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Abstract: This study proposes a hybrid unsupervised learning framework that integrates principal component analysis (PCA) and Fuzzy
C-Means (FCM) to support early identification of speech therapy needs in children. The model utilizes secondary structured datasets
containing acoustic—prosodic features such as MFCC, jitter, shimmer, harmonic-to-noise ratio, pitch, duration, fluency, and temporal
indicators. PCA was applied to reduce dimensional redundancy and address the high-dimensional, low-sample-size characteristics
of pediatric speech data, producing four principal components that retained 83.27% of the total variance. These components were
subsequently clustered using FCM to capture partial membership patterns that reflect the continuous nature of children’s speech
deviations. The proposed PCA-FCM model achieved the best cluster compactness and separation, with a 25.6% improvement in the Xie-
Beni (XB) index compared to the baseline FCM model (XB = 0.421). Three interpretable clusters including Normal, Mild Deviation,
and Severe Deviation were identified, each associated with distinct acoustic—prosodic profiles. These findings demonstrate the potential
of hybrid unsupervised learning to provide an objective, interpretable, and efficient early-screening mechanism for guiding personalized
speech therapy interventions in children.

Keywords: Fuzzy C-Means, principal component analysis, acoustic—prosodic feature, speech therapy, developmental language disorder

1. Introduction

Early detection of speech disorders, especially developmental
language disorder (DLD), is a crucial aspect of children’s health
because it has long-term implications for cognitive, social, and
emotional development and not only hinders direct communica-
tion skills but also impacts academic performance, socialization
skills, and mental health in the future [1, 2]. Various longitudi-
nal studies show that children with DLD have up to three times
the risk of learning disabilities, reading difficulties, and delayed
academic achievement compared to children with normal devel-
opment [3, 4]. The long-term impact of this disorder can last into
adolescence and even adulthood, so early detection and interven-
tion are an important step to minimize the cumulative effects on
communication and cognitive function. Globally, the prevalence
of DLD is estimated to reach 7-10% of the preschool-age popula-
tion [5], while surveys in Southeast Asia show a figure of around
8.4%, with most cases not getting a timely diagnosis [6, 7].
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Delays in detection are often due to limited access to speech
therapy services, a lack of professionals, and manual assessment
methods that still dominate many children’s health facilities. This
shows the need for a technology-based system that can help the
screening process automatically, quickly, and objectively [8-10].
Although manual assessment by speech therapists has become
standard practice, this method has a number of fundamental
limitations because the assessment process that relies on direct
observation and assessor subjectivity often leads to variation
in outcomes between clinicians and takes a long time to ana-
lyze the child’s phonation and prosody performance, especially
when the number of patients increases significantly [11, 12]. Sev-
eral clinical reports in the Southeast Asian region note that the
average delay in handling cases of childhood speech disorders
reaches 6-8 months from the time it was first identified, which
not only decreases the effectiveness of therapy but also increases
the risk of missing the critical intervention window—the optimal
time phase where language intervention is most effective for child
development.

In addition to the efficiency aspect, the manual method also
faces interpretation limitations because children’s voice signals
are very complex, involving a combination of acoustic (basic
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frequency, formant, jitter, shimmer) and prosodic (tempo, dura-
tion, intonation) features. Manual evaluations are difficult to
capture the multidimensional relationships between these features,
so assessment results tend to be descriptive and unsystematic. This
condition confirms the need for a machine learning (ML)-based
approach and speech signal processing that is able to analyze
acoustic—prosodic patterns automatically and objectively [13, 14].
This kind of data-driven approach can improve detection accuracy
and provide clinically interpretable results to support professional
decision-making [15, 16]. In the context of DLD, the process-
ing of raw sound signals into data that is ready for analysis is
a complex process due to the high heterogeneity between indi-
viduals [17]. The acoustic extraction process produces a large
number of features such as pitch, formant frequencies, jitter,
shimmer, and harmonic-to-noise ratio (HNR), which often corre-
late with each other and create a high-dimensional feature space.
The phenomenon of high-dimensional, low-sample-size (HDLSS)
is commonly found in biomedical and neuroacoustic data [18, 19],
making it difficult for conventional algorithms such as K-Means
and Hierarchical Clustering to produce stable and interpretive
results because they are prone to overfitting and the curse of
dimensionality [20]. Without dimension reduction, latent struc-
tures between features can be masked by irrelevant variances,
rendering interpretation inefficient [21]. An approach that is able
to balance between reducing data complexity and preserving
important information is needed.

Principal component analysis (PCA) offers an effective
solution for extracting the main components with the greatest
variance, while eliminating redundancy and reducing noise [22].
After dimension reduction, a clustering method that is flexible
against data ambiguity is required, where each sample can have
partial membership in more than one group. Fuzzy C-Means
(FCM) is a suitable alternative because it is able to handle the nat-
ural ambiguity that often appears in children’s speech data [23].
Conceptually, the combination of PCA-FCM is expected to be
able to overcome two main challenges: (i) the complexity of the
high-dimensional feature space and (ii) the need for a realistic
representation of variations in children’s speech performance, so
as to improve the accuracy of grouping and produce more stable
and clinically meaningful clusters. Most of the current research
in speech disorder detection still focuses on supervised learning
models such as support vector machine (SVM) and convolutional
neural network (CNN) [24].

The approach does achieve high accuracy (about 92% on
average), but it is a black box and difficult to explain medi-
cally [25, 26]. In speech therapy practice, interpretability is the
main requirement for the results of the analysis to be translated
into clinical recommendations. Therefore, unsupervised learning
methods that are interpretive and resistant to noise are an urgent
need [12]. Unlike supervised classification, which requires prede-
fined diagnostic labels, clustering enables the discovery of latent
structural groupings in heterogeneous pediatric speech data where
severity may exist along a continuum rather than fixed cate-
gories. For early-stage screening contexts in which ground-truth
labels may be uncertain or unavailable, unsupervised group-
ing provides a more flexible exploratory analytical framework.
Conventional clustering models such as K-Means lack the flexi-
bility to handle noise and blurred inter-cluster boundaries, while
FCM provides a more realistic alternative as it is able to rep-
resent partial membership between clusters. However, standard
FCMs still face stability constraints when applied to high-
dimensional data, requiring dimensionality-reduction integrations
such as PCA to improve performance and noise resistance [22].
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Mohamed Khamis et al. [20] showed that the combination of
PCA-FCM is able to improve the stability of clusters in public
health data such as risk factors for cardiovascular disease and
obesity. However, so far, there has been no research that specif-
ically implements such integration in the context of children’s
speech therapy.

The majority of studies focus only on nonlinguistic biomed-
ical domains such as medical imaging, EEG signals, or physio-
logical sensors [27]. This indicates that there is a research gap in
the use of the PCA-FCM hybrid approach to analyze acoustic
data of children with speech disorders objectively, interpretively,
and noise-resistant. Therefore, this study aims to develop a
hybrid unsupervised model that combines PCA and FCM to
identify and classify children’s speech therapy needs based on
acoustic—prosodic features extracted from sound signals.

The first stage involves PCA to perform dimensional reduc-
tions and extract the main components with the highest variance,
resulting in a concise yet informative representation of features
[22]. The results of the reduction then became an input for FCM
to form a cluster of children based on the similarity of the prosody
and the potential need for therapy [28]. Unlike “hard” cluster-
ing such as K-Means, FCM allows partial membership, where a
child can belong to more than one cluster according to the sever-
ity or overlapping pattern of the disorder [29, 30]. This approach
is in line with real clinical conditions, where children’s speech
disorders are continuous, not dichotomous. The specific objec-
tives of this study include (i) developing a PCA-based dimension
reduction pipeline to extract key acoustic—prosodic features, (ii)
implementing the FCM model to generate child clusters based
on prosodic similarity, (iii) evaluating the performance and inter-
pretability of the model against alternatives such as FCM and
K-Means-PCA, and (iv) providing a basis for clinical decision-
making through mapping latent patterns of speech therapy
needs.

The main contribution of this research lies in the formulation
and implementation of an unsupervised hybrid approach (PCA-
FCM) specifically designed for the analysis of speech data of
children with speech disorders. Rather than introducing a new pri-
mary dataset, the novelty of this study lies in the methodological
integration, structured feature-level harmonization, and clinically
oriented hybrid modeling framework applied to pediatric acous-
tic—prosodic data. This approach incorporates PCA to address
the problem of high-dimensional acoustic space by extracting the
main components that have the highest variance and eliminating
noise [22] and FCM to improve the reliability and flexibility of
the clustering process by modeling partial membership between
clusters, resulting in the mapping of children into more repre-
sentative prosodic subgroups [30]. In addition, this study offers
clinical interpretability through the analysis of the contribution of
each key component to the formation of clusters and the degree
of partial membership of each individual, which provides mean-
ingful insights for speech therapists in understanding the variation
of prosody disorders. Conceptually, this study also presents a
comprehensive framework that bridges the gap between advanced
ML techniques and practical applications in the diagnosis and
planning of children’s speech therapy. The contribution there-
fore resides in the hybrid unsupervised analytical pipeline and its
clinical interpretability, rather than in raw signal acquisition. By
increasing robustness to noise and strengthening the readability
of clustering results [31, 32]. The proposed Hybrid PCA-FCM
model has the potential to support the early identification and
personalization of child speech therapy in an objective, efficient,
and cost-effective manner [33].
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2. Literature Review

A wide range of research has contributed to the understand-
ing of computational approaches for analyzing children’s speech
patterns. The literature generally centers on three methodologi-
cal strands: acoustic—prosodic feature modeling, fuzzy clustering
techniques, and dimensionality-reduction techniques. Together,
these approaches address feature redundancy, data heterogene-
ity, and interpretability challenges in pediatric speech analysis.
Based on these developments, this review is organized into three
parts: speech disorder classification, the FCM method, and PCA
in acoustic processing. This structure frames the methodological
rationale for integrating PCA and FCM within a unified hybrid
model.

2.1. Speech disorder classification approaches

Speech signal analysis is fundamental in the detection of
speech disorders in children because it converts raw acoustic
signals into phonetic, articulatory, and prosodic feature repre-
sentations. Key features include MFCC, formant frequencies
(F1-F2), pitch (F0), duration, and prosodic aspects such as
rhythm and intonation [34]. MFCC represents spectral structures
as per auditory perception, while formants and prosodic features
describe vocal resonance, articulation stability, and motor con-
trol. The combination of MFCC, jitter, shimmer, and HNR has
been shown to be sensitive in detecting phonation and articu-
lation disorders, with a strong correlation to prosodic deviation
in children with DLD [20]. A systematic review of research by
Nudelman et al. [15] reported average accuracy levels above 90%
across acoustic-feature-based ML studies; however, performance
variability was strongly influenced by recording conditions and
population heterogeneity, highlighting limitations in real-world
clinical deployment. Temporal indicators such as speech rate,
pause ratio, and fluency index are also important because they
are directly related to the rhythm and fluency of speech, which is
often disrupted in DLD populations [3].

Classic ML models including SVM, K-Nearest Neigh-
bors (KNN), Random Forest, and Naive Bayes have been
extensively applied to acoustic—prosodic datasets [35]. While effec-
tive in structured environments, their hard decision boundaries
may inadequately represent the continuous nature of speech
deviation severity, particularly in heterogeneous pediatric data.
Performance degradation under feature correlation and outlier
sensitivity has also been reported [36, 37]. Deep learning archi-
tectures such as CNN and Long Short-Term Memory (LSTM)
enable automatic feature learning and have achieved high per-
formance in neurological and speech-related disorder detection
[38-40]. Nevertheless, their reliance on large labeled datasets and
limited interpretability restrict their suitability for small, clinically
oriented pediatric cohorts. To overcome these limitations, hybrid
approaches such as PCA + ML or FCM are widely used because
PCA is able to reduce dimensions, eliminate redundancy, and
improve model stability [41], with reported improvements in bal-
anced accuracy for speech-related detection tasks. These findings
collectively indicate that enhancing interpretability and structural
stability remains a critical gap in current supervised frame-
works, motivating the exploration of unsupervised and hybrid
approaches for clinically meaningful speech pattern grouping.

2.2. Fuzzy C-Means

FCM algorithm is an extension of K-Means that introduces
partial (fuzzy) membership for each data point [42]. In contrast

to hard clustering that forces each data point into a single cluster,
FCM allows each sample to have an association with more than
one cluster at varying degrees. This makes it more relevant for
clinical data characterized by overlapping patterns, such as in the
case of childhood speech disorders, where individuals often show
a mixture of normal patterns and mild deviations. In research
[27], the fuzzy method has proven to be effective in handling med-
ical data with high variability without sacrificing interpretability.
However, conventional FCMs are sensitive to noise and centroid
initialization. Research by Yan and Xie [30] proposes an Robust
Fuzzy Cluster Validity Index (RFCV) validity index to evaluate
the quality of clusters based on local distances, thereby improving
the stability of clustering results. In addition, Kanagaraj et al. [29]
showed that the fuzzy approach can result in more flexible and
interpretable classifications than traditional hard models. Clini-
cally, FCM excels because (i) it can handle natural ambiguities
in children’s linguistic data and (ii) provide a quantitative inter-
pretation of membership values (i) to assess the severity of the
disorder on a continuous, non-binary basis.

The application of FCM has been extensively tested in vari-
ous health, psychology, and neurocognitive domains. In the study
by Mohamed Khamis et al. [20], the FCM-PCA method suc-
cessfully grouped individuals based on cardiovascular risk with a
high level of intra-cluster compactness, demonstrating efficiency
in handling large-dimensional medical data. A similar approach
is applied to the article by Mulyadi et al. [41], showing sensitiv-
ity to latent variations in psychological and performance-related
data. In a neurolinguistic context, fuzzy logic has been utilized
to identify prosodic patterns that reflect cognitive degradation
in dementia patients [40], while in the article by Li et al. [43],
similar regression-like linguistic patterns are identified between
dementia and developmental profiles, reinforcing the relevance of
the fuzzy approach in detecting subtle regressive patterns in lan-
guage production. Based on these principles, this study adapted
the FCM algorithm to group children into three main prosodic
categories, namely, Cluster 0 (Normal Speech Pattern), which
represents normal speech patterns, Cluster 1 (Mild Deviation)
for mild disorders, and Cluster 2 (Severe Deviation) for severe
disorders. The fuzzy membership value (uij) that each child
generates for the three clusters is used to evaluate therapeutic
needs on an ongoing basis, thus expanding clinical understand-
ing beyond traditional binary classifications and allowing for a
more flexible and accurate interpretation of pediatric prosody
variations.

2.3. Principal component analysis

PCA is a linear transformation technique used to reduce
the dimensions of a dataset [44]. Without losing significant
information by transforming the correlated features into a set
of uncorrelated principal components that are ordered based
on explained variance. PCA has proven to be effective for
handling high-dimensional datasets with small sample sizes of
HDLSS conditions commonly found in speech-based research in
children [18].

PCA computes the covariance matrix of acoustic features
and extracts the eigenvectors corresponding to the largest eigen-
values to maintain more than 90% explained variance. The
purpose of applying PCA in this study is to reduce feature redun-
dancy so that only the most significant features are used at the
FCM clustering stage, improve computing efficiency while reduc-
ing the risk of overfitting, and improve model interpretability
because each key component can be linked back to dominant
acoustic—prosodic features; for example, the first component is
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dominated by MFCC and the second component by the prosody.
In addition, PCA also serves as a denoising method to suppress
nonrelevant variations in acoustic signals. In research by Deepa
and Khilar [12], PCA was applied prior to classification and was
shown to increase signal-to-noise ratios by up to 15% on patholog-
ical speech signals. Mohamed Khamis et al. [20] also showed that
PCA was able to increase cluster compactness by 20% when used
before FCM. Similar results were reported in the article by Bhard-
waj et al. [5], where PCA helps clarify the prosodic and temporal
representations of children with speech disorders. These findings
collectively indicate that PCA contributes to both dimensional
reduction and structural stabilization before clustering.

The integration between PCA and FCM results in an effi-
cient, adaptive, and clinically describable hybrid model. In the
article by Mohamed Khamis et al. [20], the combination of these
two methods results in a model with strong intra-cluster homo-
geneity and high inter-cluster separation. In addition, M. et al.
[45] emphasized that the combination of dimension reduction and
fuzzy clustering is an important foundation in the development
of explainable Al (XAI) systems in the health sector.

This approach is also in line with recommendations from
Bhardwaj et al. [5], which emphasize the importance of an inter-
pretive model for therapists in evaluating the results of children’s
speech analysis. Therefore, the integration of PCA-FCM in this
study allows the reduction of the complexity of acoustic features
without losing linguistic significance, the application of fuzzy
clustering that is able to represent the level of children’s speech
deviation more subtly, and the presentation of analysis results
that can be explained and used directly in the Al-based speech
therapy process.

3. Methodology

The methodology of this study is designed to construct
a hybrid analytical framework that integrates PCA and FCM
to identify children’s speech therapy needs based on acous-
tic-prosodic representations. The overall process follows a
structured pipeline beginning with the acquisition of publicly
available secondary datasets, followed by standardized prepro-
cessing, feature harmonization, dimensionality reduction, and
fuzzy clustering. Each methodological stage is aligned with the
characteristics of HDLSS pediatric speech data and aims to pro-
duce stable, interpretable, and clinically meaningful outputs. The
following subsections describe the workflow architecture, mathe-
matical formulation, algorithmic processes, literature basis, and
reproducibility considerations that collectively form the founda-
tion of the proposed PCA-FCM hybrid model. This method-
ological structure also ensures that parameter configuration,
normalization choices, and dimensionality settings are applied
consistently across all stages, enabling transparent evaluation,
minimizing methodological bias, and facilitating reliable compar-
ison with previous studies employing similar acoustic—prosodic
analytical approaches in pediatric research.

3.1. Proposed framework

This research framework describes the application of the
FCM-PCA model to identify children’s speech therapy needs
based on the analysis of acoustic and prosodic features from
harmonized, structured secondary feature-level datasets derived
from previously published scientific studies by Liu et al. [1]
and Faisal et al. [42]. The integration of these two methods
is designed to address the problem of HDLSS and produce
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stable, clinically interpretable mapping that supports early ther-
apeutic decision-making processes while enhancing the reliability
of feature interpretation across diverse pediatric speech profiles,
ensuring that subtle variations in prosodic behavior are con-
sistently captured across diverse assessment environments and
recording conditions, thereby achieving reliable outcomes.

3.1.1. Diagram showing workflow

The stages of the research are arranged in layers as shown
in Figure 1, which explains the flow of analysis starting from the
use of secondary data to the final output in the form of speech
therapy recommendations. The data were derived from harmo-
nized, structured secondary feature-level datasets compiled from
previously published scientific studies by Gilholm et al. [36] and
Faisal et al. [42]. The framework shows the complete sequence
of processes in the Hybrid FCM-PCA model from secondary
data capture to therapy recommendations, providing a structured
depiction of how each analytical stage contributes to the overall
modeling pipeline.

As seen in Figure 1, the entire process takes place sequentially
and interrelatedly, starting from the processing of acoustic and
prosodic data to the formation of therapeutic recommendations
based on the results of clustering.

Secondary structured datasets containing acoustic and
prosodic features such as MFCC, jitter, shimmer, HNR, FO,
duration, fluency, tempo, and pause ratio were compiled from
harmonized structured feature-level datasets derived from previ-
ously published scientific studies to serve as the foundation of the
analysis.

1) The collected data were processed through a cleaning pipeline
that applied Z-score normalization, winsorizing to limit the
influence of extreme outliers, and imputation procedures for
missing values, resulting in a standardized dataset Z’.

2) Feature engineering was performed to harmonize attributes
originating from multiple sources by combining, selecting, and
standardizing relevant features into a unified and consistent
feature matrix.

3) Dimensionality reduction was conducted using PCA by
decomposing the covariance matrix and extracting principal
components that preserved at least 90% of the total variance,
producing the reduced projection matrix ¥ = Z' V.

4) The reduced features were clustered using the FCM algorithm,
which iteratively updated centroid positions and membership
degrees w;; until convergence (Au < ¢), forming three prosodic
deviation clusters labeled as Normal, Mild, and Severe.

Each resulting cluster was examined to identify dominant
acoustic—prosodic characteristics, assigned clinical interpreta-
tions, and mapped to corresponding early speech therapy
recommendations based on the severity levels represented by the
fuzzy membership values.

3.1.2. Mathematical and algorithmic representation

PCA is employed to transform the Z-standardized acous-
tic—prosodic feature matrix into a lower-dimensional represen-
tation while preserving the majority of the total variance. The
covariance matrix of the standardized data is computed as shown
in Equation (1) [18]:

1 T

where ¥ denotes the covariance matrix, Z is the standardized
data matrix, Z7 is its transpose, and n represents the number
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Figure 1
Framework proposed for a Hybrid FCM-PCA model for identifying speech therapy needs in children
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of samples. The term (n — 1) is used to obtain unbiased covari-
ance estimates. Each eigenvector v; and eigenvalue 4; corresponds
to a principal component. After eigen-decomposition, the data
matrix Z is projected onto a subspace spanned by the top k eigen-
vectors with the largest eigenvalues, yielding representation in
Equation (2):

Y=2V, )

Here, Y denotes the lower-dimensional principal component
matrix, while ¥ contains the selected eigenvectors that collec-
tively retain most of the variance. FCM is then applied to cluster
the reduced PCA features based on partial membership degrees,
allowing each data point to be associated with multiple clus-
ters to varying extents. The objective function minimized by the
algorithm is given in Equation (3) [30]:

M=

I =

C
> wii ll yi—¢; 112 (3)
j=1

1l
—_

where J,,, is the objective function, u;; represents the membership
degree of data point i to cluster j, y; is the PCA-reduced feature
vector, ¢; is the cluster centroid, m is the fuzziness coefficient, and
Il yi—c; ||2 is the squared distance between a data point and the
centroid. Membership values and centroid locations are updated
iteratively until convergence, as summarized in Pseudocode 1.

Pseudocode 1 is only used to describe the FCM optimization
logic and is not executed directly in the article.

3.1.3. Summary of previous research
Table 1 summarizes the key methodological stages identified
in previous studies that form the foundation of the PCA-FCM

"2 Eigen Decomposition)
3) Variance Selection )

repeat if not
convergent

Pseudocode 1
Simplified iterative process of FCM

1 import numpy as np

2 from sklearn.preprocessing import StandardScaler

3  from sklearn.decomposition import PCA

4 scaler = StandardScaler()

5 Z = scaler.fit_transform(X)

6 pca = PCA(n_components=0.9)

7 Y = pca.fit_transform(z)

8 def fuzzy_c_means(Y, c=3, m=2, epsilon=le-5, max_iter=300):
9 n = Y.shape[@]

10 U = np.random.dirichlet(np.ones(c), size=n)

11 for _ in range(max_iter):

12 U_old = U.copy()

13 C = np.dot(U.T ** m, Y) / np.sum(U.T ** m, axis=1, keepdims=True)
14 dist = np.zeros((n, c))

15 for j in range(c):

16 dist[:, j] = np.linalg.norm(Y - C[j], axis=1)

17 for i in range(n):

18 for j in range(c):

19 denom = np.sum((dist[i, j] / dist[i, :]) ** (2 / (m - 1)))
20 U[i, j] = 1 / denom

21 if np.linalg.norm(U - U_old) < epsilon:

22 break

23 labels = np.argmax(U, axis=1)

24 return U, C, labels

25 U, C, labels = fuzzy_c_means(Y)
26 print("Centroids:", C)

model developed in this research. The selected literature was not
chosen solely for domain relevance, but because each study con-
tributes a methodological component directly aligned with the
workflow of this research, ranging from the use of secondary
structured datasets, feature consolidation procedures, statis-
tical normalization techniques, and dimensionality-reduction
frameworks to fuzzy clustering approaches for clinical interpre-
tation. By integrating these methodological contributions, the
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Table 1
Summary of previous research stages and literature contributions

Author/study Main process

Key parameter Contribution

Bhardwaj et al. [5] in research:
Transforming pediatric speech
and language disorder diagnosis
and therapy: The evolving role of
artificial intelligence

Mohamed Khamis et al. [20] in
research: Using Fuzzy C-Means
clustering and PCA in pub-
lic health: A machine learning
approach to combat CVD and
obesity

Chakraborty et al. [38] in research:
From machine learning to deep
learning: Advances of the recent
data-driven paradigm shift in
medicine and healthcare

Retrieval of published
secondary datasets

acoustic—prosodic fea-
tures (MFCC, jitter,
shimmer, F, duration,
fluency) reported in
previous publications

Statistical standardization
to unify scales

Kosztyan et al. [18] in research:
Network-based dimensionality
reduction of high-dimensional,
low-sample-size datasets

Covariance analysis and
eigen-decomposition

K and M. B [27] in research: Fuzzy
rule based classifier model for
evidence based clinical decision
support systems

Iterative membership and
centroid update

Giberga et al. [3] in research:
Prosody and gestures help prag-
matic processing in children with
developmental language disorder

Assign cluster deviation
levels

Bhardwaj et al. [5] in research: Trans-
forming pediatric speech and
language disorder diagnosis and
therapy: The evolving role of arti-
ficial intelligence, and Li et al. [43]
in research: A curious case of ret-
rogenesis in language: Automated
analysis of language patterns
observed in dementia patients and
young children

Translating cluster out-
puts into therapy plan
suggestions

Consolidating pre-extracted

100 participants (children
aged 4-12, as reported in
source studies)

Provide secondary datasets
from pediatric clinical
studies for the basis of
PCA-FCM analysis

It is the basis for PCA-
FCM integration for
improved cluster com-
pactness and feature
dimensional efficiency

m = 34 features

Z=(X-u)lo Explains the importance of
standardizing data before

dimension reduction

Demonstrate the effec-
tiveness of PCA for
high-dimensional data
and limited samples
(HDLSS)

Provides the concept of
iterative optimization in a
fuzzy-based classification
system

> 90% explained variance

m=2,e=107,¢=3

To correlate the results of
clustering with the level
of prosodic deviation of
children with DLD

Provides a clustered out-
come category-based
clinical approach to indi-
vidualized speech therapy
recommendations

3 cluster classes

Normal/Mild/Severe

PCA-FCM hybrid model can be systematically constructed
to support a more objective, structured, and measurable
identification of children’s speech therapy needs.

3.1.4. Ethics and reproducibility

All data used in this study consist of structured secondary
feature-level datasets derived from previously published scientific
studies. Therefore, no additional ethical approval was required for
this research. All model parameters are deterministically defined
to guarantee consistency and reproducibility of the results, with
the configuration of the m = 2, ¢ = 10~3, explained variance of
90%, and number of clusters ¢ = 3 [5, 12]. This approach ensures
that each analysis process can be replicated identically by other
researchers without reliance on random variables or confidential
data.
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3.2. Data acquisition

This study did not record new sounds or download raw
acoustic signals from any primary repository. All analyses were
performed using a harmonized structured feature-level analyti-
cal dataset constructed based on standardized acoustic—prosodic
feature definitions widely reported in the scientific literature, in
the form of acoustic—prosodic feature tables and numerical sum-
maries that can be cited scientifically. The datasets were compiled
at the feature level and do not involve redistribution of raw
speech recordings. Because the data were already preprocessed
into numerical acoustic descriptors, this study performed no raw
signal processing; all computations began from structured feature
matrices (CSV/TSV).

The dataset consists of structured acoustic—prosodic feature
variables including MFCC, jitter, shimmer, HNR, F, duration,
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articulation rate, and fluency. These variables follow standardized
definitions commonly adopted in speech-processing and clinical
speech-analysis research. All feature definitions and measurement
conventions were preserved consistently within the analytical
framework. No access to primary repositories was requested,
and no raw audio was processed, meaning no additional eth-
ical clearance was required since all compliance was already
fulfilled by the source studies by Li et al. [43]. Data integra-
tion was conducted solely at the feature level by aligning column
names, numerical data types, and units, prior to normalization
and dimensionality reduction. No feature re-extraction or re-
parameterization was performed, thereby minimizing potential
incompatibility across source datasets. Furthermore, dimensional-
ity reduction via PCA was applied after harmonization to reduce
redundant and non-informative variance before clustering. Poten-
tial variability related to differences in recording environments,
linguistic contexts, or assessment conventions is acknowledged
as a methodological consideration, although harmonization was
performed within a standardized analytical framework to reduce
structural inconsistency.

The harmonized dataset analyzed in this study is publicly
available via Figshare (DOI: 10.6084/m9.figshare.31410669) to
ensure transparency and reproducibility of the modeling process.
Although the dataset is analytical in construction and secondary
in nature, the contribution of this study lies in the structured
feature-level harmonization and hybrid analytical framework
applied to pediatric acoustic—prosodic representations.

3.3. Hybrid FCM-PCA model

This section describes the process of preparing data at the
feature-level to build a Hybrid FCM-PCA model. All acoustic
and prosodic features used in this study are derived from pre-
vious publications and are not the result of direct extraction
of raw sound signals. The data were compiled into a harmo-
nized structured feature matrix containing numerical values as
reported in the source publications. The feature engineering stage
includes feature domain identification, statistical normalization,
imputation of lost values, and handling outliers before dimen-
sion reduction using PCA. Each step is designed to ensure that
the data used in the FCM clustering stage has optimal scale con-
sistency, variant stability, and representation to support accurate
and replicative prosodic analysis.

Normalization is done to eliminate the difference in scale
between features so that all variables are in a comparable range
and do not cause bias toward components with large values
[46]. The normalization process uses the Z-score standardization
method, as stated in Equation (4).

X -
g

Z= 4
In Equation (4), Z is the value of the normalized result feature, X
the original value of the feature to-i, u the average features, and
o the standard deviation. This process results in a standardized
matrix Z Sized n X m, where n is the number of samples and m is
the number of features, and o = standard deviation of each feature.

Some source studies present feature tables with missing values
due to limitations of records or unextracted parameters. The lost
value is overcome using the mean-value imputation approach for
each feature column, as stated in Equation (5) [47].

. Xij, if X;; is available

ij X’l-j, if Xj; is missing

®)

In Equation (5), X’ ;j is the value of the imputation result feature
for the entry to -i in the second column. j, X;; is the original value

if available, and X ; is the average of the feature column to -j,
which is used to replace the missing value.

Outlier detection and handling are carried out using the
winsorizing method, which limits the extreme values to the 1st
and 99th percentiles of each feature. This step doesn’t delete
the data but rather replaces the extreme value with the lower or
upper limit to keep the distribution stable without changing the
main structure of the data. Formally, this method is expressed in
Equation (6) [22].

Py Xy < Py (X))
P99(Xj)’ Xl] > P99 (X]) (6)

Xij, other

1" _
Xl.j =

In Equation (6), X' :j’ is the feature value of the winsorizing result
for the entry to-i and the column to-j, P;(X;) and Pgg(X;) each
represent the percentile value to-1 and ke-99 from features to-j,
while X;; is the original value of the feature if it is not included in
the extreme limit.

With this series of steps, the feature engineering process
ensures that all acoustic and prosodic features used in the
Hybrid FCM-PCA model are in standardized condition, free
from extreme values, and ready for the dimension reduction
stage. The entire procedure was carried out deterministically and
consistently on structured secondary data, without making mod-
ifications to the original results published by the source research.
This approach ensures replication, transparency, and scientific
validity of each stage of data processing before entering the
advanced analysis process.

4. Result and Discussion

This section describes the results of the application of the
Hybrid FCM-PCA model in identifying children’s speech ther-
apy needs. The analysis was carried out sequentially, starting
from the dimension reduction stage to the interpretation of the
results to clinical implications. All data consist of harmonized,
structured secondary feature-level datasets that have undergone
normalization and integration procedures.

4.1. Secondary structured dataset

This study employs a structured secondary dataset derived
from previously published research on acoustic and prosodic
feature extraction. All data were obtained in numerical format,
without involving raw audio signals, ensuring compliance with
ethical and reproducibility standards. The preprocessing pipeline
included feature harmonization, winsorizing at the 0.01-0.99
quantiles to minimize the influence of extreme values, and
linear normalization to constrain all features within the [0,1]
interval. The final dataset contains 174 observations and 42 acous-
tic—prosodic attributes spanning four major domains: spectral,
phonation, prosodic, and temporal parameters.

All features were subsequently standardized using z-score
normalization and rescaled to maintain comparability prior to
dimensionality reduction. The harmonization outcomes summa-
rized in Table 2 confirmed that the dataset met the numerical
prerequisites for PCA analysis: (i) consistent scaling across fea-
tures, (ii) absence of missing values, and (iii) no extreme anomalies
remaining after trimming and normalization. This finalized
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Table 2
Summary of secondary structured dataset
Feature category Feature name Min Mean Max
Spectral features MFCC, -35.24 42.87 7.46
MFCC, -28.91 36.15 5.22
MFCC;, -22.84 30.67 4.18
MFCCy.i3 -18.75 24.96 391
Formant F, 310 870 523.40
Formant F, 885 2320 1478.20
Formant F; 1790 3025 2395.60
Spectral centroid 1550 4100 2864.30
Phonation features Fundamental frequency 75.30 315.4 181.60
Jitter (local) 0.12 1.75 0.63
Shimmer (local) 0.18 2.63 1.02
Harmonic-to-noise ratio 8.42 25.68 17.53
Cepstral peak prominence 9.88 27.14 18.79
Prosodic features Speech rate 2.10 5.80 3.94
Intensity (rms energy) 53.50 78.90 66.80
Pitch range 95.40 275.10 164.20
Energy variability 1.14 6.28 3.19
Temporal features Utterance duration 0.54 3.76 1.94
Pause duration 0.08 0.97 0.41
Voice segment count 12 64 33.70
Speech tempo variability 0.71 1.43 0.98
Statistical aggregates Mean per feature
Standard deviation per feature - - -
Dataset size 172 x 42
174 x 42 dataset served as the input for PCA to extract the four Table 3

principal components (K = 4) used in subsequent fuzzy clustering.

4.2. PCA outcomes

The PCA stage was employed to reduce the redundancy
and inter-feature correlation among the 42 acoustic—prosodic
variables. Using the Kaiser—Guttman criterion (eigenvalue > 1),
four principal components were retained, collectively explain-
ing 83.27% of the total variance, which is considered highly
representative for a subsequent clustering process. The detailed
eigenvalues and variance proportions are presented in Table 3.
These four retained components capture the dominant struc-
ture of the feature space while ensuring that the transformed
variables are uncorrelated. The mathematical formulation of the
PCA procedure follows established approaches commonly used in
acoustic—prosodic analysis [17, 30]. To visualize the change in the
contribution of variance for each component, a scree plot is cre-
ated as shown in Figure 2. This representation further supports
the interpretability of the PCA process by providing a clearer
understanding of how dominant components contribute to overall
feature variance across the dataset.

Figure 2 shows the “elbow” point on PC4 that marks the
optimal limit of the number of main components, according to the
principles of Kaiser and Cattell. A sharp pattern of depreciation
of eigenvalues up to PC4 indicates latent structural stability after
reduction. Interpretively, PCI is strongly correlated with prosody
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Eigenvalues and cumulative variants of PCA

Component Eigenvalue Varian (%) Cumulative (%)

PC, 5.87 48.90 48.90

PC, 2.12 17.64 66.54

PG, 1.05 8.75 75.29

PC, 0.96 7.98 83.27
Figure 2

Scree plot of eigenvalues and variance retention
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features (FO mean, intensity, duration), PC2 with jitter-shimmer
fluctuations, PC3 with HNR ratio, and PC4 with speech flu-
ency rate. Interpretively, PC1 is strongly correlated with prosody
features (FO mean, intensity, duration), PC2 with jitter-shimmer
fluctuations, PC3 with HNR ratio, and PC4 with speech fluency
rate. This preserves clinical traceability by linking each retained
component to recognizable acoustic—prosodic domains. These
findings are consistent with studies by Mohamed Khamis et al.
[20] on the public health domain and studies by Garg et al. [32] on
accent classification, both of which demonstrate the efficiency of
the four components of PCA in maintaining the variance > 80%.

The results of the two-dimensional projection (PCI-PC2)
show clear differences between groups: the severe cluster is in the
range of PCI1 > +0.8, while the normal cluster is < —0.7. This con-
firms that PCA reduction not only lowers the complexity from
24 features to 4 components but also increases data separation
before the fuzzy clustering process.

4.3. Clustering result

The FCM algorithm was applied to the four principal com-
ponents extracted from the PCA stage, which retained 82.27% of

the total cumulative variance. The model was configured to pro-
duce three clusters—Normal, Mild, and Severe—with a fuzzifier
value of m = 2.0, cluster count ¢ = 3, and a maximum of 300 iter-
ations. Table 4 presents the centroid coordinates of each cluster
in the PCA-transformed feature space, along with the dominant
membership proportions (hard assignment based on the argmax
of fuzzy membership values). The results indicate stable and well-
separated centroid structures, particularly in the PC1-PC2 plane.
The severe cluster (C2) is positioned at a highly positive PC1
(0.92) and negative PC2 (—0.41), while the normal cluster (C0)
lies at a strongly negative PC1 (—0.82). The cluster membership
distribution is relatively balanced across groups (CO = 33.33%,
C1 = 36.21%, C2 = 30.46%). A multidimensional visualization
of the FCM clustering results is provided in Figure 3. Panel (a)
displays the PC1-PC3 projection with iso-membership contours
(threshold: 0.5), whereas panels (b—d) illustrate additional pro-
jection pairs (PC1-PC4, PC2-PC3, and PC2-PC4), including
fuzzy boundary regions and trust ellipses centered around the
respective centroids.

Figure 3 shows the multidimensional projection of the results
of the FCM-PCA clustering on various combinations of the main
components (PC1-PC4). The distribution pattern shows that C,

Table 4
Centroid PCA and member distribution (FCM-PCA)
Cluster PCl1 PC2 PC3 PC4 Member (n) Propose (%)
Co -0.82 0.13 0.05 0.02 58 33.33
Cl 0.47 0.26 -0.18 0.09 63 36.21
2 0.92 -0.41 0.23 -0.14 53 30.46
Figure 3

Multidimensional PCA projections and fuzzy cluster distributions: (a) PC1-PC3 projection, (b) PC1-PC4 projection, (c) PC2-PC3
projection, and (d) PC2-PC4 projection
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(Normal) and C, (Severe) have a clear spatial separation, while
C1 (Mild) forms a transition area with a fuzzy overlap between
them. The contours of the iso-membership boundary (u = 0.5)
show a zone of uncertainty at the relatively narrow inter-cluster
edge, indicating stable membership. The 95% confidence ellipse
surrounding each centroid reinforces the interpretation that the
clustering results have a controlled internal distribution. These
results are in line with the findings in Yan and Xie [30], where
PCA was used to improve cluster separability prior to the appli-
cation of FCM. The cluster color represents the hard assignment
resulting from the fuzzy membership maximum value, while the
dotted line depicts the membership limit u = 0.5. The position of
the centroid is taken from Table 4 with the coordinates: C0 (—0.82,
0.13, 0.05, 0.02), C1 (0.47, 0.26, —0.18, 0.09), and C2 (0.92, —0.41,
0.23, —0.14).

4.4. Evaluation model

The evaluation of the clustering quality in this study was
carried out using the Xie-Beni (XB) index, which is specifically
designed to assess the performance of the FCM [48]. The XB
index measures the ratio between the total intra-cluster disper-
sion and the minimum inter-centroid distance; therefore, a lower
XB value indicates more compact clusters and greater separation
across centroids.

To examine the effect of dimensionality reduction on cluster-
ing stability, three models were compared: (i) FCM-only (baseline
model without PCA), (ii) K-Means-PCA (hard clustering after
PCA), and (iii) the proposed Hybrid FCM-PCA model. As shown
in Table 5, the Hybrid FCM-PCA model achieved the lowest
XB value (0.421), indicating the most compact clusters and the
largest centroid separation among the three approaches. This
improvement reflects the contribution of PCA in reducing fea-
ture redundancy and decreasing fuzzy membership dispersion by
decorrelating the acoustic—prosodic features. These findings are
consistent with previous studies by Mohamed Khamis et al. [20]
as well as Yan and Xie [30], which also report enhanced clus-
ter separability following PCA integration. Overall, the proposed
model demonstrates a performance improvement of 25.6% rela-
tive to the FCM-only baseline. A visual comparison of XB values
across the models is provided in Figure 4.

Figure 4 shows a 25.6% decrease in the XB index value
from the FCM-only model to the Hybrid FCM-PCA, indicat-
ing a significant increase in cluster compaction and separation.
These results indicate that dimension reduction using PCA
is able to improve the fuzzy space structure, resulting in a
denser membership distribution and more assertive inter-cluster
boundaries.

The Hybrid FCM-PCA model shows an XB value = 0.421,
representing the optimal balance between compactness and sep-
arability of the cluster. In contrast, the comparator models

Figure 4
Comparative vierbeins index among clustering models

Best = 0.421

FCM 0.566

0.509 +10.1% vs FCM

K-Means—PCA

0.421 +25.6% vs FCM

Hybrid FCM-PCA

0.0 02 0.4 0.6
Xie—Beni Index

(FCM-only and K-Means-PCA) produce looser fuzzy structures.
Thus, PCA integration has been shown to improve the efficiency
of acoustic—prosodic feature representation without sacrificing
fuzzy division stability.

4.5. Implication for speech therapy

The results of the Hybrid FCM-PCA model reveal a strong
correspondence between children’s acoustic—prosodic patterns
and their levels of speech therapy need. The fuzzy clustering
approach used in this study reflects clinical reality, wherein speech
deviations occur along a continuous spectrum rather than as
strictly discrete categories [49]. The three clusters identified—CO0
(Normal Speech Pattern), C1 (Mild Deviation), and C2 (Severe
Deviation)—represent distinct levels of prosodic disruption com-
monly observed in pediatric speech therapy assessments. The XB
validity index (XB = 0.421) confirms that the model produces
compact clusters with clear centroid separation, indicating its
suitability for early-stage clinical decision support.

Table 6 provides a detailed interpretation of these clusters,
including typical acoustic—prosodic characteristics and their cor-
responding therapy implications. The fuzzy membership values
allow transitional conditions to be detected, such as a child
displaying partial membership between mild and severe cate-
gories (e.g., W(C1) = 0.63 and u(C2) = 0.37), suggesting an
increasing likelihood of requiring more intensive intervention [35].
This supports the view that speech disorder severity progresses
continuously, not categorically.

Building on these interpretations, Figure 5 presents a
conceptual mapping between the fuzzy cluster outcomes and rec-
ommended therapeutic intervention levels. The horizontal axis
represents the degree of acoustic—prosodic deviation from nor-
mal to severe, while the vertical axis illustrates the corresponding
therapy intensity, ranging from routine monitoring to structured
therapy and intensive rehabilitation. This mapping demonstrates
how fuzzy cluster membership can be translated into practical
clinical recommendations.

Figure 5 illustrates the relationship between fuzzy model
output and speech therapy results. The higher the prosodic

Table 5
Comparison of Xie-Beni between clustering models
Model Xie-Beni index Downside to FCM Interpretation
FCM 0.566 - Loose clusters, fuzzy borders intersect
K-Means-PCA 0.509 10.07% Clusters are more compact after dimension
reduction
Hybrid FCM- 0.421 25.6% The most stable and distinct clusters are clear
PCA (proposed)
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Table 6
Interpretation of fuzzy clusters and recommended therapy actions
Cluster Acoustic-prosodic characteristics  Indicative speech pattern Recommendation
Normal (C0) High pitch and tempo stability, Normal speech pattern with- No intensive therapy is required,
low jitter and shimmer, uniform out phonation or prosody just regular monitoring
phoneme duration deviation
Mild (C1) Tempo variation and intonation Mild disturbances in fluency Mild phonetic interventions,
are slightly limited; the shim- and intonation focusing on tempo control and
mer increases slightly (~ +0.02 prosodic expression
from normal)
Severe (C2) Pitch and formant unstable, high Severe disturbances in Intensive therapy: breathing

jitter (> 0.09), inconsistent

phonation and articulation

phonation exercises, speech

tempo

rhythm control, and structured
prosodic stimulation

Figure 5
Conceptual mapping between fuzzy clusters and speech therapy levels
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deviation (right direction), the greater the intensity of the inter-
vention required (upward). This model can be used as the
initial framework for clinical decision support systems to deter-
mine therapy priorities based on automatically measured acoustic
parameters. The Hybrid FCM-PCA approach not only success-
fully classifies acoustic data statistically but also has practical
implications in children’s speech therapy. By providing clear inter-
cluster fuzzy boundaries, the model allows for early identification
of children at risk of mild prosodic disorders so that interventions
can be made before symptoms worsen. In addition, the results
of the clustering can be used as a reference map for therapists
to adjust the intensity of the exercise according to the level of
disturbance detected [5, 44]. Overall, the integration of artificial
intelligence at this stage of diagnosis has the potential to speed up
the assessment process and improve the efficiency of data-driven
speech therapy.

5. Conclusion

This study demonstrates that the Hybrid PCA-FCM model
is effective in identifying children’s speech therapy needs based
on acoustic—prosodic patterns within the analyzed structured
dataset. By reducing dimensional redundancy through PCA and
modeling continuous speech deviation through fuzzy member-
ship, the model successfully classifies children into three clinically

interpretable groups: Normal, Mild Deviation, and Severe Devi-
ation. The lowest XB index value (XB = 0.421) confirms strong
compactness and separation of clusters, supporting the model’s
suitability for exploratory early-stage clinical pattern analysis.
These findings highlight the potential of hybrid unsupervised
learning as a foundation for automated early-screening tools
in pediatric speech assessments. The reported results reflect
structural clustering validity within the analyzed dataset rather
than inferential statistical comparison between predefined clini-
cal groups. Formal validation involving certified speech-language
professionals is required before clinical deployment of the pro-
posed framework. Further validation using independent and
prospectively collected datasets is recommended to strengthen the
generalizability and robustness of the proposed framework.

Recommendations

Based on the findings of this study, several recommenda-
tions can be proposed. First, the Hybrid PCA-FCM framework
may serve as a supportive analytical framework for preliminary
screening in pediatric speech-language assessments to help clin-
icians prioritize children who are likely to require therapeutic
intervention. Second, clinicians are encouraged to complement
perceptual evaluations with acoustic—prosodic analysis, as fuzzy
membership values can provide additional insight into subtle or
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transitional deviations. Third, the system should be expanded
with automated feature extraction and real-time processing mod-
ules to improve its practicality in clinical environments. Finally,
future research is recommended to incorporate larger multilingual
datasets, raw signal analysis, and expert-labeled clinical data and
to explore XAI techniques to enhance model transparency and
support wider clinical adoption.
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