is able to achieve the best performance with a
slight improvement in terms of RMSE and r over the central-
izedTSK-FRBS.The superior performanceof the centralized
model can be attributed to the utilization of all data for con-
ventional training. However, it is deemed unfeasible when
privacy preservation represents a critical requirement.

The results in Table 3 provide an aggregate view of the
LL setting. A better understanding of the outcomes can be
gained by analyzing the specific performance obtained in
each hospital: such detailed results are illustrated in Figs. 5
and 6 through the empirical cumulative distribution function
(ECDF) for the RMSE metric.

For both models, the ECDF is reported for the values of
the difference, for each hospital, of the RMSE achieved in
the FL setting and the 10 locally computed values of RMSE
obtained in the LL setting: each plot, therefore, is made up of
10 points. The plot can be interpreted as follows: if a point lies

Fig. 5 TSK-FRBS: empirical cumulative distribution function (ECDF) of the differences of RMSE scores between FL and LL for the four data
partitioning schemes
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Fig. 6 MLP-NN: empirical cumulative distribution function (ECDF) of the differences of RMSE scores between FL and LL for the four data
partitioning schemes

in the negative half-plane (negative RMSE difference), then
the RMSE value of the FL model is lower (and therefore the
FL model is better) than the RMSE value of the LL model.
The fine-grained analysis shown in Figs. 5 and 6 confirms
that the FL setting generally outperforms the LL setting.

Finally, we report on the overall complexity of themodels,
whichwill be further discussed in Section 6. In the case of the
MLP-NN, the network architecture is fixed: the complexity,
intended as the number of parameters, does not change with
the learning setting. In the case of TSK-FRBS, the complex-
ity can be assessed in terms of the number of rules in the rule
base. Figure 7 shows the complexity for each data distribu-
tion scenario and each learning setting.

The number of rules of the federated TSK-FRBS never
exceeds, by construction, that of the centralized TSK-FRBS,
which in any case is limited (433 rules). As expected, the
federated TSK-FRBS is more complex than locally learned
ones. In the IID and NIID-Q scenarios (in which each hospi-
tal has data representative of the entire distribution), the 10
local models have approximately half the number of rules of
the federated ones, indicating that common antecedents are
often found in the rule aggregation phase. The complexity of
locally learned TSK-FRBSs in the presence of feature dis-
tribution skew (NIID-F and NIID-FQ) is significantly lower
than the one in IID setting, and the gain in accuracy provided
by the federated models comes at a cost in terms of number
of rules, which is approximately five times higher.

Explainability Analysis

The extensive adoption of AI systems in the healthcare field
depends not only on the achievement of adequate levels of
accuracy, but also on how much they are perceived to be
trustable. In particular, the ability to explain how the out-
comes have been produced by the models is more and more
required and represents the main driver of XAI. This section
discusses the aspect of transparency of AI systems, focus-
ing on how it is defined for the two Fed-XAI approaches
analyzed in this paper. First, we analyze the explainability
of the MLP-NN model, in which SHAP is used as post-hoc
method. Then, we discuss the interpretability by-design of
the TSK-FRBS. We consider models built in a federated
fashion according to the IID data partitioning scheme: the
discussion of the outcomes is limited to such case, but the
pipeline for explainability analysis can be easily replicated
for anydata distribution scenario. Furthermore,we recall that
all the input variables and the output variable are normalized
in the unit interval [0, 1]: the considerations in this section
refer to the predicted values before inverse transformation.

Post-hoc Explainability of MLP-NN

In this section, we discuss the explainability of the MLP-
NN after the application of the agnostic post-hoc method
SHAP. We recall that, given an input instance, the Shapley

Fig. 7 Number of rules of the TSK-FRBS for each learning setting and each data partitioning scheme. Error bar represents the standard deviation
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value associatedwith each feature represents the contribution
given by such feature to the predicted value. In this sense, for
each prediction, SHAP explains why the model produces a
particular output.

We adopt the Federated SHAP approach proposed in [21]
and introduced in Section 3.2.2. KernelSHAP is employed
in each hospital to estimate the Shapley values considering
the full local training set as background dataset.

It is worth underlining a first crucial aspect concerning the
explainability of MLP-NN: unlike interpretable-by-design
Fed-XAI approaches, the post-hoc method affects the over-
all efficiency of the systems, both from a computation and
a communication point of view. As for the former aspect,
the estimation of the Shapley values with KernelShap is time
consuming and the runtime increases with the number of fea-
tures and the size of the adopted background dataset [70]. As
for the latter aspect, Federated SHAP introduces a commu-
nication overhead, as Shapley values need to be transmitted
by the participants for central aggregation. Conversely, the
interpretable-by-design TSK-FRBS has no computation and
communication overhead for generating the explanations.

MLP-NN: Global Insights

Globally, anMLP-NN is generally considered “opaque,” due
to the presence of several layers of non-linear information
processing. In our case, the structure consists of two hid-
den layers with 128 neurons, resulting in 17,281 trainable
parameters. The high number of parameters and the relations
among these parameters make very hard to provide a global
explanation of the model. Thus, indirect methods based, for
instance, on feature importance are typically used to provide
global explainability information [3].

As Shapley values represent additive feature importance
scores for each particular prediction, the overall feature
importance can be assessed by computing the average of the
absolute Shapely values across the data [70]. Of course, the
larger the average absolute value of the contribution given
by a feature, the greater the importance of that feature. The
assessment of the feature importance of a model is typically
independent of the test data. In the case of the MLP-NN, it
can be estimated as follows. First, each hospital h evaluates
the importance I of the feature i on its training data:

I (MLP)
j,h = 1

Nh
·

Nh∑

i=1

|φ(i,h)
j | ∀ j ∈ {1, . . . , M}. (9)

where φ
(i,h)
j is the Shapely value for a feature j and a training

instance i at hospital h, and Nh is the size of the training set at
hospital h. Then, each client can transmit locally computed
features importance to the server, and the overall features

Fig. 8 Feature importance scores for the MLP-NN

importance for the federated model can be computed by the
server as follows:

I (MLP)
j =

H∑

h=1

Nh

N
· I (MLP)

j,h ∀ j ∈ {1, . . . , M}. (10)

where H is the number of hospitals and N = ∑H
h=1 Nh .

Figure 8 shows the global feature importance scores for
theMLP-NN, as per (10): in the IID setting, themost relevant
feature is age, while test_time seems to be less relevant than
vocal features, namely DFA and HNR, which in turn are of
similar relevance.

MLP-NN: Local Insights

Figure 9 reports the SHAP values for two instances of the test
set; they correspond to two cases where both models (MLP-
NNandTSK-FRBS) obtain high and low errors, respectively.
The absolute error (AE)made by theMLP-NN is around 0.55
for instance #2496 and around 0 for instance #2323.

The Shapley values reveal, a-posteriori, the relevance of
the corresponding features in the prediction performed by
the model: as expected, they are different when considering
different instances. In the former case (Fig. 9a), age has lit-
tle negative influence, while the other features have a large
and positive impact on the output value. In the latter case
(Fig. 9b), the most influential feature is test_time, which has
a negative impact on the output. Notably, the SHAP values
for individual features are evaluated, for both instances, with
respect to the same baseline value φ0 = 0.46.

Interpretability By-design of TSK-FRBS

TSK-FRBSs are often considered as “light gray box”models
[81]: their operation is highly interpretable, since they consist

123

3066 Cognitive Computation (2024) 16:3051–3076



Fig. 9 MLP-NN local
explainability: Shapley values
for two instances in the test set.
The absolute error for each
instance is reported along with
the baseline value

of a collection of linguistic, fuzzy, if-then rules. However, in
the first-order TSK-FRBSs used in this paper, the adoption
of a linear model in the consequent part, which certainly
improves the accuracy with respect to the zero-order TSK-
FRBS, makes the interpretation of a single rule less intuitive
than the zero-order counterpart.

A substantial difference with respect to the MLP-NN
model analyzed in Section 6.1 is that interpretability infor-
mation is given without additional overhead in terms of
computation and communication (as it is the case for the
calculation of Shapley values on the MLP-NN model).

The following analysis aims to characterize both global
and local interpretability of TSK-FRBS learnt in a federated
fashion.

TSK-FRBS: Global Insights

The global interpretability of TSK-FRBSs can be quantita-
tively assessed by measuring the complexity of the system in
terms of the number of rules and/or parameters. Less complex
models, i.e., those with fewer rules, can be generally consid-
ered more interpretable [66]. Figure 7 reports the number
of rules for each learning setting and each data partitioning
scenario. As underlined in Section 5 for the IID case, the
number of rules in the FL setting is rather limited (i.e., 397)
and just double that in the LL case (despite the presence of
10 participants).

The model is therefore comprehensively described by the
rule base, which can be represented in the intelligible form
reported in the following.

R1 : IF age is VeryLow & test_time is VeryLow & DFA is

VeryLow & HNR is High

THEN : total_UPDRS = −0.357 + 2.48 · age − 0.51·
test_time − 0.59 · DFA + 0.75 · HNR

. . .

R397 : IF age is VeryHigh & test_time is VeryHigh & DFA is

VeryHigh & HNR is Medium

THEN : total_UPDRS = 2.46 − 1.31 · age − 1.10

· test_time + 0.11 · DFA + 0.09 · HNR
The number of parameters of a rule in a TSK-FRBS can

be estimated as follows, considering the presence of four
input variables: it is given by the sum of four parameters for
the antecedent part (one for each input variable, to identify
a fuzzy set of the a-priori partitioning) and five parameters
for the linear model of the consequent part. Ultimately, the
considered TSK-FRBS has 3573 parameters overall.

In the case of TSK-FRBS, a measure of feature impor-
tance can be obtained by averaging the absolute values of the
coefficients of the linear models in the rule base. Formally,
the importance I of the feature j is evaluated as follows:

I (T SK )
j = 1

Nrule
·
Nrule∑

r=1

|γr , j | ∀ j ∈ {1, . . . , M}. (11)

where γr , j is the coefficient for the variable j in the rule r .
Figure 10 suggests that feature importance computed for

the TSK-FRBS model is consistent with the one computed
for theMLP-NN by the SHAPmethod in the IID setting. Age
and test_time are identified as the most and the least relevant
features, respectively. Furthermore, the importance of HNR
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Fig. 10 Feature importance scores for the TSK-FRBS

and DFA is similar, consistently with what is observed for
the MLP-NN.

A direct comparison of the importance values between
Fig. 8 (MLP-NN) and 10 (TSK-FRBS) is not meaningful.
Indeed, in the case of MLP-NN, Fig. 8 shows the average
absolute contribution for each feature with respect to the
baseline value. In case of TSK-FRBS, Fig. 10 represents the
average absolute value of the coefficients of the linearmodels
used in the case of TSK-FRBS.

It is worth underlining that model-agnostic nature of
SHAP can be exploited to compute post-hoc explanations
also on theTSK-FRBSmodel. Thus,we can directly compare
the feature importance obtained by averaging the absolute
values of the coefficients of the linear models in the rule base
and reported in Fig. 10, with that obtained by averaging the
absolute Shapely values across the data for TSK-FRBS (9)
and (10). The latter approach results in the scores reported
in Fig. 11.

Fig. 11 Feature importance scores for the TSK-FRBS evaluated in
terms of Shapley values

It is interesting to note that age and test_time are still iden-
tified as the most and least important features, indicating a
summary agreement among the results obtained with differ-
ent important attributionmethods in the IID scenario. There is
a discrepancy, on the other hand, between the relative values
of DFA and HNR, possibly because the two approaches esti-
mate importance values with different criteria. Furthermore,
it isworth noting that feature importance scores computed for
TSK-FRBS using SHAP are consistent with those computed
for MLP-NN and shown in Fig. 8, also in terms of range of
values.

The identification of age as the most important feature
regardless of the model and the attribution method adopted
is not surprising. First, in the IID scenario, each hospital can
have data for all age ranges and therefore the feature entails
a high variability. Second, such evidence is reflected in the
specialized literature, which indicates that age is the best pre-
dictor of the progression of Parkinson’s disease and the most
important risk factor for the development of the disease [82].

TSK-FRBS: Local Insights

The interpretability of the TSK-FRBS derives from its struc-
ture and the type of inference strategywe use. Indeed, for any
given input instance, the predicted output depends on a sin-
gle rule: the antecedent part isolates a region (a hypercube)
of the input space, where its consequent part defines a local
linear model. The coefficients of this model indicate how the
input features contribute to form the TSK-FRBS output in
that region: a positive (negative) coefficient for a given fea-
ture indicates that the output increases (decreases) with that
feature. Notably, all instances belonging to that region will
refer to the same linear model.

Given an instance xi and a rule r , which is the one with
the maximum strength of activation for xi , the actual con-
tribution of each feature to the prediction ŷi is obtained as
γr , j · xi, j . In other words, contributions are obtained as the
element-wise product between the coefficients of the linear
model and the feature values of an instance. Figure 12 reports
both the feature contributions and the coefficients of the lin-
ear model of the TSK-FRBS for the same two instances of
the test set analyzed in the case of the MLP-NN (instances
#2496 and #2323).

The two instances activate different rules: as a consequ-
ence, the contributions are significantly different. Furthermore,
in general, the contributions are reduced compared to the coef-
ficients, since each feature is normalized in the unit interval.

Local Explanations: Comparison Between TSK-FRBS
andMLP-NN

A relevant outcome can be drawn by comparing the barplots
of Figs. 9 and 12: although the absolute errors are simi-
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Fig. 12 TSK-FRBS local
explainability: coefficients of
the linear model and actual
feature contributions for two
instances in the test set. The
absolute error for each instance
is reported above the relevant
plot along with the ID of the
rule considered for the
prediction and the term γ0 of the
linear model

lar (we have verified that the predicted values are similar
as well), the two models “reason” differently and assign
different—sometimes diametrically opposed—contributions
to the features, also because the term γ0 is different from the
baseline value of SHAP.

To better examine this aspect, we focus on a set of
instances and analyze the explanations provided by the two
models. Specifically, we consider the instance resulting in a
high AE for both models (ID #2496) and all the instances of
the test set that activate the same rule (namely, R223) of the
TSK-FRBS. In this way, we isolate four instances (ID #827,
ID #2266, ID #2496, ID #5146) which are inevitably close
to each other in the input space.

The local interpretability of the TSK-FRBS is straight-
forward: predictions are obtained by applying the following
rule:

R223 : IF age is Medium & test_time is High & DFA is Medium

& HNR is Medium

THEN : total_UPDRS = 0.91 + 0.01 · age + 0.10·
test_time − 0.62 · DFA − 0.33 · HNR

In the case of MLP-NN, the prediction is explained
through the Shapley values: Fig. 13 shows the contributions
for the MLP-NN considering the four instances of the test
set that activate rule R233 of the TSK-FRBS system.

It is evident that the Shapley values for the MLP-NN vary
greatly even though the instances are fairly close in the input
space: as an example, age has a negative contribution for
ID #827 and a positive one for ID #5146. For this reason,
it is equally evident that a correspondence cannot be found
between the explanations offered by SHAP for the MLP-NN
and the interpretation of the linear model of the TSK-FRBS.
For example, SHAP always assigns a positive contribution
to DFA, while the relevant coefficient is negative for TSK-
FRBS.

As noted above, the divergence in explanations between
TSK-FRBS andMLP-NN in the IID scenario does not corre-
spond to a divergence in output values. We have verified that
the predicted outputs are similar (and indeed the reported
AE values are similar): different models, which achieve
similar results, lead to different explanations from a local
point of view. This is not to be considered odd: our anal-
ysis entails different feature importance methods (inherent
and post-hoc) and different models (TSK-FRBS and MLP-
NN, respectively). Actually, it has been empirically shown
that the feature importance score may suffer from numeri-
cal instability (when model, instance and attribution method
are the same), solution diversity (if different models are con-
sidered, but on the same instance with the same attribution
methods), or disagreement problem (if different attribution
methods are considered, but on the same instance and the
same model) [83]. These scenarios are due to the so-called
Rashomon effect [84], whereby for a given dataset there may
exist many models with equally good performance but with
different solution strategies.

Consistency of Explanations

As mentioned in Section 2.3, the property of consistency in
the FL setting, introduced in [60], is met if different partic-
ipants receive the same explanation of an output obtained
with the federated model given the same data instance.

Evidently, for all the different operative scenarios dis-
cussed in this paper, the explanations for the federated
TSK-FRBS are consistent: any local explanation obtained
in a given hospital depends only on the input instance and on
the activated rule of the federated model.

Conversely, the approach proposed in [21] and adopted in
this work as post-hoc technique for the MLP-NN explain-
ability does ensure the consistency of the explanations only

123

3069Cognitive Computation (2024) 16:3051–3076



Fig. 13 Shapley values calculated for the MLP-NN model on the instances in the test set that activate rule R233 of the TSK-FRBS. The absolute
error (AE) for each instance and for each model is reported above the relevant plot

in the situation where the test instances are shareable to all
the clients. The local explanation obtained in a given hospi-
tal, in fact, depends not only on the input instance and the
federated MLP-NN, but also on the background dataset used
for estimating the Shapley values. Since each hospital has its
own private dataset, the Shapley values for the same input
instance may differ, in general, from one hospital to another.
The Federated SHAP approach allows obtaining an explana-
tion for each test instance by averaging the local explanations
from different hospitals. On one hand, this ensures that a
unique and unambiguous explanation is obtained. On the
other hand, this requires that any test instance is shared with

other hospitals at inference time, which may be problematic
due to privacy and/or latency issues.

In the following, we quantitatively assess the misalign-
ment of client-side explanations obtained with SHAP for the
MLP-NN, before applying the averaging operation that char-
acterizes Federated SHAP.We consider an input test instance
(ID# 2496, discussed also in the previous examples) and
suppose that it is available at every hospital. Specifically,
we evaluate how the prediction for such instance would be
explained on different clients, in case that sharing Shapley
values for averaging is precluded for privacy reason.
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Fig. 14 Shapley values for the
MLP-NN for instance ID #2496
for each hospital. IID Scenario

Figure 14 reports the Shapley values for each hospital and
each feature in the IID scenario.

The barplot suggests that the explanations are consistent
in the IID scenario, albeit showing some slight variability,
which is reasonable since the background datasets are iden-
tically distributed. Indeed, explanations are in line with the
average pattern reported in Fig. 14c.

The variability among client-side explanations turns out
to be substantial in non-i.i.d. scenarios. Figure 15 shows the
Shapley values for the same instance for each hospital and
each feature when considering the NIID-FQ scenario. We
recall that such scenario entails both a quantity skew and
a feature skew on the age feature. Furthermore, it is worth
mentioning that the feature selection process is part of the
FL pipeline. As a consequence, the set of selected features
depends on the data distribution scenario: this explains the
presence of different features compared to the IID case, with
Jitter(Abs) replacing HNR.

Figure 15 suggests that the misalignment of explanations
is severe, especially for the contribution assigned to the age
feature by different hospitals. The relevant Shapley value
goes from negative in hospitals with younger patients to posi-
tive in hospitals with older patients. Probing the globalmodel
with data from heterogeneous distributions results in a differ-

ence also in the importance assigned to the DFA feature. In
summary, the same instance, analyzed with the same model,
is explained in very different ways on different hospitals.
Thus, the property of consistency among explanations is not
achieved.

The consistency of SHAP explanations in the FL setting
can be achieved by avoiding the use of private training data
as background: Chen et al. [63], for example, propose to
use synthetic background datasets generated sampling from
a Gaussian distribution whose parameters are estimated on
the server side based on the contributions of all participants.
However, such explanations may be different from those
obtained using actual training data. Ensuring both consis-
tency and accuracy of explanations, intended as agreement
with the centralized case, is one of the interesting future
developments of this work.

Conclusions

In this paper, we have addressed the problem of develop-
ing a trustworthy AI system for a healthcare application,
with specific focus on a Parkinson’s disease (PD) progres-
sion prediction task. For this purpose, we designed two

Fig. 15 Shapley values for the
MLP-NN for instance ID #2496
for each hospital. NIID-FQ
scenario
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approaches that simultaneously meet the requirements of
data privacy preservation and explainability, which are usu-
ally deemed crucial for enabling trustworthiness. The first
approach adopts a Takagi-Sugeno-Kang Fuzzy Rule-Based
system (TSK-FRBS),which is interpretable by-design. TSK-
FRBSs make use of fuzzy sets as information granules,
thus guaranteeing high semantic interpretability. The second
approach employs aMulti Layer Perceptron Neural Network
(MLP-NN): as a “black-box” model, it requires the adoption
of a post-hoc technique for explainability purposes. In this
paper, we have adopted SHAP, which is considered as a state
of art feature importance explainability method.

For both approaches, the federated learning (FL) paradigm
has been exploited as it inherently enables privacy preserva-
tion during globalmodel training procedures in decentralized
settings. In detail, we devised an experimental setting assum-
ing that sensitive data originate from ten hospitals and cannot
be shared for privacy reasons. In order to cover several
real-world situations, four (one i.i.d. and three non-i.i.d.) sce-
narios with different degrees of heterogeneity are simulated.

The critical analysis of the two approaches has concerned
the following aspects: (i) the accuracy of themodels, in terms
ofRootMeanSquaredError (RMSE) andPearson correlation
coefficient r , depending on the learning setting (federated
learning, local learning, centralized learning) and the four
data distribution scenarios, and (ii) the explainability of the
models at global and local levels.

The key findings can be summarized as follows. From the
perspective of performance metrics, results highlight that the
federated models are able to outperform the ones learned by
using only local data, both in terms of RMSE and r val-
ues, hence highlighting the benefits of the federation. This
is particularly evident in the non-i.i.d. settings. Also, results
suggest that federated TSK-FRBS and federated MLP-NN
achieve comparable performance, within the context of the
considered case study.

As regards explainability, we have presented the results of
the post-hoc explainability of MLP-NN and of the by-design
interpretability of TSK-FRBS, also providing a compara-
tive analysis of the two approaches. It turns out that the two
approaches can lead to different local explanations, even if
the underlying models achieve similar results in terms of
regression metrics. A first major difference between the two
approaches lies in their nature: the TSK-FRBS model pro-
vides insights about “how” an outcome is obtained, whereas
the post-hoc method provides insight about “why” an out-
come is provided. Consequently, a qualitative comparison is
more reasonable than a quantitative one.We have to take into
account, however, that if a model is able to provide a glimpse
on how an outcome has been obtained, implicitly it is also
making manifest why that outcome has been computed from
the inputs.

More precisely, the TSK-FRBS is a collection of linguis-
tic if-then rules: its global interpretability is usually assessed
in terms of the number of rules and/or parameters: a lower
number of rules corresponds to systems considered more
interpretable.An equivalent global picture is not immediately
available in the case of MLP-NN: the adoption of the SHAP
method enables local explainability (i.e., it explains individ-
ual predictions), and a global explainability indication can be
obtained in terms of feature importance, by aggregating the
individual explanations over a set of data. The comparison of
the feature importance obtained for theMLP-NN (as the aver-
age of the absolute Shapley values) and for the TSK-FRBS
(as the average of the absolute values of the coefficients of the
linear models in the rule base) in the IID setting reveals a fair
agreement: both methods identify age as the most important
feature and test_time as the least important one.

Local explanations of the two approaches convey inher-
ently different messages. For the MLP-NN, the Shapley
values represent the importance of each feature to each pre-
diction with respect to a baseline value, computed as the
average output value. For the TSK-FRBS, the predicted out-
put depends, in our setting, just on the mostly activated rule:
the antecedent part isolates a region of the input space and is
expressed using linguistic terms associated with fuzzy sets
(information granules), whereas its consequent part defines a
local linear model whose coefficients indicate how the input
features contribute to form the output. Focusing on a specific
region of the input space, corresponding to the one isolated
by the antecedent of a rule in the TSK-FRBS, we have eval-
uated the explanations provided by the two models for the
instances located within that region. As expected, the expla-
nations obtained with SHAP for the MLP-NN are generally
different for the different instances and do not match what is
expressed by the relevant rule of the TSK-FRBS. In essence,
different models, which produce similar outputs and achieve
similar overall results, lead to different explanations from a
local point of view.

Finally, it is worth underlining that the property of consis-
tency holds for the federated TSK-FRBS: for the same input
data, different participants get the same explanation from the
common federated model. In the case of the SHAP post-hoc
technique, this is not as straightforward: if participants use
their local training data as background dataset for the estima-
tion of the Shapley values, the feature importance scores are
necessarily different; if the federated SHAP strategy of aver-
aging locally computed Shapley values is adopted, a single
value is obtained. This ensures consistency of explanation but
requires that the privacy preservation constraint is relaxed at
test time.How to achieve consistency of post-hoc explanation
and simultaneously to ensure privacy preservation represents
an interesting future development of this work.
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Overall, the Fed-XAI approach offers remarkable poten-
tial and can have important practical implications in high-
stake applications such as healthcare: in this domain, in fact,
data centralization for ML model training is not only diffi-
cult to implement from a technical perspective, but it also
raises ethical concerns related to privacy and is subject to
limitations imposed by regulatory policies. On one hand, FL
removes the need for data centralization while still allowing
ML models training to benefit from ample and diverse data,
which is crucial to address urgent challenges such as health
disparities, under-served populations, and rare diseases [85].
On the other hand, the adoption of XAI tools endow the AI
system with the capability of explaining its decisions, which
is paramount in these kinds of applications.

We have discussed strengths and weaknesses of the two
federated approaches for learning XAI models. In the future,
we aim to enrich the comparative analysis with an additional
level of assessment by collecting feedbacks on explainability
from human experts (e.g., physicians) and by considering
other case studies.
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