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Machine (ELM). ABSTRACT: Pathological voice disorders are associated with abnormal oscillation of

the vocal folds and changes in phonatory traits that can be quantified through acoustic
metrics. Although machine learning and deep learning methods have demonstrated
promising results in automated voice pathology identification, the application of clinically
interpretable acoustic features along with computation-efficient nonlinear learning
remains a significant research area. The present study proposes a clinically interpretable
feature learning framework for Multi-Dimensional Voice Program (MDVP) via Stacked
Extreme Learning Machine (SELM) and Kernel Extreme Learning Machine (KELM) to
classify pathological voices. From speech recordings, an extensive depiction of vocal
performance is derived to extract parameters of the Multi-Dimensional Voice Program
(MDVP) including fundamental frequency, frequency perturbation, amplitude
perturbation and nonlinear traits. The derived features are standardized and selected to
reduce redundancy and improve discriminative representation. Two complementary
learning frameworks are then applied: SELM and KELM are used to model the
hierarchical and nonlinear associations in the MDVP feature domain respectively. The
results of the complementary classification are fused using a decision-level fusion
approach for the final pathological voice classification. The proposed framework is
evaluated independently on the Saarbriicken Voice Database (SVD) and the VOICED
database, so that no single database is relied upon and evaluations can be performed under
different recording and speaker conditions. In addition, ablation experiments are
conducted to evaluate the separate contributions of traditional ELM, KELM, SELM and
the proposed fused architecture.

1. INTRODUCTION

Voice is an important aspect of human interaction and anomalies in voice production can have a profound effect on speech
quality, communicative ability and quality of life. Voice disorders may be caused by structural, neurological, functional or
behavioral abnormalities of the laryngeal and phonatory systems. The clinical evaluation of voice disorders generally involves
perceptual evaluation by qualified professionals, laryngoscopic and acoustic evaluations. Clinically, perceptual assessment is still
important but its results can be affected by the experience and subjectivity of the examiner. Thus, objective acoustic analysis
has attracted much attention as a non-invasive approach to quantify the vocal features and to provide computer-aided

pathological voice evaluation [1], [2].

Acoustic voice analysis is the description of vocal behavior through measurable features of speech signals. The fundamental
frequency (FO), jitter, shimmer, harmonics-to-noise ratio (HNR) and associated perturbation measures have been extensively
used to characterize normal and pathological phonation [2] [3] [4]. The MDVP (Multi-Dimensional Voice Program) is one of
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the available acoustic analysis systems and it provides a large variety of parameters that characterize different aspects of voice
production. These include metrics of fundamental-frequency, frequency variability such as jitter and relative average
perturbation (RAP), amplitude variability such as shimmer and amplitude perturbation quotient (APQ), harmonicity and noise
metrics, and other measures related to vocal inconsistency. The parameters are of particular interest for computer-assisted

pathological voice assessment as they relate ditectly to measurable properties of phonation.

The clinical relevance of the MDVP parameters has been shown in studies of both normal and pathological vocalizations. For
example, jitter and shimmer are measures of short-term variation in frequency and amplitude between successive cycles of the
voice and may reflect irregularities in oscillation of the vocal folds. Studies on patients with vocal nodules and polyps reported
significant differences in MDVP-calculated jitter and shimmer between specified pathological and normal voice groups.
Likewise, studies comparing healthy and dysphonic speakers have revealed significant group differences in measures such as
standard deviation of IO, jitter, shimmer, and HNR [6] [7]. These results suggest that MDVP measures may be useful in
differentiating normal from abnormal phonatory behavior. There are many factors that influence the acoustic measurement of
voice. These include the signal collection system, recording environment, analysis algorithms and the periodicity of the voice
under study. Comparative studies of MDVP and other acoustic analysis software have shown that use of different analysis
systems can yield different values for the same jitter, shimmer and HNR measures, particularly in dysphonic voices with
aperiodic components. The observation emphasizes the importance of consistent pre-processing and feature extraction
techniques for developing machine learning based pathological voice classification systems. It also encourages the adoption of
a well-designed feature learning framework that can utilize the data contained in different MDVP parameters rather than relying
on a single acoustic metric. It is a powerful approach to finding correlations between acoustic features and pathological
categories of voice. The classification of voice pathologies has been widely investigated using traditional classifiers such as
support vector machines, artificial neural networks and ensemble learning techniques. However, the multidimensional MDVP
representation contains different features that can be nonlinearly and correlated. Therefore, a classifier that can effectively

represent nonlinear associations with reasonable computational efficiency is desired.

For such a purpose the Extreme Learning Machine (ELM) offers an attractive educational framework. ELM was introduced by
Huang et al. as a learning algorithm for single-hidden-layer feed-forward neural networks in which the parameters of hidden
layer are randomly assigned and the output weights are analytically calculated [8]. ELM does not need to iteratively optimize all
parameters in the network, unlike traditional neural networks based on gradient descent. The output weights are obtained by a
generalized inverse solution. This results in drastically accelerated training without loss of nonlinear mapping functionality [8].
Subsequent developments generalized ELM to regression and multiclass classification, thus providing a general learning

framework for a wide variety of pattern-recognition problems [9].

Although traditional ELM can offer computationally efficient nonlinear learning, the single hidden layer architecture of ELM
may not well exploit complex hierarchical relationships among different acoustic parameters. This is overcome by the
Hierarchical or Stacked ELM architectures, which are built by multiple representation-learning stages, while preserving the
analytical learning properties of ELM. Hierarchical ELM has been proposed for the feed-forward neural network to enable
hierarchical learning by requiring adjustment of only relevant output weights, providing an alternative to classical iterative deep-

network optimization [10].

Another important improvement is the Kernel Extreme Learning Machine (KELM) that employs kernel-based mapping to
represent nonlinear relationships in an implicit feature space. Kernelization does not require the explicit construction of a
possibly large hidden-layer representation, and allows the modeling of nonlinear similarity relationships among samples by a
kernel function [9]. This feature is especially important for the classification based on the MDVP, as the relation between
individual perturbation, harmonicity and nonlinear voice parameters might not be lineatly separable. Therefore, the application

of kernel learning can give a further representation to hierarchical ELM learning.

There are clinically important MDVP parameters and computational advantages of ELLM based learning but there is a large
research opportunity. Existing methods cannot propetly solve the problem of clinically interpretable acoustic representation
and the additional problem of nonlinear feature extraction. Further systematic investigation is needed to assess the potential of
MDVP parameters to act as a unified feature representation for Stacked ELM and Kernel ELM and to integrate their
complementary predictions at the decision level. Additionally, the robustness of this framework should be tested separately on

well-known pathological voice databases instead of just one database.
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Hence, in this research, we propose a Clinically Interpretable MDVP Feature Learning framework for resilient classification of
pathological voices using Stacked and Kernel Extreme Learning Machines. The proposed framework extracts a broad set of
MDVP features from voice recordings. Feature normalization and selection are carried out and the Stacked ELM and Kernel
ELM are used as synergistic learning structures. A decision level fusion technique is used to fuse the results of the two classifiers
for the final classification decision. The proposed methodology is separately evaluated on Saarbriicken Voice Database (SVD)
and VOICED database. This allows the evaluation of the efficacy of the framework on two recognized pathological voice
datasets. The experiments include evaluation of each classifier, ablation studies, and comparison with start of the art works on

pathological voice classification.
Contributions of the paper:

e A multidimensional MDVP-based acoustic framework is constructed to charactetize the dynamics of fundamental
frequency, frequency perturbations, amplitude fluctuations, harmonicity, noise and nonlinear attributes of pathological

voices, thereby generating a clinically interpretable MDVP representation.

e  We study a Stacked ELM model that learns incrementally transformed representations of the MDVP feature space
while preserving the computational benefits of analytical ELM learning.

e Nonlinear MDVP learning with Kernel ELM: Kernel ELM is used to learn nonlinear relations in the MDVP feature
space by implicit kernel mapping.

e Complementary decision-level integration: Decision-level fusion is employed to combine the results of Stacked ELM
and Kernel ELM to leverage their synergistic learning attributes and enhance pathological voice classification.

e Independent evaluation on the two public databases: The proposed framework is evaluated independently on the
Saarbriicken Voice Database (SVD) and the VOICED database, under the same evaluation criteria and customized
experimental settings for both databases.

e Improved classification efficiency: The experimental results show that the proposed fused MDVP-Stacked ELM—
Kernel ELM framework provides higher classification efficiency than its individual learning configurations and also
performs better than the selected published methodologies used for comparative analysis.

The remainder of this document is structured as follows. Section 2 presents the related literature on MDVP-based feature
representation, Extreme Learning Machine, Stacked ELM and Kernel ELM, which reveals the research gap. Section 3 describes
the proposed methodology including the voice databases, pre-processing, MDVP feature extraction, feature selection, Stacked
ELM, Kernel ELM, decision-level fusion and the proposed algorithm. Experimental setting and evaluation metrics are described

in Section 4 and research findings are reported in Section 5.
2. Related Works

The performance of a pathological voice classification system depends on the quality of the acoustic representation and on the
ability of the learning model to exploit the information contained in such representation. The section is concerned with four
interrelated domains: Multi-Dimensional Voice Program (MDVP) based acoustic representation, Extreme Learning Machine
(ELM), Stacked or Hierarchical ELM and Kernel Extreme Learning Machine (KELM). This development explains the technical
rationale for the proposed clinically interpretable MDVP feature learning framework.

2.1 MDVP-Based Feature Representation

MDVP (Multi-Dimensional Voice Program) provides an extensive acoustic platform for quantitative analysis of voice
production. The system calculates different acoustical measures describing different aspects of the phonatory function, thus
being suitable for the objective assessment of voice disorders [11], [12]. Kent et al. reported that the MDVP could provide a
wide variety of quantitative acoustic measures and that the reliability of voice assessment in dysarthric subjects was generally
good [12]. Several complementary parameters are necessary, since pathological phonation may appear as changes in frequency

stability, amplitude stability, harmonicity and irregularities in the vibration of the vocal folds.

The MDVP metrics can be classified into fundamental frequency, frequency perturbation, amplitude perturbation, harmonicity
versus noise and nonlinear aspects. Pitch properties are described by metrics of the fundamental frequency such as mean IO,
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Fhi and Flo. Jitter, RAP, PPQ and DDP are measures of variation in time of successive vocal cycles, while shimmer, APQ and
DDA are measures of variation in amplitude. HNR and NHR provide information about the harmonic and noise parts. These
metrics are interesting for the classification of pathological voices, because their physical interpretation is directly related to the
phonatory behavior [11], [12].

Nonlinear measures can provide more insight into the vocal signal when it behaves in a complex or erratic manner. Little et al.
investigated both conventional and unconventional dysphonia measures and suggested that the Pitch Period Entropy (PPE) is
a reliable indicator of dysphonia-related irregularity [13]. Their study also demonstrated that the combined application of
complementary acoustic measures is able to distinguish healthy and dysphonic individuals. The results support the use of a
multidimensional instead of a single-feature representation.

The primary benefit of MDVP is its clinical interpretability. These parameters may be different for measurable characteristics
of phonation and so the acoustic behavior helps to explain the input to the classifiers. At the same time the feature set is
heterogeneous and can contain correlated or redundant variables with strongly varying numerical ranges. These features require
feature normalization and selection before classification and impose a requirement on a model capable of learning nonlinear
interactions between the selected MDVP descriptors. Table 1 Categories of MDVP features and their clinical significance.

Table 1. MDVP feature groups and their clinical interpretation.

MDVP feature group | Representative parameters | Information represented
Fundamental frequency | FO, Fhi, Flo Pitch and vocal-fold vibration rate
Frequency perturbation | Jitter, RAP, PPQ, DDP Cycle-to-cycle frequency instability
Amplitude perturbation | Shimmer, APQ, DDA Cycle-to-cycle amplitude instability
Harmonicity/noise HNR, NHR Periodicity and noise characteristics
Nonlinear/irtregularity RPDE, DFA, PPE Complexity and irregular vocal behavior

2.2 Extreme Learning Machine

The Extreme Learning Machine (ELM) is proposed for single-hidden-layer feed-forward neural networks, in which the
parameters of hidden layer are randomly initialized and the output weights are analytically determined [14]. Compared to
traditional back-propagation networks, the ELLM does not require iterative fine tuning of all the network parameters. This greatly
decreases the training complexity and speeds up the learning with maintaining the ability of nonlinear mapping.

X is the input matrix and T is the target matrix for N training instances. The hidden layer generates an output matrix H, which
is the result of applying the hidden-layer transformation to the input samples. The output of the network is:

HB =T M
B=HHT @)

Where 8 is the output-weight matrix, and H 1 is the Moore-Penrose generalized inverse. Thus, ELM formulates the leatning
of the output layer as an analytical least-squares solution [14]. Later, ELM was extended to regression and multiclass
classification, which offers a unified learning framework with benefits in scalability and fast training.
These characteristics are attractive in pathological voice classification based on MDVP, since the feature space is compact but
heterogeneous and may include nonlinear relationships. However, the usual ELM normally does a single hidden layer
transformation. This might limit its ability to represent complex hierarchical relations among different groups of MDVP
features, prompting to use of stacked or hierarchical ELM architectures [15].

The MDVP features are attractive for pathological voice classification, as they offer a compact yet heterogeneous feature space
that can capture nonlinear correlations. However, conventional ELLM usually has only one hidden-layer transformation. This
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might limit its ability to represent complex hierarchical relations among different groups of MDVP features, prompting to use
of stacked or hierarchical ELM architectures.

2.3 Stacked Extreme Learning Machine

Hierarchical ELM is an extension of the traditional ELM, which organizes multiple ELM-based transformation stages, where
the representation generated in a stage can also be further transformed in a latter stage. For hierarchical feed-forward networks,
a hierarchical ELM has been proposed, which preserves the idea that the relevant output weights can be analytically calculated
instead of the traditional end-to-end backpropagation [16].

In a stacked architecture, the representation at layer 1 can be viewed as
H() = gXw(1) + b(1)) 3)
H) = glH(I-DWO + b)), 1 = 2,..,L, &)

g(+) is the nonlinear activation function. The aim of stacking is to generate successively more modified representations rather

than just adding more neurons in one layer.

This principle is applicable to MDVP, as its features represent different but related aspects of phonation. A hierarchical model
can learn interactions of frequency perturbation, amplitude perturbation, harmonicity and non-linear descriptors at successive
levels of representation. Its advantage is that it combines the hierarchical representation learning and the computational
properties of ELM . However, the number of layers, hidden nodes, and activation functions should be controlled to avoid

unnecessary complexity.
2.4 Kernel Extreme Learning Machine

An alternative nonlinear learning method is the Kernel Extreme Learning Machine (KELM), which uses a kernel function to
represent the ELM mapping. Kernel learning is about using inner products in an implicit feature space rather than explicitly
forming a possibly high-dimensional hidden representation. Huang studied the relationship between ELM, random features
and kernels, and gave a unified view of feature-space learning in the setting of ELM [17]. Later analysis of kernel ELM classifiers
has revealed the relation between KELM and infinite single-hidden-layer networks, and also studied the kernel-space

development for classification [18].

For two input vectors xi and Xj, a kernel function can be written as

K(xi,xj) = (i), (x))), ®)
Nij = K(xi,xj) (6)

Whereas @(+) is an implicit nonlinear mapping and (2 is the kernel matrix. A commonly used nonlinear choice is the radial basis
function (RBF) kernel:

K (xi,xj) = exp(=|lxi — xjl|*/ (20%)) @

The parameter 0 determines the width of the kernel. KELM is attractive for MDVP since the healthy and pathological classes
may not be lineatly separable in the original acoustic feature space. The kernel mapping can offer a flexible nonlinear decision
boundary, while maintaining the analytical learning framework of ELM [17], [18].

The performance of KELM depends on the kernel type, regulatization and kernel width parameters. In addition, the size of the
kernel matrix increases as the number of training samples increases, which puts pressure on memory and computational

resources. These aspects require conscious hyperparameter tuning and complexity consideration in the proposed research.
2.5 Research Gap

Three main findings emerge from the literature under review. MDVP initially provides a multidimensional description of
vocalization patterns, which are clinically interpretable [12]—[14]. Secondly, ELM can achieve fast analytical nonlinear learning
with a relatively simple training process [14], [15]. Third, hierarchical ELM and kernel ELM improve this functionality by using
incremental representation learning and implicit nonlinear feature-space modeling, respectively [16][17][18].
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However, these abilities have generally been viewed as separate learning processes. A systematic framework for pathological
voice classification is still needed, which retains MDVP as a clinically interpretable metric and takes advantage of the synergistic
features of Stacked ELM and Kernel ELM. The benefit of fusing hierarchical and kernel-based learning at the decision level

requires a systematic evaluation on well-established pathological voice databases.

In the present paper, this gap is addressed by proposing a framework based on MDVP where selected acoustic parameters are
normalized individually and learned by Stacked ELM and Kernel ELM, respectively. Their results are then combined through
decision-level fusion. We test the proposed framework separately on the Saarbriicken Voice Database (SVD) and the VOICED
database.

3. PROPOSED METHODOLOGY

In this work, clinically interpretable MDVP acoustic features are combined with two synergistic learning paradigms based on
Extreme Learning Machines, Stacked Extreme Learning Machine (SELM) and Kernel Extreme Learning Machine (KELM).
The complete pipeline includes database dependent voice acquisition, speech pre-processing, MDVP feature extraction, feature
normalization and selection, independent learning by SELM and KELM and decision level fusion. The Saarbruecken Voice
Database (SVD) and the VOICED database are evaluated separately, samples are kept apart, and no cross-database

experimentation is done.
3.1 Proposed Framework

Fig. 1 shows the complete architecture of the proposed framework. The first pre-processing is performed on a voice recording
from SVD or VOICED. The modified signal is then subjected to MDVP analysis to provide a multidimensional acoustic
representation. Then, normalization and feature selection are performed due to the different scale of MDVP parameters and
the possible existence of redundant data. The resulting feature vector is fed separately into the SELM and KELM branches.
SELM learns hierarchical non-linear representations while KELM describes non-linear relationships in an implicit kernel feature
space. The two outputs are ultimately fused at the decision level.

1. DATA ACQUISITION 2. PREPROCESSING 3. MDVP FEATURE EXTRACTION 4. DUAL LEARNING ARCHITECTURE

(Two Independent Databases)
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x*= [xj1,xj2,...,xjm]"T, m < d, ©)

Where d the number of extracted MDVP parameters and m is the number retained after feature selection. The selected
representation is supplied to the two classifiers:

pS = fS(x *) (10)
pK = fK(x*) (11
pF = F(pS,pK) (12)

where fS and fK ate the Stacked ELM and Kernel ELM transformations respectively and F is the decision level fusion
function. The framework is based on the general ELM learning principle proposed by Huang et al. [14] and extended by
hierarchical [16] and kernel-based [17], [18] [19] [20] learning methodologies.

3.2 SVD and VOICED Databases
3.2.1 Saarbriicken Voice Database

The Saarbriicken Voice Database (SVD) is a German audio database that has been collected for phonetic, speech disorder and
computer based speech examination research. The database contains normal and abnormal speech samples that were recorded
in controlled environments [21]. Recent methodological studies have shown that the SVD contains recordings from more than
1800 speakers and includes a wide range of voice disorders and control recordings, and performance varies significantly
depending on the subset of pathologies and audio content selected [22]. Table 2 shows the description of the SVD dataset.

3.2.2 VOICED Database

PhysioNet provides an available pathological voice database called VOICED (VOice ICar fEDerico II) database [2]. It consists
of 208 clinically validated voice samples, including 150 pathological and 58 healthy voices [23]. Cesari et al. generated the
database as a collection of vocalizations from healthy and pathological subjects [24]. The audio recordings and the metadata
that goes with them are provided for research into automatic voice analysis and pathology detection. For the binary classification

problem considered in this study, the target vatiable is represented as y = {0, Healthy; 1, Pathological }.

Both databases are evaluated separately. Samples of SVD are not mixed with VOICED samples for training and testing and
vise versa. This design is in line with the aim of evaluating the proposed method on a per-database basis rather than evaluating
cross-database transfer. Table 2 shows the description of the VOICED dataset.

Table 2. Database description of SVD and VOICED dataset.

Database Healthy Pathological
SVD 687 1356
VOICED 58 150

3.3 Speech Pre-processing

Audio recordings can contain initial and final silences, variations in amplitude and artifacts that depend on the recording
procedure, which can influence the evaluation of acoustic features. Hence, pre-processing is petrformed prior to the MDVP
extraction. The process involves normalizing amplitude, locating the relevant phonatory segment, normalizing signal formats,

and examining and removing non-informative silence. The pre-processing tasks are consistently done among each database.
S[n] = P{s[n]} (13)

3[n]

sy[n] = v (14

Whete s[n] is the otiginal discrete-time signal, P{-} denotes the preprocessing operation, and Sy[n] is the normalized signal.
The preprocessing stage is deliberately kept separate from feature normalization so that signal-level and feature-level

transformations are not conflated.
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3.4 MDVP Feature Extraction

The MDVP is preferred to be the main acoustic representation, since its parameters still have direct relationships with
measurable characteristics of phonation [11], [12]. The derived features are grouped into fundamental frequency, frequency
perturbation, amplitude perturbation, harmonic-to-noise ratio, and nonlinearity versus irregularity. The MDVP feature vector

is shown in Fig. 2.

Multi-Dimensional Voice Program (MDVP) Parameters

A. Fundamental ] { B. Frequency ) C. Amplitude ‘ ( D. Harmonicity / ‘ ‘( E. Nonlinear / |
Frequency Perturbation Perturbation Noise | Irregularity
§ B a 5
g & 2 H
&
Time (s) Time (s) Time (s) Frequency (Hz)
+ FO (Mean) « Jitter (local) « Shimmer (local) « HNR « RPDE
« FO (SD) « Jitter (rel) « Shimmer (dB) « NHR « DFA
+ FO (Min) +« RAP +« APQ3 « Spread1, Spread2
« FO (Max) « PPQ5 « APQ5 * PPE
« Fhi (Highest F0) « DDP « APQN
* Flo (Lowest F0) « DDA

Comprehensive MDVP Feature Vector
(Concatenation of all extracted parameters)
Fig. 2. Categorization of the MDVP feature space used as the clinically interpretable input representation.
The complete MDVP vector is represented as
= T
x = [Xpo, Xy, Xs) XH) Xy ] (15)

Where, Xpo, X;, Xs, Xy, and Xy, represent fundamental-frequency, frequency-perturbation, amplitude-perturbation,

harmonicity/noise, and nonlinear feature groups, respectively.

Frequency perturbation can be represented using a normalized period-difference formulation:

1¢N-1
_ §Ziz1 ITi = Tigal

J= 16
%Z{_\Ll Ti ( )
Similarly, amplitude perturbation can be represented as
1 -
Sh = ﬁzi\':fl/*i—flml (17)

1wN
ﬁzi=1AL

T; and A; are the length and amplitude of the i*"vocal cycle. These formulations are the mathematical foundation for the
descriptors associated with perturbation. The precise definition of parameters and the estimation methodology are addressed
by the specific MDVP implementation [11], [12].

HNR = 10 log,,(PH / PN) (18)

Here, PH and PN represent harmonic and noise power, respectively. Nonlinear descriptors such as RPDE, DFA, and PPE are
retained where available because they can provide complementary information concerning irregular vocal dynamics [13].

3.5 Feature Normalization and Selection

The MDVP parameters have different numerical ranges and units. Thus, feature normalization is performed before the classifier

is trained. We employ min-max normalization to scale a feature to a standard range:
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x'j = (xj — xminj) / (xmaxj — xminj) (19

The minimum and maximum values ate estimated only from the training partition and then applied to validation/test samples.
This is essential to prevent pre-processing leakage. Recent work has demonstrated that inappropriate scaling before data splitting

can bias voice-pathology evaluation [25].

After normalization, feature selection is performed to reduce redundancy and retain informative MDVP descriptors. If d

features are initially available and m features are selected, then m < d.

The final feature vector is therefore, x* = [xj1,x'j2, ..., x'jm]T. The selected features remain interpretable because they are
original MDVP measurements rather than latent features generated by an opaque deep network.

3.6 Stacked ELM

The Stacked ELM branch aims at learning successively transformed representations of the selected MDVP feature space.
Hierarchical ELM provides the basic theory to extract knowledge through multiple hidden layers while keeping the analytical
evaluation of output weights [16].

H(D) = g(X*W(1) + b(1)) 20)
HQ) = g(HA-DWQ) + b)), | = 2,..,L, 1)
YS = H(L) BS 22)

The output weights are determined analytically as
BS = (HUNTT 23)
BS = [(HIL)TH(L) + ASI]—1(HW)TT (24)

The first expression provides the generalized-inverse solution. The second expression hints at a regularized formulation. The

parameter AS controls the amount of regulatization. pS final SELM class grades.
3.7 Kernel ELM

KELM provides a complementary learning branch by replacing explicit hidden-layer construction with a kernel representation
[17], [18]. The kernel matrix is defined as

Nij = K(x*i,x*j) (25)
K(xxi,x*j) = exp(—||lx*i — x*j||*/ (20%) (26)
Where o is the RBF kernel width. The regularized KELM solution is
a=W0+1/0)-1T (27)
For a test vector x*, the output is
yK = k(x )T a (28)

Where k(x*) contains the kernel evaluations between the test vector and all training vectors. KELM therefore models nonlinear
relationships in an implicit feature space while retaining the analytical learning principle of ELM [17], [18].

3.8 Decision-Level Fusion

The SELM and KELM branches output complementary class-score vectors. Their internal representations are not integrated,;
their results are at the decision level. Let pS(c) and pK(c) denote the scores for class c.

pF(c) = apS(c) + (1 — a)pK(c), 0 <ac=l, (29)

y = arg maxc pF(c) (30)
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The fusion coefficient @ controls the proportion of input from the two classifiers, and is learned during training. @ is not
evaluated on the held-out test set. Decision-level fusion attempts to exploit the complementary inductive biases in the
hierarchical and kernel Extreme Learning Machine (ELM) approaches.

3.9 Proposed Algorithm

The complete proposed methodology is summarized in Algorithm 1 . Proposed methodology for classification of pathological
voice using MDVP-SELM-KELM

Algorithm 1:

e  Source: audio recordings from SVD or VOICED

e  Use signal pre-processing to obtain the relevant phonatory segment.
e  Extract the provided MDVP feature vector.

e  Split the data.

e Compute feature-normalization parameters from the training data only.
e  Scale features for training, validation, and testing.

e  Feature selection based on the training dataset.

e  Train the Stacked ELM component and obtain pS.

e  Compute the KELM kernel matrix and train the KELM branch.

e  Retrieve the pK value of all tested specimens.

e  Combine pS and pK based on decision level fusion principle.

e Make the final diagnosis or the pathological type.

e  (Calculate the evaluation metrics and statistical indicators.

4. EXPERIMENTAL RESULTS AND DISCUSSIONS

This section presents the empirical evaluation of the proposed Clinically Interpretable MDVP Feature Learning framework
with Stacked and Kernel Extreme Learning Machines for pathological voice classification. The evaluation is carried out
independently on the Saarbriicken Voice Database (SVD) and on the VOICED database. The study examines the unique
characteristics of the MDVP features, the performance of the single Stacked ELM and Kernel ELM classifiers, the effectiveness
of decision level fusion, the effect of the individual elements using ablation experiments, and the computational efficiency of
the proposed method.

To avoid data leakage, the entire process including feature normalization, feature selection and hyperparameter selection is
performed on the training data only. The test data are used only for the final performance evaluation. The results are reported

in terms of Accuracy, Precision, Recall, Specificity and F1-score.
4.1 MDVP Feature Analysis

In the first stage of the experimental evaluation, the behavior of the selected MDVP parameters is investigated. The aim is to
check whether the clinically relevant acoustic parameters show any specific features that could allow us to differentiate between
healthy and pathological voices. The features of the MDVP concern various aspects of phonation, e.g. fundamental frequency,
variation of frequency, variation of amplitude, harmonicity, noise and nonlinear vocal dynamics. Pathological phonation may
simultaneously affect multiple aspects of vocal-fold vibration, therefore the combination of these groups of features may
provide additional insights. Fig.3 illustrates the distribution of MDVP characteristics for healthy and pathological voice classes.

The normalized value of the j**MDVP feature for sample i is represented as,
zij = (x5 — x5, min) / (x, max — xj,min) (31)

The feature-distribution analysis should identify the MDVP parameters with significant differences between the two categories.
Features associated with frequency and amplitude variations are expected to provide information regarding vocal instability,
while HNR/NHR and nonlinear features may provide additional information regarding petiodicity and irregularity. Fig.3 shows
the distribution of MDVP features for healthy and pathological voice classes.
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But the visual separation of different attributes cannot be considered as the evidence of the classification performance. A
pathological voice may have normal values for some acoustic parameters but abnormal values for others. Therefore, it is
proposed to use the MDVP representation from jointly trained models rather than from separate models.
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Fig. 3. Distribution of MDVP features for healthy and pathological voice classes.

4.2 SVD Results

The first autonomous evaluation is performed on the SVD dataset. We evaluate three educational frameworks: Stacked ELM,
Kernel ELM and the proposed SELM—-KELM decision-level fusion. The same selected MDVP feature representation is the
basis for all three models. Thus, the learning process is the main cause behind the performance variations. The classification
performance of the stacked ELM, Kernel ELM and the proposed SELM—-KELM decision-level fusion for the SVD database

is shown in Table 3.

Table 3. Classification performance on the SVD database.

Model Accuracy (%) | Precision (%) | Recall (%) | Specificity (%) | Fl-score (%)
Stacked ELM 92.27 0.961 0.920 0.927 0.940
Kernel ELM 91.78 0.959 0.915 0.922 0.936
Proposed SELM-KELM | 95.20 0.976 0.950 0.954 0.963

4.3 VOICED Results

The proposed framework is evaluated independently using the VOICED database. The VOICED dataset contains 208 samples:
58 healthy voices and 150 pathological voices. The same principles for MDVP extraction, normalization, feature selection and
classification are applied to VOICED, but the database is completely independent from SVD. Table 4 shows the classification
efficacy of the stacked ELM, Kernel ELM and the proposed SELM-KELM decision level fusion for the VOICED database.
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Table 4. Classification performance on the VOICED database.

Model Accuracy (%) | Precision (%) | Recall (%) | Specificity (%) | Fl-score (%)
Stacked ELM 95.19 0.973 0.960 0.931 0.966
Kernel ELM 97.60 0.986 0.980 0.965 0.983
Proposed SELM-KELM | 98.56 0.933 0.986 0.982 0.990

4.4 Comparison analysis

The proposed approach is compared with other state-of-the-art approaches and our previous results [26][27]. The first study,
“Automatic Detection of Voice Pathologies Using Glottal Source Characteristics and Bi-LSTM Networks™ [26], addresses the
detection of pathological voices based on glottal-source features and Bi-LSTM approaches. The following study is Pathological
Voice Classification Utilizing Empirical Mode Decomposition and Ensemble Empirical Mode Decomposition with Extreme
Learning Machine [27]. It explores representations obtained by EMD/EEMD with ELM. Besides these results, the proposed
framework is compared with other state-of-the-art algorithms. The proposed framework performed better than other state-of-
the-art works. For a thorough evaluation of the proposed framework, some of the existing methods from the literature are also
considered for comparison besides the research work published by us previously [26][27]. We compare the presented study
with other state-of-the-art works in tables 5 and 6 using the VOICED and SVD datasets respectively.

Table 5: Comparison analysis table of the proposed framework and other state-of-art existing methods for VOICED dataset

Study Feature representation Classifier Accuracy (%)
MFCC + Shallow CNN [28] MFCC Shallow CNN 98.0
(MFCC+LPCC+HOS) + CNN [29] | MFCC+LPCC+HOS CNN 96.9
MFCC+LPCC+HOS) + FNN [29] | MFCC+LPCC+HOS FNN 94.7
EMD/EEMD + ELM [27] EMD/EEMD-derived features | ELM 99.04
Proposed Method MDVP SELM 95.19
Proposed method MDVP KELM 97.60
Proposed method MDVP SELM + KELM fusion | 98.56

Table 6: Comparison analysis table of the proposed framework and other state-of-art existing methods for SVD dataset

Study Feature representation Classifier Accuracy (%)
IDP+SVM [30] 1DP SVM 93.20
MFCC+ Bi-LSTM [31] MFCC Bi-LSTM 85.2

CQCC +Bi-LSTM|[31] cQcCC Bi-LSTM 88.9

APGDF + Bi-LSTM [31] APGDF Bi-LSTM 87.3
Glottal-source + Bi-LSTM [26] | Glottal-source characteristics | Bi-LSTM 94.60
Proposed method MDVP SELM 92.27
Proposed method MDVP KELM 91.78
Proposed method MDVP SELM + KELM fusion | 95.20
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4.5 Discussion

The MDVP representation provides a clinically interpretable acoustic feature domain that contains additional information about
pathological phonation in the first place. And finally, the feature analysis in Section 4.1 is expected to reveal the different roles
of different MDVP parameters in the class differentiation. Second, the individual Stacked ELM and Kernel ELM frameworks
are capable of nonlinear classification. Their different learning methods can represent different aspects of the relations in the
selected MDVP feature space. Third, the proposed decision-level fusion combines the output of the two classifiers instead of
a single learning method. If the experimental results show consistent improvements in terms of accuracy, F1-score, recall and
specificity, it would demonstrate the efficiency of the complementary learning approach. Fourth, the autonomous assessment
of SVD and VOICED confirms the robustness of the proposed framework on two different pathological voice datasets.
Importantly, the two data sets are independent and so the results need to be reported separately rather than as an overall

performance metric.

The comparison with previously published our works and other state-of-the art algorithms, provides more context to the
petformance achieved. A sophisticated sequence-learning approach is illustrated by the glottal-soutce/Bi-LSTM study [26],
while a signal-decomposition and ELM-centric approach is exemplified by the EMD/EEMD-ELM study [27]. The proposed
framework differs from both by retaining the clinically interpretable MDVP parameters and combining the hierarchical and
kernel ELM learning through decision-level fusion.

The proposed MDVP-based framework is compared with specific state-of-the-art pathological voice classification techniques,
for the VOICED and SVD databases, in Tables 5 and 6 respectively. The analysis includes methods based on traditional acoustic

features, signal-derived representations and deep learning frameworks.

The proposed SELM-KELM fusion framework for the VOICED database achieves the accuracy of 98.56% which is better
than the individual SELM and KELM models with 95.19% and 97.60% accuracy respectively. The integrated model achieves a
similar performance as the previously reported EMD/EEMD-based ELM methodology with an accuracy of 98.74%. The
proposed fusion framework is slightly more accurate than the MFCC-based shallow CNN method (98.0%). The results show
that the combination of the MDVP-extracted acoustic features with the other decision outputs of the SELM and KELM can

achieve good classification results of pathological voice.

The accuracy of SELM-KELM fusion is 95.20% for the SVD database, which is better than the accuracy of SELM (92.27%)
and KELM (91.78%) alone. In the evaluation, the accuracy of the proposed integrated framework is 94.70% which is higher
than the accuracy of the IDP-based SVM method (93.20%), MFCC-, CQCC- and APGDF-based Bi-LSTM models, and glottal-
source-based Bi-LSTM method (94.60%). This improvement suggests that the synergistic learning behavior of SELM and
KELM can get more distinct representation for the MDVP feature space.

It is important to stress that the comparison is not meant to be a strict one-to-one standard as there are differences in feature
representations, pre-processing schemes, subsets of datasets, data partitioning strategies and experimental protocols. However,
the results indicate that the proposed clinically interpretable MDVP-based framework performs commendably on both
independently assessed databases. The gain obtained by decision-level fusion over the individual SELM and KELM models

shows the effectiveness of combining complementary ELM-based classifiers.
5. CONCLUSION

This study proposed a clinically interpretable framework for pathological voice classification with MDVP features, Stacked
Extreme Learning Machine (SELM) and Kernel Extreme Learning Machine (KELM). The MDVP offers an in-depth
assessment of fundamental frequency characteristics, frequency and amplitude perturbations, harmonic content, and vocal
irregularities. Feature selection is applied to obtain a compact and discriminating representation of the extracted acoustic
features. The proposed SELM and KELM classifiers learn complementary non-linear characteristics of the MDVP feature
space and decision-level fusion is used to combine the results. The framework is evaluated independently on SVD and VOICED
datasets. Its performance is measured using classification metrics and ablation study. The fusion arrangement shows the
advantages of merging the complimentary learning power of SELM and KELM, and achieves 95.20% accuracy on SVD and
98.56% accuracy on VOICED.
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The results indicate that clinically relevant MDVP features along with the additional ELM-based learning provide a powerful
and computationally efficient approach to automated classification of pathological voices. The proposed framework retains the
explainability of the basic acoustic features and obtains performance improvement over the individual SELM and KELM
configurations. Future work will focus on multiclass pathology classification, interpretable learning, assessment on larger and

more diverse databases and clinical verification.
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