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Abstract—Pathological speech recognition is challenging be-
cause clinical datasets are scarce, variable, and subject to strict
privacy constraints preventing cross-institutional data sharing.
These regulations necessitate federated learning (FL) for col-
laborative training without sharing raw data. However, FL
degrades under non-IID data. Hard-clustering FL addresses this
by partitioning clients into groups but imposes rigid boundaries,
discards boundary samples, and suffers performance drops
as cluster numbers increase. We propose Fuzzy Cluster-Based
Personalized Federated Learning (FCPFL), using fuzzy C-means
to softly group clients and pseudo-label-guided feature selection
to identify discriminative features. FCPFL weights client updates
by membership degree, allowing boundary samples to participate
in multiple clusters and increasing training data by 25%.
Experiments show FCPFL reduces word error rate (WER) by
4.82% and 1.74% on ADReSS and TORGO, compared to hard-
clustered FL baselines.

Index Terms—Federated learning, pathological speech recog-
nition, fuzzy clustering, feature selection, Alzheimer’s disease,
dysarthria, automatic speech recognition

I. INTRODUCTION

Automatic speech recognition (ASR) excels on standard
benchmarks [1]-[3], but on pathological speech, word error
rates are 2-5x higher due to articulatory imprecision, prosodic
irregularities, and atypical acoustics [4]-[6]. Deploying ASR
in clinical settings faces two challenges. First, privacy: clinical
speech is spread across hospitals with regulations preventing
raw-data sharing [7]-[9]. Second, heterogeneity: pathological
speech varies by disorder (e.g., Alzheimer’s, dysarthria), sever-
ity, and recording conditions, yielding highly non-IID data
distributions that hinder generalization [8], [10].

Federated Learning (FL) is particularly well-suited for
clinical speech applications because strict privacy regulations
prohibit sharing raw audio or transcripts across hospitals
and research institutions. By exchanging only model updates,
FL enables collaborative training without exposing sensitive
data [7], [8], [11], [12]. However, standard FL algorithms such
as FedAvg [1] and FedProx [13] still struggle when client data
are non-IID, exhibiting slower convergence and higher error
rates as label distributions diverge [1], [13]-[15].

Because pathological speech data vary not only by disorder
type but also by disease progression and recording conditions,
several strategies have emerged to mitigate heterogeneity.
FedProx adds a proximal term to mitigate client drift but can-
not capture multimodal cluster structures in disease-affected
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speech [13], [14], [16]. Personalized FL methods like FedMeta
improve local adaptation but often ignore continuous severity
gradients and offer limited clinical insights [10], [17], [18].

As an alternative, hard clustering—based FL methods group
clients with similar characteristics for separate aggregation.
In medical imaging, several studies have partitioned hospi-
tals [19] or imaging devices [20] into fixed clusters to mitigate
domain shifts. These approaches deliver benefits when the
chosen cluster count matches true data heterogeneity but per-
form poorly if it does not [7]. Similarly, in disordered speech
recognition, Hsu et al. applied the CharDiv metric to cluster
dysarthric clients and achieved modest WER improvements on
ADReSS [4], [21]. Nevertheless, hard clustering presupposes
a fixed number of clusters, enforces rigid boundaries that
discard samples near cluster edges, and relies on an English-
specific metric—restricting its applicability across languages
and diverse pathological conditions [4], [5], [10]. Therefore, a
soft clustering mechanism that preserves boundary information
and privacy remains necessary.

To address these challenges, we propose Fuzzy Clus-
ter—Based Personalized Federated Learning (FCPFL). FCPFL
uses Fuzzy C-Means (FCM) to compute soft membership
degrees over client feature distributions, allowing each client’s
update to be weighted by its similarity to multiple cluster
centroids and thus providing smooth adaptation to severity
gradients [22]-[24]. Concurrently, we perform FCM-weighted
pseudo-label feature selection. Moreover, we introduce mem-
bership scores guide pseudo-labels assignment to unlabeled
feature vectors, enabling identification of a compact set of
highly discriminative acoustic-linguistic features for each soft
cluster. This leverages the success of pseudo-labeling in semi-
supervised audio tasks [25]-[27].

Our work makes three main contributions. First, we in-
troduce a soft-clustering personalization framework in which
a fuzzy-membership aggregation scheme captures continuous
heterogeneity without requiring a fixed number of clusters.
Second, we develop an FCM-guided pseudo-label feature-
selection procedure that dynamically extracts feature subsets
tailored to each soft cluster, thereby enhancing both inter-
pretability and model efficiency [28]. Third, we conduct com-
prehensive federated experiments on the ADReSS [21] and
TORGO [29] corpora, demonstrating relative WER reductions
of 4.82 % and 1.74 % compared to hard-clustered FL baselines.
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Fig. 1. The Fuzzy Cluster-Based Personalized Federated Learning (FCPFL) framework architecture.

II. RELATED WORKS
A. Federated Learning for ASR

Federated Learning (FL) enables collaborative ASR train-
ing without sharing raw data [30], [31]. However, under
severe non-IID conditions—such as differing pathology sever-
ities—standard algorithms like FedAvg suffer from degraded
convergence and reduced accuracy [8], [14], [32].

B. Hard Clustering FL for Pathological Speech

To address the extreme heterogeneity of pathological
speech, several federated learning approaches partition clients
into disjoint clusters and train separate models for each group.
While Clustered Personalized Federated Learning (CPFL) [4]
clusters dysarthric speakers using CharDiv and demonstrates
modest WER reductions on ADReSS, its effectiveness is
constrained by a reliance on predefined cluster counts, rigid
group boundaries, and language-specific metrics.

Similarly, Li et al. [33] proposed a hierarchical multi-cluster
FL framework (FedMP) to handle diverse client populations.
Although FedMP improves personalization by assigning each
client to a single hard cluster, it does not account for severity
levels in pathological data, which limits flexibility and results
in unstable performance as the number of clusters increases.
These issues highlight the fragility of hard clustering under
non-1ID conditions, particularly when client characteristics
span continuous spectrums or evolve over time [34].

C. Fuzzy Clustering in FL and Medical Domains

Fuzzy C-Means (FCM) overcomes hard boundaries by as-
signing soft membership degrees, allowing samples to belong
to multiple clusters. Hu et al. applied FCM within FL to handle
longitudinal non-IID behavioral data; by allowing samples to
belong to multiple clusters and capturing boundary samples
that hard clustering would overlook, they achieved higher
classification accuracy than traditional hard clustering [35].
Wang et al’s FedRFC uses recursive fuzzy clustering so

clients can participate in multiple clusters, outperforming hard
clustering on synthetic benchmarks [36]. In medical imaging,
Zhang et al.’s SplitAVG applies fuzzy-like weighting to multi-
hospital data, yielding stable convergence and 3% segmen-
tation accuracy gain [37]. However, no work has combined
FCM with speech-specific feature selection for pathological
ASR.

D. Motivation and Gap

Although FL has been applied to mildly non-IID healthy
speech [38] and hard clustering methods have been explored
for pathological ASR [4], [19], these assume discrete severity
partitions that fail to capture continuous transitions. FCM has
shown promise in other FL. and medical imaging tasks [35],
[36], yet not in speech. Pseudo-labeling aids semi-supervised
ASR [25], [26], but has not been integrated with fuzzy
clustering to jointly address privacy and extreme heterogeneity
in pathological ASR. FCPFL addresses this gap by lever-
aging FCM to preserve boundary information and pseudo-
label—guided feature selection for privacy and heterogeneity
handling, validated on ADReSS and TORGO.

III. METHODOLOGY
A. Fuzzy Cluster-Based Personalized Federated Learning

Figure 1 illustrates our FCPFL framework, which employs
soft clustering to model the continuous nature of pathological
speech variations. Unlike hard clustering approaches, FCPFL
computes membership degrees that reflect gradual transitions
between different pathological characteristics.

1) Global Feature Collection and Cluster Center Dis-
covery: The server collects representative feature matrices
from participating clients and applies Fuzzy C-Means (FCM)
clustering [22] to discover c cluster centers. FCM partitions
the feature space into overlapping clusters by minimizing:

N ¢
Tn(U, V) =Y ufllly: — vl

i=1j=1

)]



where U = [u;;] is the ¢ x N fuzzy partition matrix with u;;
representing the membership degree of data point ¢ to cluster 7,
V = {v1,va,...,v.} are the cluster centers, m is the fuzziness
parameter (1 < m < 00), and || - || 4 denotes the A-norm with
positive definite matrix A. A represents the identity matrix for
standard Euclidean distance in our implementation.

The membership degrees are updated using:
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2) Membership-Weighted Local Training: Each client k
maintains ¢ local models {6 1,02, ..., 0k} corresponding
to discovered clusters. Clients perform membership-weighted

training using:
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where £(x;,y;; O, ;) is the Connectionist Temporal Classifica-
tion (CTC) loss function for cluster 5 with model parameters
01..; [40]. To ensure training efficiency, only samples with
membership degrees above threshold M participate in training:
'Dk’j = {Xi € Dy | Ujj > M}

3) Membership-Weighted Server Aggregation: Following
the FedAvg aggregation principle [1], the server aggregates
client models using membership-weighted averaging:
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where wy ; = Zlepk u;; represents the total membership
weight contributed by Client k to cluster 7.

4) Multi-Model Fusion for Inference: During inference,
the system employs a membership-weighted ensemble among
valid clusters:
uj
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where P;(y|x) is the prediction probability of cluster j’s ASR
model for input x.

B. FCM-Guided Pseudo-Label Feature Selection

The discriminative quality of cluster partitions fundamen-
tally determines the effectiveness of FCPFL. Suboptimal clus-
tering leads to inappropriate model specialization, ineffective
parameter aggregation, and degraded inference performance.
To address these challenges, we develop a specialized feature
selection methodology that ensures FCM receives the most
discriminative feature representation.

1) Feature Extraction and Categorization: We extract 11
validated features for speech-disorder tasks, grouped into 5
categories that reflect different aspects of pathological speech.
Acoustic features include fundamental frequency standard
deviation, mel-frequency cepstral coefficients mean, energy
mean, and energy standard deviation, which reflect physiolog-
ical changes in speech production. Pause features comprise
pause rate, which is calculated as pause duration divided
by total duration, pause mean as the average pause dura-
tion, and pause count, indicating cognitive processing deficits.
Linguistic features cover speech-rate variance and word rate
in words per unit time, capturing language production dif-
ficulties. We also include pronunciation features via voiced
rate, defined as the proportion of voiced segments, and deep
representation features extracted from Data2vec-audio-large
hidden-layer activations [41], which provide learned acoustic-
linguistic representations.

2) Two-Stage Selection Framework: Our feature selection
operates as a Filter+Embedded framework enhanced with
FCM membership weighting to address the absence of healthy
controls in pathological-only datasets.

Filter Stage: The filter stage evaluates features indepen-
dently of any specific learning algorithm by analyzing their
statistical properties and relevance to cluster separation. This
stage efficiently eliminates irrelevant features before compu-
tationally expensive model training. We compute Weighted
Mutual Information (WMI) for each feature j using Eq. (8),
then select the top Ky features with the highest WMI scores:

WMI; = ZZul X; ;i1 ()
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where I(X; ;;1) represents the mutual information between
feature j of sample ¢ and cluster [, computed as (X, ;;1) =
> w.e bz, c)log pi’ii;c()c) where p(z, c) is the joint probability
distribution of feature values and cluster assignments. This
weighting mechanism evaluates features based on their con-
tribution to fuzzy cluster separation.

Embedded Stage: The embedded stage performs feature
selection within the context of a specific learning algorithm,
considering feature interactions and their collective predic-
tive power. Unlike filter methods, embedded approaches can
capture feature dependencies and non-linear relationships. We
train weighted L1-regularized logistic regression using Eq. (9),
where the L1 penalty induces sparsity for feature selection:
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where W is the weight matrix, w; is the weight vector
for cluster [, A is the L1 regularization parameter, and W
represents the weight of feature j for cluster [. The L1
regularization drives unimportant feature weights toward zero
for automatic selection.

After M repetitions, we select features with frequency > 6
and rank them by average importance scores.



C. Complete Algorithm Specifications

The FCPFL algorithm consists of three main stages. First,
global pre-training obtains a base ASR model #S. Second,
FCM(c*,m) clustering on extracted features yields cluster
centers and membership matrix U. Each cluster’s global model
initializes from 98; . Third, federated learning: selected clients
filter data by threshold M, perform membership-weighted
training (Eq. (5)), and send updates. Server aggregates using
weighted averaging (Eq. (6)).

Algorithm 1 FCPFL Federated Training

Require: Datasets {D;} 2 |, model 6§, threshold M, clusters
c*, rounds T, epochs FE, fraction frac

Ensure: {65",...,05<}

1: Initialize Og’j — 0§ forj=1,...,c"

2: fort=1to T do

3: Sy < RandomSample( K, max(|frac x K|, 1))

4. for j=1toc* do

5 Initialize: W7 < (), M7 < ()
6: for each client £ € S; do
7
8
9

Dy,j < {xi € Dy | u;; > M}
if Dk,j 7é @ then
Whj < Diep,,; Yis

10: 0,(5) « LocalTrain(Dy, ;, 05, F)
11: Wi Wi U {09}, MI — MU {wy ;}
12: end if
13: end for
14: if W7 = () then

G.j Sk w0
15: 07— St
16: else ‘
17: 057 — 9%
18: end if
19:  end for
20: end for

G,1 G,c*

21: return {67°,...,07° }

IV. EXPERIMENTAL SETTINGS

A. Datasets

This research employs two publicly available pathological
speech corpora: ADReSS and TORGO. Both datasets require
access authorization, highlighting the privacy constraints mo-
tivating our federated learning approach.

The Alzheimer’s Dementia Recognition through Sponta-
neous Speech (ADReSS) Challenge dataset [21] consists of
156 picture-description recordings (78 Alzheimer’s patients,
78 healthy controls) from the DementiaBank repository [42],
balanced for age and gender. The TORGO database [29]
comprises aligned acoustic and articulatory recordings from
eight dysarthric speakers (5 male, 3 female; cerebral palsy or
ALS) and matched controls, collected by the University of
Toronto and Holland-Bloorview Kids Rehab Hospital [43].

TABLE I
OVERALL WER PERFORMANCE COMPARISON

Method Category ADReSS TORGO

Baseline Methods

Pre-trained ASR 0.6869 0.7887

Fine-tuned ASR 0.4177 0.5016
Standard Federated Learning

FedAvg 0.4054 0.2633

Weighted FL 0.4028 0.2386
Generalized FL

FedProx 0.4054 0.2538
Parameter Efficient FL

FedLoRA 0.3866 0.2614

FL-TAC 0.3901 0.2507
Hard Clustering FL.

CBFL 0.3887 0.2357

CPFL-embs 0.3925 0.2331

CPFL-CharDiv 0.3964 0.2358
Soft Clustering FL

FCPFL 0.3408 0.2157

B. Experimental Setup

Dataset Partitioning: We exclusively use pathological
speech data, excluding healthy controls, to focus on clini-
cally relevant severity distinctions and avoid statistical im-
balance from dominant healthy clusters. The datasets are
split 50%/50% between server and clients, with the server
portion used for global model initialization and cluster center
determination.

Training Configuration: We employ Data2vec-audio-
large-960h [41] as our backbone model, a general framework
for self-supervised learning that predicts contextualized latent
representations. Training parameters include a learning rate of
le-5, 10 local epochs per federated round, and 10 total global
epochs. Experiments are conducted on DGX Station A100'.

Baseline Comparisons: We compare against non-federated
methods (Pre-trained and Fine-tuned ASR), standard FLL meth-
ods (FedAvg [1], Weighted FedAvg, FedProx [44]), parameter-
efficient FL approaches (FedLoRA, FL-TAC [45]), hard clus-
tering FL methods (CBFL, CPFL-embs, CPFL-CharDiv [4]),
and our proposed soft clustering FCPFL.

Computational Overhead Analysis: Our approach indeed
incurs higher communication overhead compared to standard
federated learning due to the heterogeneous nature of patho-
logical speech requiring specialized cluster-based models.
However, this increased cost is justified by substantial perfor-
mance improvements in clinical applications where accuracy
is paramount.

IThe implementation code is available at: https:/github.com/Jie-shiang/
Fuzzy-Cluster-based-Personalized- Federated-Learning.git



V. RESULTS AND ANALYSIS

A. Overall Performance Analysis

Table I presents comprehensive WER comparisons across
different method categories. Our proposed FCPFL achieves
the best performance on both datasets, obtaining 0.3408 WER
on ADReSS with a 4.82% reduction compared to the best
hard clustering method CBFL at 0.3887, and 0.2157 WER on
TORGO with a 1.74% reduction compared to CPFL-embs at
0.2331.These WER reduction translates directly to enhanced
clinical utility for downstream diagnostic applications.

Baseline Performance: Pre-trained ASR models show
high WER (ADReSS: 0.6869, TORGO: 0.7887), highlighting
pathological speech recognition challenges. Fine-tuned ASR
provides significant improvement but remains suboptimal.

Standard and Generalized FL: Traditional federated
learning methods demonstrate substantial improvements over
centralized fine-tuning, validating the effectiveness of collab-
orative learning for pathological speech.

Clustering-Based FL. Advantages: Hard clustering meth-
ods (CBFL, CPFL variants) consistently outperform standard
FL approaches, demonstrating the value of personalization
strategies.

B. Feature Selection Analysis

Our FCM-guided feature selection methodology effectively
identifies discriminative features through the Filter+L1 ap-
proach. For single features, mel-frequency cepstral coeffi-
cients mean (MFCC) consistently achieved the best perfor-
mance, FCPFL: 0.3634/0.2243 vs. CPFL: 0.3814/0.2395 on
ADReSS/TORGO. In multi-feature analysis shows the optimal
TOP 3 combination significantly outperforms single-feature
approaches, with FCPFL achieving 0.3408/0.2157 compared
to CPFL’s 0.3854/0.2367—relative improvements of 6.2% and
3.8% respectively.

Disease-Specific Feature Combinations: Through our Fil-
ter+L1 selection method, we identified optimal three-feature
combinations reflecting pathological speech characteristics:

o ADReSS: MFCC + Pause_rate + Word_rate (reflecting
cognitive decline impacts on language fluency)

¢« TORGO: MFCC + Voiced_rate + Energy_std (capturing
motor control deficits in speech production)

These combinations demonstrate disease-specific feature
importance: Alzheimer’s speech prioritizes pause patterns and
word production efficiency, while dysarthric speech empha-
sizes voicing control and energy variability, validating our
methodology’s ability to capture disorder-specific acoustic-
linguistic characteristics. While our evaluation focuses on
English datasets, our core features (fO std, energy std, MFCC,
pause patterns) are fundamentally physiologically-based and
language-independent. Vocal fold dysfunction, respiratory pat-
terns, and articulatory precision manifest consistently across
languages, making our FCM clustering mechanism applicable
to universal pathological speech characteristics regardless of
linguistic content.

TABLE 11
STATISTICAL ANALYSIS OF FCPFL vs. CPFL

Dataset Method CV | Correlation (r) P-value

ADReSS CPFL 0.0246 0.442 0.273
FCPFL  0.0095 0.911 0.002

TORGO CPFL 0.0165 0.345 0.403
FCPFL 0.0116 0.810 0.015

C. Impact of Hyperparameter Variations on FCPFL

Both cluster granularity and membership threshold param-
eters fundamentally control the number of valid samples par-
ticipating in training, making their analysis crucial for under-
standing FCPFL’s robustness. To better comprehend FCPFL’s
advantage across different settings, we categorize pathological
speech samples into three types:

« Stable samples (training frequency = 1): clear pathologi-
cal characteristics consistently assigned to a single cluster.

« Boundary samples (training frequency > 1): fuzzy char-
acteristics that contribute to multiple clusters.

« Unutilized samples (training frequency = 0): excluded
due to low membership degrees.

As shown in Fig. 2, in hard clustering methods, WER begins
to increase after ¢ = 4 and degrades sharply by ¢ = 9. Too
many clusters can leave some clients with no valid samples,
leading to overfitting and reduced generalization. In contrast,
under soft clustering, increasing ¢ has minimal effect on WER
since virtually all client data participate in training and the
weighted-loss mechanism in FCPFL mitigates performance
fluctuations. The lower panel of Fig. 2 shows that FCPFL
retains samples more steadily. While CPFL drops from 532
to 106 samples on ADReSS (an 80% reduction), FCPFL
declines from 386 to 86 samples (78% reduction). Moreover,
for ADReSS, the proportion of boundary samples increases
from 23% to 38% as c grows from 2 to 9; across ADReSS
and TORGO, the average gain in valid samples over clusters
2-9 is about 25%.

Fig. 3 reveals that threshold effects mirror cluster effects,
and vice versa. The Primary/Valid Ratio is the ratio be-
tween original utterances (Primary) and total valid utterances
(Valid)—if an utterance appears in multiple clusters, it is
counted multiple times in the Valid count. Higher thresholds
exclude more samples, while lower thresholds include poten-
tially noisy data. The optimal range of 0.750-0.775 achieves
the best balance, corresponding to 23-38% data augmenta-
tion via boundary samples. For both ADReSS and TORGO,
the optimal threshold is around 0.75: too low invites noise
and increases WER; too high excludes boundary samples,
reducing training data. Both datasets exhibit similar opti-
mal ranges, validating FCPFL’s boundary-sample mechanism
across Alzheimer’s and dysarthria conditions.

Statistical validation through paired t-tests confirms signif-
icant improvements: ADReSS shows large effect size over
CBFL (t =4.12, p < 0.001, Cohen’s d = 0.87), while TORGO
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demonstrates medium-to-large effect size over CPFL-embs (t =
2.64, p < 0.01, Cohen’s d = 0.64). Bootstrap validation (1,000
iterations) provides robust 95% confidence intervals support-
ing these gains. Table II presents key metrics quantifying
FCPFL’s robustness advantages. FCPFL reduces performance
variance by 61.5% (ADReSS) and 29.5% (TORGO), with
strong correlations between sample availability and WER
(ADReSS: r = 0.911, p = 0.002; TORGO: r = 0.810,
p = 0.015), demonstrating predictable behavior that hard
clustering lacks.

VI. CONCLUSION

In this work, we have introduced Fuzzy Cluster-Based
Personalized Federated Learning (FCPFL) to address the
challenges of privacy preservation and extreme heterogeneity
in pathological speech recognition. By leveraging Fuzzy C-
Means to compute soft membership degrees and incorporating
pseudo-label-guided feature selection, FCPFL enables sam-
ples near cluster boundaries to participate in multiple clusters,
thus increasing the effective training set and improving model
generalization under non-IID conditions.

Comprehensive experiments on both ADReSS and TORGO
datasets demonstrate that FCPFL consistently outperforms

hard-clustering and standard federated baselines, yielding rel-
ative WER reductions of 4.82% on ADReSS and 1.74%
on TORGO. Our hyperparameter analyses reveal four key
insights: both cluster number and threshold variations affect
performance through the unified mechanism of boundary sam-
ple utilization; FCPFL maintains consistent robustness across
parameter dimensions due to its fuzzy membership design;
the strong correlations demonstrate statistically reliable and
predictable behavior; and this robustness to hyperparameter
variations makes FCPFL practically applicable for real-world
deployment where optimal parameters are unknown a priori.

Beyond optimizing fuzzy clustering parameters, we ob-
served that boundary samples exhibit different distributions
across datasets, which may carry implicit information about
underlying disease features. These boundary sample distribu-
tions could potentially assist in defining disease classifications
and characteristics, providing new insights into pathological
speech patterns. In future work, we will collect more di-
verse pathological speech data to investigate whether these
boundary-sample distributions can serve as biomarkers for
disease progression or subtype, potentially enabling more
targeted clinical insights and diagnosis.
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