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ABSTRACT

Dysarthria is a neurological motor speech disorder that affects
speech production and intelligibility through impairments in ar-
ticulation, phonation, and prosody. Reliable severity assessment is
important for clinical diagnosis and long-term monitoring, yet ex-
isting automated systems rely heavily on Mel-Frequency Cep-
stral Coefficients (MFCCs), which may not adequately cap-
ture subtle pathological speech variations. This work investigates
Bark-Frequency Cepstral Coefficients (BFCCs) as an alterna-
tive acoustic representation for dysarthria severity classification.
A hybrid 193-dimensional feature vector is constructed by com-
bining BFCCs with Mel-spectrogram, Chromagram, Spectral Con-
trast, and Tonnetz features to characterize complementary articu-
latory, spectral, and prosodic properties of dysarthric speech. Ex-
periments are conducted on the TORGO corpus, with Voice Ac-
tivity Detection (VAD) applied for silence removal and Adap-
tive Synthetic Sampling (ADASYN) used to address class im-
balance. The extracted features are evaluated using a diverse set of
machine learning (ML) models, including k-NN, Decision Tree
(DT), Support Vector Machines (SVM), PCA, Random For-
est (RF), AdaBoost, LogitBoost, CatBoost, LightGBM, XGBoost,
and SGD. Results show that BFCC-based hybrid features pro-
vide strong discriminative capability across severity levels. Among
the evaluated models, RF achieved the highest classification ac-
curacy of 98.33%, followed by LightGBM (98.20%) and XG-
Boost (97.68%). The results indicate that BFCCs capture patho-
logical speech characteristics more effectively than conventional
cepstral representations and, when combined with ensemble learn-
ing, enable accurate and robust dysarthria severity classification.
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1. INTRODUCTION

Human speech production requires coordinated, synchronized
movement of more than 100 muscles in the respiratory, laryngeal,
velopharyngeal, and oral structures, which are constantly active un-
der precise neural control. Damage or a decline in the structure
of any part of the central or peripheral pathways involved in this
type of communication renders this channel faulty [18]. The main
clinical defect in this neuromuscular failure is dysarthria, with no
structural defect of the vocal organs, but rather an inability to ap-
propriately actuate them. It is a very heterogeneous group of mo-
tor speech disorders which result from an acute neurological le-
sion (ischemic or hemorrhagic stroke, traumatic brain injury, cra-
nial nerve lesions) or a progressive neurodegenerative condition
such as amyotrophic lateral sclerosis (ALS), parkinson’s disease,
Huntington’s disease, Friedreich’s ataxia, multiple sclerosis, etc.
[22]. Since various neurological diseases affect different parts of
the motor system, there are several clinical types of dysarthria. Hy-
pertonicity, strained-strangled voice, and slow speech rate are the
most commonly observed characteristics of the speech, which is
called spastic dysarthria (SD), when a bilateral upper motor neu-
ron (UMN) lesion is present, and hypernasality has been quantified
using modulation spectral features [28]]. Damage to lower motor
neurons (LMN) results in flaccid dysarthria characterized by severe
breathiness, rapid air wastage, short phrases, and consistent hyper-
nasality [[14]. With cerebellar pathology, the dysarthria is ataxic,
with irregular breaks in articulation and a “scanning” speech style,
including increased equal stress and variation in pitch and/or inten-
sity. The pathologies of the basal ganglia are divided into hypoki-
netic dysarthria (Parkinson’s disease: quiet, monotone, fast speech
with blurring consonants) [3|] and hyperkinetic dysarthria (Hunt-
ington’s disease: involuntary arrest of voice, variation in loudness)
[33]. ALS results in a mixed spastic-flaccid presentation because
motor neurons are degraded in both the upper and lower motor
neurons. Speech analysis can be useful in different ways at differ-
ent times in a disease. In stroke and severe traumatic brain injury
(TBI), the dysarthria will have a sudden onset, and early objective
testing will help to set functional baselines to inform rehabilitation.
In contrast, neurodegenerative diseases have a gradual onset with
subclinical deterioration of the bulbs occurring well before diagno-
sis in a “prodromal phase” that is characterized by a compensatory
reduction in rate or increase in respiratory effort that occurs without
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awareness to the patient. These behaviors help to maintain intelli-
gibility in the short-term but help to camouflage the progressive
neuromuscular deterioration. Once the compensatory mechanisms
have been exhausted, communication ability will rapidly diminish.
Measurement of small changes in the acoustic signal when this hap-
pens can help to provide early intervention, voice banking, proac-
tive therapy, and timely assistive technology deployment [14}133].
Automated dysarthria severity assessment can be used for a number
of important applications. In longitudinal monitoring, remote tele-
health can capture patients’ speech samples using a short speech
token on a smartphone, providing the clinician with ongoing objec-
tive data without physically visiting the clinic. Automated acous-
tic features that capture variability in the vocal tract, fundamental
frequency, and changes in energy across the spectrum have much
more fine-grained dimensions than the coarse integer scales used in
clinical trials such as the Unified Parkinson’s Disease Rating Scale
(UPDRS) or ALS Functional Rating Scale-Revised ALSFRS-R for
gauging treatment response [26]. Interactive biofeedback platforms
can provide objective visual feedback in real time on pitch range,
breathiness, and consonant contrast during home practice for the
purpose of rehabilitation. Automated speech severity analysis in
neurosurgery can inform the setting of Deep Brain Stimulation pa-
rameters to avoid unwanted current spread to neighboring corticob-
ulbar tracts, which can affect limb motor function and exacerbate
hypokinetic dysarthria. In pathological speech processing, the goal
of feature extraction is to separate the distortion of the speech signal
from the linguistic information. The typical tools used are Mel fre-
quency cepstral coefficients (MFCC); however, the MFCC design
removes fine spectral information, which is counterproductive for
a diagnostic signal, especially when breathiness, hoarseness, and
spirantization are the key characteristics of the disorder [3]. Joshy
et al. [19] evaluated MFCCs and Constant-Q cepstral coefficients
(CQCCs) and deep acoustic features on UA-Speech and TORGO,
and obtained marginal improvements in using CQCCs over the op-
timized MFCC baselines, with their best CNN-MFCC pipeline at-
taining 96.18% accuracy in severity classification. Bhat et al. [4]
claimed that the nature of dysarthric speech changes fundamentally
on the level of speech timbre and was able to achieve 93% accuracy
with a Random Forest (RF) on TORGO with attack time, spectral
centroid, and spectral flux descriptors. Falk et al. [14] used modula-
tion spectral features that measure the rate of change of the energy
in the sub bands, and achieved 95% three-class spastic dysarthria
accuracy on the Nemours database. Other psychoacoustic scales
(other than Mel) have been less explored in pathological speech.
The Bark scale, which is based on critical bandwidths for loud-
ness perception [35] has better discriminative ability in lower fre-
quencies, which are the most affected by incomplete tongue closure
in severe dysarthria [30]]. Vasquez-Correa et al. [33] studied Bark-
band energies for Parkinsonian assessment, where they achieved
better results than MFCCs for hypokinetic dysarthria detection, but
they did not use the Bark-Frequency Cepstral Coefficients (BFCCs)
[35] in conjunction with other complementary spectral contrast and
tonal descriptors in a single vector.

Due to the limited size of datasets in medical corpora [30], the
choice of classifiers for dysarthria studies is constrained. The sup-
port vector machines (SVMs) and RFs served as good baselines,
and Bhat et al. [4] achieved good results when modeling bound-
aries in lower-dimensional feature spaces, in a non-linear fashion.
In pathological speech, the effectiveness of the SVM lies in its
ability to build optimal separating hyperplanes in high-dimensional
acoustic feature spaces, and the RBF kernel is especially useful be-
cause it provides an implicit infinite-dimensional mapping that can
represent the highly non-linear, overlapping decision boundaries
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typical of multi-class dysarthria severity. Othman et al. [1] sys-
tematically compared k-nearest neighbor (k-NN), SVM, and RF on
UA-Speech and found that the SVM with an RBF kernel achieved
the best macro F1-score of 0.88, and the RF also performed bet-
ter at generalizing across the imbalanced classes. In addition, the
ensemble property of RFs also helps reduce variance through boot-
strap aggregation, which is very useful when noisy acoustic mea-
surements are used in clinical recording situations. k-NN is very
simple to compute but very sensitive to the curse of dimensional-
ity and has been shown to perform poorly when the feature space
has more than 50 dimensions without careful tuning of distance
metrics. Logistic Regression (LR) and Linear Discriminant Analy-
sis (LDA) have also been used as interpretable probabilistic base-
lines, but are not well suited to the overlapping severity distribu-
tions found in multi-class dysarthria tasks [21] due to their as-
sumption of linear separability in the feature space. It was found
that tackling class imbalance without intervention biases models
towards the majority classes, and that oversampling with synthetic
minority over-sampling technique (SMOTE) increases accuracy by
5-8% [11]]. Subsequently, gradient boosting (GB)-based methods
replaced the same for tabular classification. Regularized sequential
boosting was introduced by eXtreme Gradient Boosting (XGBoost)
[8l], and it was applied on English, Korean, and Tamil dysarthric
speech and prosodic features by Lee et al. [34], which produced
an average F1 score of 67.14%. XGBoost’s second-order gradient
optimization and L,/L+ regularization also help it avoid overfit-
ting on small clinical corpora, and its built-in missing-value han-
dling is useful when acoustic features cannot be reliably calculated
from poor-quality speech segments. Light Gradient Boosting Ma-
chine (LightGBM) and Categorical Boosting (CatBoost) improved
scalability via histogram-based split search and native handling
of categorical features, respectively, dramatically reducing train-
ing time while maintaining classification performance on tabular
acoustic features [29]. One important feature of CatBoost is or-
dered boosting, which helps avoid leakage of the target variable
during tree construction and is particularly important for speaker-
independent dysarthria classification, where the speaker identity
can be a confounding variable [13]]. LogitBoost implemented prob-
abilistic boundaries, which are better suited to overlapping severity
distributions, and thus generated calibrated posterior class proba-
bilities that are more interpretable for clinicians than hard class
labels [[15]. An earlier ensemble method, Adaptive Boosting (Ad-
aBoost), was also tested for related speech pathology tasks but was
reported to be more sensitive to mislabeling of severity ratings in
clinical datasets, where there is often substantial interrater disagree-
ment [31]. this work extend by evaluating 10 classifiers on a unique
Bark-scale hybrid feature vector, providing the most complete com-
parison of classifiers to date on this feature vector. To ensure a fair
and reproducible comparison between the classifiers, all classifiers
are evaluated using the same stratified 5-fold cross-validation, with
ADASYN oversampling applied only within each training fold to
avoid data leakage, and hyperparameters optimized via Bayesian
optimization [2]]. Dysarthric corpora are inherently imbalanced in
that there are many more healthy controls than severely impaired
speakers. Typical techniques include SMOTE and adaptive syn-
thetic sampling (ADASYN) [17,[11]]. SMOTE with principal com-
ponent analysis (PCA) was shown to improve F1-scores for the mi-
nority class by up to 12% on UA-Speech. Waveform augmentation
(time stretching, pitch shifting, and noise addition) and SpecAug-
ment (masking of the spectrogram) increased robustness by up to
5% in accuracy in the presence of limited training data [32].

To rigorously assess the proposed framework, one needs to examine
the existing pathological speech corpora available, each of which
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tackles a specific pathological or clinical dimension. The famous
databases include the UA-Speech corpus, which is generally used
for isolated word recognition using multiple microphone arrays
[21]]; the Nemours database, consisting of short sentences from 11
male speakers with varying degrees of dysarthria [25]; the Spanish
spoken by Parkinson’s patients by the PC-GITA corpus [27]]; and
the Korean speech command database for smart homes with difter-
ent degrees of dysarthria level known as the QoLT/Home-Service
corpus [9]]. These databases have made a major contribution to the
field, but the present study uses the TORGO database of dysarthric
articulation [30]. This particular corpus was chosen for two main
acoustic and clinical benefits. The recordings are made with head-
mounted microphones to reduce room reverberation; the signal-to-
noise ratio (SNR) ratio is high, precisely as it is needed from a
mathematical point of view to ensure the stability of the BFCCs.

Nevertheless, the standard in use remains quite subjective, based
on SLP-perceptual assessment of intelligibility, such as the sen-
tence intelligibility test (SIT) or the Frenchay dysarthria assess-
ment (FDA). These protocols are still time-consuming, suscepti-
ble to inter- and intra-rater variability, and susceptible to listener
fatigue, personal bias, and room acoustics [12]. This variability
makes it difficult for them to be sensitive, in detecting slight dis-
ease progression. In recent years, automated systems have evolved
from simple perturbation measurements (jitter, shimmer) to the use
of complex machine learning (ML) pipelines including boosting
algorithms XGBoost [8], class imbalance mitigation [[11]], and sys-
tematic comparisons between classifiers [1]]. Traditional ASR sys-
tems remain inadequate, as they are designed not to detect acoustic
degradation but to compensate for it [24]. The acoustic boundaries
between neighboring impairment categories are very non-linear
and overlapping, making it difficult to apply feature engineering
to multi-class severity classification. Although MFCCs have been
the predominant representation so far [4} [19], the triangular Mel-
scale filter banks they use to maximize linguistic invariance tend to
smooth out fine-grained spectral anomalies. Micro-tremors, sudden
changes in the configuration of the vocal tract, and slight widening
of the formant bandwidth that signal early neuromuscular impair-
ment often are lost in this process [10], making reliable separation
of mild from moderate impairment difficult. In this work, BFCCs
are investigated, offering finer low-to-mid frequency resolution in
the region of the formants F; and F,, which are important psy-
choacoustic parameters for the clinical manifestations of dysarthric
degradation, namely articulatory undershoot and vowel centraliza-
tion. The system used a 193-dimensional hybrid feature vector that
accounts for BFCCs, the energy of the Mel-spectrogram, Chroma
pitch-class profiles, Spectral Contrast, and Tonnetz harmonic map-
pings [16], and tested it on ten classifier architectures, which the
system hypothesized best suited to capture the non-linear articula-
tory patterns of pathological speech. ADASYN is used in this work,
as, unlike uniform oversampling, it focuses on generating synthetic
data for hard-to-classify instances, which, in the multi-class sever-
ity setup, helps better preserve the inter-class boundary. Just high
accuracy is not enough to adopt clinically; clinicians need under-
standable decision support. Vasquez-Correa et al. [33]] used SHAP
values to interpret the predictions made using RF for Parkinson’s
dysarthria assessment, and found that the most influential features
were jitter, shimmer, and HNR. There are built-in feature impor-
tance metrics in LightGBM and XGBoost that serve similar pur-
poses. Physiologically motivated features (BFCCs, Spectral Con-
trast, Chroma) allow contributions from the different features to be
interpreted as concrete acoustic dimensions of speech pathology.

The remainder of this paper is organized as follows: Section 2 pro-
vides a description of the database and its statistics. Section%pro—
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vides the feature extraction techniques used for analysis. Section 4]
provides a brief description of each ML model used for the inves-
tigation. Section [5| presents the experimental results and analysis.
Finally, Section |6 concludes the investigation and summarizes the
work.

2. DATABASE

TORGO Corpus (English): The primary database of dysarthric
articulation utilized for this study [30]]. It contains recordings by
15 speakers: 8 speakers with dysarthria due to neurologic illness
Cerebral Palsy (CP) and Amyotrophic Lateral Sclerosis (ALS),
and 7 age and gender matched healthy controls. This corpus was
chosen because it consists of head-mounted microphones (neces-
sary for achieving a high Signal-to-Noise Ratio (SNR), which is
important for the stability of BFCCs) and because it covers both
isolated words and continuous speech, providing a comprehen-
sive assessment of prosodic deficits. This dataset contains approx-
imately 23 hours of English speech collected from speakers with
dysarthria (caused by CP or ALS) and matched healthy controls
(HC). This dataset is categorized into four severity classes: con-
trolled, medium, low, and very low, and their class distribution is
shown in Fig. m The detailed distribution of the TORGO dataset
is shown in Table [I] Speech recordings are of the types: Isolated
Words, Non-Words, Sentences, Paragraphs, and Picture Descrip-
tions.

TORGO
6000 =
2 5000 +
=
E 4000 1
o
(=]
x5 30004
=]
-]
45 2000 -
o
= 1000 A
Controlled  Very Low Low Medium
Categories

Fig. 1. TORGO database class distribution across severity levels.

3. FEATURE EXTRACTION

For feature extraction, the speech features came up with a 193-
dimensional hybrid feature vector to capture various aspects of
speech pathology. This vector contains a model of the source-filter
mechanism of speech production. The feature extraction is used
the spafe library [23]] to extract 40 BFCCs. The Bark scale is based
on the psychoacoustic theory of loudness perception and critical
bandwidths suggested by Zwicker [33]). It simulates the frequency
selectivity of the ear by dividing the audible spectrum into 24 crit-
ical bands, each corresponding to a different cochlear processing
channel. The feature extraction pipeline proceeds as follows:

Voice Activity Detection (VAD): Pathological speech datasets may
include long periods of silence or respiration between words
[20, [7L 5]. Unless corrected, classifiers may learn to model silence
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Table 1. TORGO dysarthric speaker utterance distributions.

Speaker ID | Group Gender Severity Utterances | Speech Duration Sessions Recording Types
FO1 Dysarthric | Female Severe 228 Multiple Head Mic, Array Mic
FO3 Dysarthric | Female Moderate 1097 Multiple Head Mic, Array Mic
Fo4 Dysarthric | Female Mild 675 Multiple Head Mic, Array Mic
MO1 Dysarthric | Male Severe 739 Included in Multiple Head Mic, Array Mic
MO02 Dysarthric | Male Severe 772 ~l14h Multiple Head Mic, Array Mic
MO03 Dysarthric | Male Mild 806 dysarthric speech Multiple Head Mic, Array Mic
MO04 Dysarthric | Male Severe 659 Multiple Head Mic, Array Mic
MO5 Dysarthric | Male | Moderate-Severe 610 Multiple Head Mic, Array Mic

FCO1 Control | Female N/A N/R Multiple Head Mic, Array Mic
FC02 Control Female N/A N/R Multiple Head Mic, Array Mic
FC03 Control | Female N/A N/R Multiple Head Mic, Array Mic
MCO1 Control | Male N/A N/R Included in Multiple | Head Mic, Array Mic
MCO02 Control | Male N/A N/R ~9h Multiple | Head Mic, Array Mic
MCO3 Control | Male N/A N/R control speech Multiple | Head Mic, Array Mic
MCO04 Control Male N/A N/R Multiple Head Mic, Array Mic
Total 5586 ~23h 15 Speakers Head/Array Mic

N/R denotes “Not Reported” in the official TORGO documentation. The TORGO corpus contains 15 speakers (8 dysarthric and 7 control speakers), with
approximately 23 hours of recorded English speech collected with both head-mounted and array microphones. Reported utterance counts correspond to

those commonly used for dysarthric speakers.

profiles rather than pathology. An energy-based VAD was imple-
mented using the librosa framework. Root Mean Square (RMS) en-
ergy is calculated for short-term frames, mathematically defined as:

(€]

Where z(n) is the discrete amplitude of the speech signal and
N = 2048 is the frame length. Segments with an Fr,ss lower
than a dynamic threshold—computed relative to the global maxi-
mum energy of the specific utterance—are considered non-speech
background noise and are discarded systematically.

Pre-emphasis and Framing: The raw signal is pre-emphasized to
give higher weight to the high-frequency formants (o = 0.97) and
then split into 25 ms frames with 10 ms overlap.

Bark Integration: The power spectrum is warped to the Bark scale
(z) using the empirical approximation:

£
= 13arctan(0. Darct 7500 ?
z 3arctan(0.00076f) + 3.5 arctan ((7500 @

Filter Bank Application: The power spectrum is filtered using a
bank of 64 triangular filters. The Bark scale focuses the filter den-
sity in the low-frequency range (200-1000 Hz).
Decorrelation: The Discrete Cosine Transform (DCT) is used to
transform the log-energies of the filter bank outputs to get the final
cepstral coefficients. The n-th coefficient is calculated as:
M
Cn = log(FE})) cos M} 3
; g(Erx) { i 3)

where E, represents the energy of the k-th Bark filter, and n €
[1,40].

Clinical significance: Clinical deficits in the neuromotor system
typically cause “vowel centralization,” which is a collapse of the
Vowel Space Area (VSA) due to the inability to move the tongue to
the extreme positions of vowels like /i/, /u/, and /a/. Since F} and
F, reside primarily in the low-to-mid frequency range, the Bark
scale’s finer resolution allows the classifier to detect subtle articu-
latory undershoot that standard MFCCs tend to smooth over.

Mel-Spectrograms: Computed the mean of 128 Mel-spectrogram
bands in order to capture the high-frequency frication noise that
is caused by imprecision in articulating consonants. The bands are
averaged over time to get a static vector of the global energy distri-
bution, which is mapped to the Mel scale using:

/
farer = 25951ogy (1 + 700 “4)

In dysarthric speech, this frequently reveals a spectral tilt—reduced
energy at high frequencies due to poor glottal closure and weak
articulatory contact.

Chroma Features: Extracted 12 Chroma features (Pitch Class Pro-
files) to quantify prosodic rigidity. The 12 different pitch classes p
are obtained from the frequency f with the following relation:

(1) = 12108 (75)| omoa 12 )

fref

where f,.; is the reference tuning frequency (e.g., Co ~ 16.35
Hz). When a person speaks in a healthy fashion, the fundamental
frequency (Fp) changes dynamically to express stress, which dis-
tributes energy into multiple Chroma bins. In dysarthric speech,
hypertonic laryngeal muscles lock the voice to a narrow pitch
range, producing static high-energy peaks in the Chroma vec-
tor—capturing prosodic rigidity that purely spectral features miss.
Spectral Contrast: Employed 7 bands of Spectral Contrast to mea-
sure voice quality. The feature is based on dividing the spectrogram
into octave-scale sub-bands &k and calculating:

C, = log(max(Sy)) — log(min(Sk)) (6)

where Sj, is the RMS (root mean square) energy in band k. Low
values for contrast mean that the noisy spectrum is flat, which cor-
relates with high levels of breathiness due to incomplete closure of
the glottis.

Tonnetz Features: The 12-dimensional Chroma vector ¢ € R1? is
mapped to a 6-dimensional geometric space of intervals: the circle
of fifths, minor thirds, and major thirds. The projection for the i-th
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Table 2. Feature composition of the hybrid acoustic
vector used for dysarthric speech analysis.

Feature Type Dimensions
BFCC 40
Mel-Spectrogram Bands 128
Chroma Features 12
Spectral Contrast Bands 7
Tonnetz Features 6
Total 193
Tonnetz dimension is given by:
11
ti= cpwip )
p=0

where w; ,, are the transformation weights which map the pitch
classes to the 2D spatial coordinates of the Tonnetz geometry. This
mathematical projection proves to be very useful in the detection
of pitch instability and micro-tremors in dysarthric speech.

The complete contents of the feature vector are listed in Table [2]
The hybrid acoustic feature vector comprises spectral, perceptual,
harmonic, and tonal descriptors [6]. BFCC captures perceptually
relevant frequency information, Mel-spectrogram features repre-
sent time-frequency energy distributions, Chroma features encode
pitch-class information, Spectral Contrast measures spectral peak-
valley variations, and Tonnetz features characterize harmonic rela-
tionships. The concatenation of these descriptors results in a 193-
dimensional feature vector.

4. METHODOLOGY

k-NN: It is a non-parametric, instance-based learner that stores the
complete training set D = {(x;,y;)}X., and classifies an unseen
sample x* by identifying its k nearest neighbors. This lazy learning
strategy is practical in small-data medical settings, where paramet-
ric models risk overfitting during training. In this work, the initial
value set k = 3 after cross-validation over k € {1, 3,5,7,9}, find-
ing that £ = 3 offered the best bias-variance balance for four-class
problem. Smaller values (especially £ = 1) overfit on ADASYN-
generated minority samples; larger values blurred boundaries be-
tween adjacent severity levels. Pairwise similarity is measured by
Euclidean distance:

n

d(x,x') = Z(:rZ —})?, n=193 ®)
i=1
The predicted class is:
k
= () —
g = arg Iglggjﬂ I(y c) ©)

where C = {0,1,2,3}, y\9) is the label of the j-th nearest neighbor,
and I(-) is the indicator function. A known limitation of k-NN in
high-dimensional spaces is distance concentration: as dimension-
ality n — o0, the ratio dyax/dmin — 1, meaning all samples
become approximately equidistant from any query point. In 193-
dimensional space, this manifests as confusion between the healthy
control and very low intelligibility classes.

Decision Tree (DT): DTs partition the feature space recursively us-
ing information-theoretic criteria. Unlike distance-based or margin-
based methods, they build an explicit rule-set through binary deci-
sions on feature thresholds. The following steps were followed for
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the implementation: (1) Tree construction: At each internal node,
the algorithm selects the feature A and threshold ¢ that maximize
Information Gain (1G). Node impurity is measured using the Gini
Index (GI):

Gini(S)=1-Y p} (10)
=1

where p; is the proportion of samples in class ¢ at node .S, and
¢ = 4 is the number of severity classes. The GI equals zero when
a node is perfectly pure and approaches its maximum when classes
are uniformly distributed. The splitting criterion selects the feature-
threshold pair (A, t) maximizing Gini Gain (GG):

S ef S’ri

. |le|t|GI(51eft)*| ISglht|GI(5m'ght)
(1)

where Sjcr¢ and Sy;gp¢ are the subsets splitby A < ¢tand A > ¢,

respectively.

(2) Stopping criteria: The tree grows until; all samples in a

node share the same class (Gini = 0); maximum depth is

reached (max_depth=None); or minimum sample thresholds are

met (min_samples_split=2, min_samples_leaf=1).

(3) Prediction: For a test sample X, the tree crosses from root to

leaf evaluating the learned rules at each node. The prediction is the

majority class in the leaf:

§=argmax »  I(y; =) (12)

GG(S,A,t) = GI(S)

where L(x) is the set of training samples that reach the same leaf
as X.

(4) Clinical interpretability: DTs produce explicit diagnostic rules,
such as “IF BFCC_5 < —2.3, and Spectral_Contrast_2 > 1.8, then
severity = Severe.” This transparency can help clinicians validate
model decisions-useful for clinical acceptance.

(5) Feature space partitioning: DTs partition the space into axis-
aligned hyperrectangles. This means rules like “BFCC_12 > 0.5”
rather than complex linear combinations. The axis-aligned con-
straint limits performance when true decision boundaries are di-
agonal, but it identifies which individual acoustic features are most
discriminative—a useful insight for speech pathology research.

(6) Overfitting: A single tree can grow arbitrarily complex to fit
training data, causing high variance. The model achieved 93.25%
accuracy—respectable, but short of ensemble methods.

SVM: SVMs are maximum-margin classifiers extended to the
multi-class problem via one-versus-one (OvO) decomposition,
training (3) = 6 binary classifiers and resolving conflicts through
voting. The core SVM optimization builds a decision boundary in
a kernel-induced Reproducing Kernel Hilbert Space (RKHS) that
maximizes the geometric margin between the closest class clusters.
The primal soft-margin optimization with slack variables £; > 0 is:

S TP

min 5wl +C;£Z (13)
subject to y; (W' p(x;) +b) > 1 —§; and & > 0, where C = 0.1
is the regularization coefficient. A small C value enforces a wider
margin at the cost of more boundary misclassifications, reducing
overfitting to the acoustic noise inherent in dysarthric recordings.
Because severity boundaries are non-linear in the original 193-
dimensional space, and used the radial basis function (RBF) kernel:

K(x,x') =exp(—y[x —x||’), ~=0.001 (14)
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This computes inner products in H without explicitly computing
¢(x). The small v (broad kernel) allows each support vector to in-
fluence a wide region of feature space, producing smooth bound-
aries suitable for modeling gradual acoustic degradation across
severity levels. The dual decision function is:

€S

f(x) = sign (Z iy K (x,%x) + b> (15)

where S is the set of support vectors, «; > 0 are Lagrange multi-
pliers from the Karush-Kuhn-Tucker (KKT) conditions, and b is the
learned bias term.

PCA + k-NN: To address KNN’s vulnerability to distance con-
centration in 193 dimensions, prepend PCA as a dimensional-
ity reduction stage. PCA finds a linear orthogonal transformation
that projects data onto a subspace maximizing retained variance,

via eigendecomposition of the sample covariance matrix 3 €
R193x193.

1 N

N1 D i —m)xi— )" (16)

1=1

S =

The eigenvectors {u; } define the principal axes of the data distribu-
tion, and corresponding eigenvalues {\;} quantify variance along
each axis. Retain the top-d eigenvectors U ; satisfying:

d
v
2i=1 > 0.95 a7

193
Z j=1 )‘j
This threshold preserves dominant articulatory variance while dis-

carding components that mainly encode inter-frame and inter-
speaker noise. Each input is projected as:

%x=Uj)(x—p) eR? (18)

This projection eliminates correlated inter-band redundancy from
adjacent Mel-spectrogram bins and overlapping BFCC coefficients,
and concentrates clinically relevant variance into a compact sub-
space. k-NN with £ = 3 is then applied to %, where reduced di-
mensionality restores meaningful Euclidean proximity.

PCA’s limitation is that its linear projection is blind to class
labels—the principal components maximizing total variance do not
necessarily separate the four severity classes. Non-linear interac-
tions between BFCC bands and Spectral Contrast may be discarded
if they lie along low-variance directions. This explains the accu-
racy gap between PCA + k-NN (94.24%) and ensemble methods,
and motivates supervised non-linear dimensionality reduction (e.g.,
linear discriminant analysis or RF-based feature importance) in fu-
ture work.

RF: RF is a bagging ensemble method that trains 7' = 201
DTs, exploiting the bias-variance decomposition: while individual
trees are high-variance, averaging their predictions reduces vari-
ance without increasing bias. The odd number (7" = 201) elimi-
nates the majority-vote tie in the four-class problem.

Each tree h, trains on a bootstrap resample D, and evaluates only
m = L\/@j = 13 randomly selected features at each candidate
split. This feature subsampling actively decorrelates tree predic-
tions —by forcing each tree to specialize on different feature sub-
sets, the method amplifies the variance reduction from averaging.
Node splits maximize Information Gain under Shannon entropy:

H(S) =~ p;log, p; (19)
i=1
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AH(S,A)=H(S)~ Y == H(S.) (20)

v

where p; is the class proportion, A is the candidate splitting feature,
and S, is the subset that satisfies the split condition v. Entropy is
preferred over Gini impurity for this multi-class problem as it is
more sensitive to low-probability class membership, which helps
detect the rare very low intelligibility class after ADASYN over-
sampling.The ensemble vote is:

T
g = argmcaxz}l(ht(x) =c) (21)

t=1
Ensemble variance satisfies:

Var[h(x)] = po” + % a? (22)

where p is the average pairwise Pearson correlation between in-
dividual tree predictions and o is the single-tree variance. As
T — oo, the second term vanishes and the irreducible ensemble
variance is governed solely by po2. Random feature selection di-
rectly reduces p by preventing dominant BFCC features from ap-
pearing in every tree.

Post-hoc feature importance scores, computed as mean decrease in
impurity, reveal that the first 10 BFCC coefficients and 3 Spectral
Contrast bands carry the highest importance weights — empirical
validation of the clinical hypotheses motivating our feature design.
AdaBoost: AdaBoost constructs a strong classifier through the se-
quential composition of 7' = 100 weak learners. Unlike bagging,
boosting creates a directed chain of error correction, making it
suited to refining boundaries between acoustically adjacent severity
classes.

The implementation used the decision stumps (depth-one trees) as
base learners. At iteration ¢, each training sample carries weight
w'" initialized uniformly at 1/N. After fitting stump h,, misclas-
sified samples receive amplified weights:

(t+1) _ wi? exp(—au yi he(x:))
T Zt

where Z, is a normalization constant. The confidence weight as-
signed to learner h; is:

a= Y wl,

it hy(x;)#Yi

w (23)

ap = 3 In 24)

€t

Note that a; > 0 only when €; < 0.5 (stump performs better than
chance). The final classifier is:

F(x) = sign <Z oy hy (x)> (25)

For the four-class problem (K = 4), system use stagewise addi-
tive modeling using a multi-class exponential loss (SAMME) ex-
tension:

aSAMME 1 lnl ¢ In(K —1) (26)
2 €

This correction ensures that a K-class random guesser receives

zero weight. Early stumps typically split on features separating

Healthy Controls from dysarthric classes; later stumps refine the

boundary between low and medium intelligibility that the initial

ensemble misclassifies.
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Stochastic Gradient Descent (SGD): The SGD classifier is a
general-purpose linear model that minimizes regularized empiri-
cal risk via first-order stochastic updates. It establishes the extent
to which the 193-dimensional space is linearly separable across the
four severity classes—a useful diagnostic for understanding feature
space structure.

With logistic (log-loss) objective and Lo regularization A, the
model parameters & € R¥*? (one weight vector per class in de-
composition of one-vs. rest) are updated per randomly selected
training sample (x;,y;):

00D =0 — i, [Vo ((y:, f(x::67)) + 200 @7)

For the multi-class case, system used the minimize softmax cross-

entropy loss:
exp(fy;)
—log| ———2¥2 (28)
’ (zi‘_lexpm))

The learning rate follows an inverse scaling schedule:

n = Mo
C (L Angt)p

(29)

where 1) is the initial learning rate and pow = 0.5, satisfying the
Robbins-Monro convergence conditions. Training runs for a maxi-
mum of 1000 epochs with early stopping if loss improvement falls
below 1073 over five consecutive epochs. The stochastic gradient
updates introduce beneficial noise into the optimization trajectory,
preventing the model from settling in sharp minima that do not gen-
eralize to the test set. The strong SGD accuracy (94.63%) confirms
that a substantial portion of inter-class separability in the hybrid
feature space is captured by a linear projection.

LogitBoost: LogitBoost extends AdaBoost by replacing the expo-
nential loss with a binomial log-likelihood objective. This matters
for dysarthric severity classification because the class membership
probabilities of adjacent severity levels are inherently overlapping
and continuous rather than crisp. The binomial log-likelihood is
more robust to outliers and provides probabilistic class member-
ship estimates — a clinically useful property for communicating
prediction confidence.

LogitBoost performs functional gradient descent in the space of
additive logistic models. At each boosting stage m, working re-
sponses z;, and sample weights w; are derived from the current
ensemble prediction F'(™) (x;) via the logistic sigmoid:

(m) _ 1
p; -1 +6Xp(72F(m) (Xz)) (30)

(m)
a= oy we=pM0-p™) 6D
i (1=p;")

The working response z; captures the normalized discrepancy be-
tween the predicted probability and the true label. Samples near
p; = 0.5 (uncertain boundary cases) receive large working re-
sponses, directing the next weak learner to focus on ambiguous
severity boundaries. The weight w; is maximal when the model
is most uncertain and approaches zero for confident predictions—a
natural self-regularization mechanism. A regression tree f,, is fit-
ted to the weighted least-squares objective:

N
fm = arg mfm; w; (2 — f(Xi))2 (32)
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and the ensemble is updated as F(tD) = F(m) L pf  with
shrinkage v = 1.0. The binomial log-likelihood minimized is:

N
L=->" [yi logp{"™ + (1 — ;) log(1 — pl(-m))} 33)
=1

Configured T' = 100 boosting rounds in a multi-class one-vs.-
rest scheme. The probabilistic base learner directly models poste-
rior class membership, making LogitBoost suited for overlapping
acoustic distributions between adjacent severity levels. Its compet-
itive performance (97.52%) confirms that severity boundaries are
probabilistic rather than crisp.

CatBoost: CatBoost introduces two algorithmic advances: Ordered
Boosting (OB) and symmetric DTs (SDTs). These address the pre-
diction shift bias in standard GB, where residuals are computed on
the same data used to fit the corresponding tree—a form of data
leakage that inflates training performance and reduces generaliza-
tion. On the small TORGO dataset, this bias is acute.

OB: For each training sample x;, the residual target is computed
from a model trained only on samples preceding it in a random
permutation o:

Fo,iq (Xz) 34

Toi =Yi —

Because x; never appears in the residual-computing model, the gra-
dient estimates are unbiased. In practice, CatBoost maintains mul-
tiple permutations to obtain stable estimates.

SDTs: CatBoost grows oblivious (symmetric) trees where all nodes
at a given depth share the same splitting criterion, producing a per-
fectly balanced binary tree with exactly 27 leaves. Leaf values use
a second-order Newton step:

-~ DiceYi
Ziez hi 4 A

where g; = 9¢/09; and h; = 92¢/04? are the first- and second-
order gradients of the multi-class cross-entropy loss, and A is the
L leaf regularization coefficient. The Lo term prevents degenerate
leaf values when a leaf contains very few samples—important for
the rare very low intelligibility class even after ADASYN.
Configured CatBoost with 7" = 500 iterations, learning rate n =
0.1, and tree depth D = 6, giving 25 = 64 leaves per tree. The
MultiClass loss function uses a softmax output layer:

ey SXP(Fe(x))
Blelx) = =
> o—1exp(Fe (%))

The SDTs constraint offers consistent regularization but may in-
troduce a mild accuracy penalty: oblivious trees must evaluate the
same feature at all nodes of a given depth, preventing the flexible
asymmetric branching needed to simultaneously resolve formant
centralization in BFCC bands and prosodic rigidity in Chroma fea-
tures.

LightGBM: LightGBM, developed by Microsoft Research, re-
duces training cost through two complementary optimizations:
Gradient-based One-Side Sampling (GOSS) and Exclusive Feature
Bundling (EFB). These address the twin bottlenecks of evaluat-
ing all split candidates and managing high feature dimensionality.
GOSS: Standard GB weights all training samples equally. GOSS
exploits the observation that samples with large gradient magni-
tudes (currently misclassified instances) carry more information
for finding the optimal split than low-gradient samples (already
well-fitted). GOSS retains all |[A|] = an high-gradient instances
and randomly samples a fraction b of the low-gradient instances

v = (35)

(36)
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Table 3. Hyperparameters of all classification models used for the investigation

Model Hyperparameters Values
k-NN Number of neighbors (k); Distance metric k = 3; Euclidean
DT Split criterion; Maximum depth; Minimum samples split Gini; None; 2
SVM (RBF) Kernel; Regularization parameter (C'); Kernel coefficient (vy) RBF; C = 0.1; v = 0.001
PCA + k-NN | PCA variance retained; Number of neighbors (k) 95%; k =3
RF Number of trees; Split criterion 201; Entropy
AdaBoost Number of estimators; Learning rate; Base estimator 100; 1.0; Decision Stump

SGD Loss function; Regularization; Maximum iterations

Log-loss; L2; 1000

LogitBoost Number of estimators; Learning rate; Loss function 100; 1.0; Logistic
CatBoost Iterations; Learning rate; Tree depth; Loss function 500; 0.1; 6; MultiClass
LightGBM Number of leaves; Learning rate; Number of estimators; Objective 31; 0.05; 500; Multiclass
XGBoost Maximum depth; L regularization (c); Objective function 4; 10; Softmax

(|B| = bn), correcting for sampling bias via an amplification fac-
tor:

1 1—-
HAB) = | Y g+ Y g (37

z;€A z;€B

The factor (1 — a)/b rescales the down-sampled subset to its orig-
inal statistical weight, thereby keeping split-gain estimates unbi-
ased. In the dysarthric severity classification, GOSS naturally allo-
cates computational resources to boundary cases between adjacent
severity levels.

EFB: The 193-dimensional vector contains mutual exclusivity
structures. Chroma bins at opposing pitch classes rarely co-activate,
and BFCC bands at very different frequency ranges rarely fire to-
gether. EFB identifies sets of mutually exclusive or near-exclusive
features and bundles them into single compound features, reducing
effective feature dimensionality without information loss.
LightGBM uses leaf-wise (best-first) tree growth, always splitting
the leaf with the maximum gain regardless of depth. The gain at
candidate split (d, v) is:

1 G2 e
2| Hp, + X

(GL+G R)2
Hp+x Hp+Hp+x| |
(3%)
where G,Ggr are summed first-order gradients, Hy, Hr are
summed second-order Hessians, A is Lo leaf regularization, and to
determine the minimum gain threshold for accepting a split. Leaf-
wise growth achieves lower training loss per tree relative to level-
wise approaches of the same leaf count. LightGBM configured with
T = 500 trees, 31 leaves per tree, and learning rate 7 = 0.05. The
small learning rate slows convergence but substantially improves
generalization.
XGBoost: XGBoost formalizes the regularized learning objec-
tive using a second-order Taylor expansion of the loss function,
enabling more accurate gradient estimates than first-order ap-
proaches. At boosting step ¢, XGBoost minimizes:

Gain(d,v) =

N
L~ [gifelxi) + Shif2(x)] +Q(f)  (39)
i=1
where g; and h; are the per-sample first-order gradient and second-
order Hessian of the Softmax cross-entropy loss. The Hessian
as a sample-level weight improves the functional gradient step
precision—samples with high curvature receive more conservative
updates, preventing overfitting of boundary cases. The regulariza-
tion term penalizes tree complexity:

Qf) =T + Awl? + aflwl: (40)

where 7' is the number of leaves, w is the leaf weight vector, A\ is
the Lo ridge penalty, e = 10 is the L, Lasso penalty, and -y is the
minimum gain threshold for leaf splits. Minimizing over w; gives
the closed-form optimal leaf weight and per-leaf gain:

wt = G &
J H;+ X\ 2(H; + )

where Gj = Zieleafj gi and H; = Zieleafj hi.

Set max_depth=4 and o« = 10. The large L; penalty drives
weights of acoustically uninformative Mel-spectrogram bands and
Chroma features—whose prosodic information is already captured
by BFCC and Spectral Contrast—toward zero, enforcing automatic
feature sparsity. This implicit feature selection is beneficial in med-
ical datasets with correlated or redundant features, and it provides
an implicit explanation of which acoustic dimensions drive severity
predictions.

Gain; = 1)

5. EXPERIMENTAL RESULTS AND ANALYSIS

k-NN recorded the lowest accuracy at 87.46%. The healthy control
class achieves an R of 0.980, indicating that most normal speech
samples are correctly identified. Performance drops substantially
for the very low dysarthric class, which achieves a P of only 0.772,
and R of 0.683, for an F of 0.725. Medium class reaches an F
of 0.720, reflecting confusion between mild impairment and bor-
derline healthy speech in the high-dimensional BFCC space. The
macro-averaged F of 0.811 confirms that while the feature space
encodes discriminative structure, an instance-based learner without
dimensionality reduction is insufficient for reliable severity stratifi-
cation. The performance of the traditional ML classifiers is shown
in Table[d]

The DT outperformed k-NN, achieving 92.47% accuracy and a
weighted F of 0.924. The healthy control achieves P of 0.956 and
R of 0.965, and the model recovers substantially better on the
dysarthric classes than k&-NN. Very low reaches an F of 0.840 (from
0.725), and low reaches 0.875 (from 0.720). The improvement re-
flects the tree’s ability to learn explicit non-linear thresholds on in-
dividual acoustic features and rules for low-frequency BFCC coef-
ficients that separate severe dysarthric speakers from healthy con-
trols, without needing to measure distances. Per-class, P and R are
reasonably balanced, suggesting that the Gini criterion did not fa-
vor the majority class; ADASYN oversampling produced a well-
balanced training set. The remaining performance gap relative to
ensemble methods reflects the well-known high variance of a single
unconstrained tree: it fits training partitions closely but generalizes
less reliably to test samples from speakers with atypical patholog-
ical profiles. The SVM improved upon k-NN, achieving 92.23%
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Table 4. Performance comparison of k-NN, DT, SVM, PCA + k-NN, and RF classifiers for dysarthria severity detection in terms of Precision
(P), Recall (R), F1-score (F), Accuracy, Macro Average, and Weighted Average.

k-NN DT SVM PCA+k-NN RF
Class
| R F | R F | R F P R F P R F
Controlled 0.893 0980 0935 | 0956 0965 0961 | 0950 0962 0.956 | 0954 0996 0974 | 0.977 0.999 0.988
Very low 0772 0.683 0.725 | 0.846 0.835 0.840 | 0.840 0.827 0.833 | 0950 0.866 0.906 | 0.992 0.951 0.971
Low 0944 0.799 0865 | 0.896 0.862 0.879 | 0956 0910 0932 | 0965 0.878 0.920 | 0.994 0931 0.962
Medium 0.838 0.631 0.720 | 0.878 0.872 0.875 | 0.861 0.849 0.855 | 0971 0912 0.940 | 0997 0976 0.987
Macro Avg 0.862 0.773 0811 | 0.894 0.884 0.889 | 0.902 0.887 0.894 | 0960 0913 0935 | 0.990 0.964 0977
Weighted Avg | 0.871 0.875 0.869 | 0.924 0925 0.924 | 0922 0922 0922 | 0956 0956 0.955 | 0984 0.983 0.983
Accuracy 87.46 92.47 92.23 95.60 98.33
KNN DT SVM PCA RF
Controlled 19 0 7 40 5 10 36 2 21 20 0 7 2 0 V]
E veryLow| 82 260 5 22 38 308 4 19 42 305 3 19 82 260 5 22 17 351 O 1
]
-
é Low| 27 9 145 8 10 4 163 12 9 2 172 6 27 9 145 8 13 0 176 O
Medium{ 77 37 6 217 21 12 10 294 28 20 3 286 7 37 6 217 6 1 1 329
& & ) & & & & & & & ) & & & » & & & & &
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Fig. 2. Confusion matrices for ML-based classifiers using k-NN, DT, SVM, PCA + k-NN, and RF.

accuracy and a weighted AVG of 0.922, nearly matching the DT
but via an entirely different inductive mechanism. The balanced P
and R across severity classes, the equalized performance on very
low (P (0.840), R(0.827)), and medium (P (0.861), R(0.849)), in-
dicate the RBF kernel learned a stable non-linear decision bound-
ary. The consistent margin-maximization provides measurable im-
provements over k-NN, especially for the acoustically overlapping
low- and medium-intelligibility classes. PCA + k-NN achieved an
accuracy of 95.60%, well above its raw k-NN counterpart. Reduc-
ing the feature space to its 95% variance-explained principal sub-
space restored meaningful Euclidean neighborhoods, particularly
for very low and medium, whose Fs improved to 0.906 and 0.940,
respectively. The healthy control reached an F of 0.974 and a near-
perfect R of 0.996, confirming that the dominant variance axes
closely correspond to the spectral energy characteristics separating
pathological from normal speech. The remaining accuracy gap rel-
ative to ensemble methods reflects PCA’s inability to preserve non-
linear cross-feature interactions between BFCC lower-band com-
ponents and spectral contrast. RF achieved the highest accuracy
among traditional classifiers at 98.33%, with a weighted Avg. of
0.983. Per-class performance was uniformly high: healthy control
reached P and R of 0.977 and 0.999; Medium achieved the high-
est class-level P at 0.997 with R of 0.976. The minority dysarthric
classes also showed strong results: very low at /' = 0.971 and
low at F' = 0.962. The bagging mechanism-201 trees on bootstrap
resamples with 13 randomly selected features per split-effectively
decorrelated ensemble predictions across the full 193-dimensional
acoustic space, yielding stable and robust classification. The en-

tropy split criterion proved particularly suited to the multi-class
problem, sensitizing node splits to the rare, very low-intelligibility
class.

From Fig. 2] the k-NN exhibited the most pronounced misclas-
sification patterns. The confusion matrix shows 82 very low-
intelligibility samples misclassified as healthy controls, and 77
medium-intelligibility samples similarly mislabeled. This system-
atic bias toward the majority class reflects distance concentration
in the 193-dimensional BFCC space: the relative distances between
the healthy control cluster and dysarthric severity clusters collapse,
causing the nearest neighbors of borderline dysarthric samples to
include a disproportionate number of healthy control instances. k-
NN correctly identified 1,537 out of 1,563 healthy control samples
but only 260 out of 369 very low intelligibility samples-a class-
level R of 0.683, with direct clinical implications as a false nega-
tive risk for severely impaired speakers. The DT produced a dis-
tinctly cleaner confusion matrix compared to k-NN. The Confu-
sion matrix shows that 1,508 healthy control samples are correctly
classified, with only 40 misclassified as very low, 5 as low, and
10 as medium in terms of intelligibility. Very low intelligibility
shows 308 correct predictions, with 38 misclassified as healthy con-
trol and 19 as medium intelligibility. Low intelligibility achieves
163 correct predictions, with 10 misclassified as healthy control,
4 as very low, and 12 as medium. Medium intelligibility shows
294 correct predictions, with 21 misclassified as healthy controls,
12 as very low, and 10 as low. The most striking pattern is the
strong diagonal dominance; the tree learned decision rules on in-
dividual BFCC thresholds and Spectral Contrast values that sep-
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Table 5. The performance comparison of SGD, AdaBoost, CatBoost, LogitBoost, XGBoost, and LightGBM classifiers in terms of P, R, F,
and Accuracy. Macro Avg and weighted Avg scores are also reported to evaluate the models under class-imbalanced conditions.

a SGD AdaBoost CatBoost LogitBoost XGBoost LightGBM
. P R F1 P R F1 P R F1 P R F1 P R F1 P R F1
Controlled 0.966 0974 0970 | 0.964 0985 0.974 | 0971 0996 0.984 | 0972 0996 0.984 | 0980 0.994 0.987 | 0982 0.997 0.990
Very low 0.890 0.890 0.890 | 0.924 0.855 0.888 | 0.972 0925 0.948 | 0.975 0933 0.953 | 0.959 0.949 0.954 | 0983 0.952 0.967
Low 0.928 0.889 0.908 | 0.994 0952 0973 | 0.994 0937 0.965 | 0.983 0942 0.962 | 1.000 0.931 0.964 | 0989 0.968 0.979
Medium 0925 0909 0917 | 0921 0930 0.926 | 0972 0939 0.955 | 0.987 0945 0.966 | 0970 0955 0963 | 0972 0951 0.961
Macro Avg 0.927 0915 0921 | 0951 0930 0.940 | 0977 0949 0963 | 0979 0954 0.966 | 0977 0957 0967 | 0982 0.967 0.974
Weighted Avg | 0.946 0.946 0946 | 0955 0955 0955 | 0973 0973 0973 | 0975 0975 0975 | 0977 0977 0977 | 0982 0.982 0.982
Accuracy 94.63 95.52 97.31 97.52 97.68 98.20

arate classes with reasonable accuracy. The dominant error mode
remains cross-class confusion with healthy controls (38 very low
and 21 medium samples mislabeled as healthy controls), suggesting
that axis-aligned single-feature splits cannot fully resolve the over-
lapping BFCC low-frequency profiles between severe dysarthric
speakers and the healthy control cluster. Notably, cross-dysarthric
confusions (very low vs. low, low vs. medium) are relatively low,
indicating that within-dysarthric severity boundaries are reasonably
well-resolved by single BECC and spectral contrast thresholds. The
high variance of a single unconstrained tree explains why accu-
racy (92.47%) remains below ensemble approaches; different boot-
strap samples would produce different threshold rules, and no sin-
gle tree generalizes optimally to all test speakers. The SVM sub-
stantially reduced majority-class bias by maximizing the kernel-
induced margin. Its confusion matrix shows a more balanced er-
ror distribution: 42 very low- and 28 medium-risk samples mis-
classified as healthy controls, a 50% and 64% reduction, respec-
tively, compared to k&-NN. The RBF kernel’s broad influence radius
captured a smoother non-linear boundary between spectral energy
profiles of healthy and dysarthric speech. The remaining misclas-
sifications concentrate along adjacent class boundaries (very low
vs. controlled and medium vs. controlled), consistent with acous-
tic overlap in prosodic rigidity between mild dysarthric speech and
certain healthy speaker patterns in the Chroma and Tonnetz fea-
tures. PCA + k-NN closely mirrors the k-NN confusion matrix
structurally, 82 very low and 77 medium samples misclassified as
controlled, indicating that the linear PCA projection retained the
same dominant cluster structure. However, the overall accuracy
improvement to 95.60% comes from substantially fewer within-
dysarthric confusions: PCA + k-NN improved medium R (0.912
vs. 0.631 for k-NN), suggesting that the compact PCA subspace
reduces intra-dysarthric overlap even though it does not address
the controlled confusion for borderline severe dysarthric speakers.
RF showed a dramatic reduction in misclassifications across all
four classes. Only 17 very low errors are predicted as controlled
(compared to 82 in k-NN), a fourfold reduction for the clinically
most critical minority class. Medium misclassifications drop to just
6 samples mislabeled as controlled, and low shows 13 false posi-
tives against controlled. Cross-dysarthric confusions are near-zero:
no very low samples are misclassified as low or medium, and only
1 low sample crosses into very low. This near-diagonal structure
reflects the decorrelation of tree predictions under feature subsam-
pling, where different trees specialize on different subsets of the
193-dimensional acoustic space and collectively learn fine-grained
within-dysarthric severity boundaries that single learners cannot re-

solve. The confusion matrix analysis of traditional classifiers shows
a clear progression from the distance-based confusion of k-NN to
the robust ensemble separation of RF. A key clinical observation:
misclassifications in lower-performing models are not random but
systematically biased toward the healthy controlled class; a pattern
with direct clinical implications, since false negatives (failing to
detect dysarthric severity) carry greater diagnostic cost than false
positives.

From the Table [3] the SGD and AdaBoost achieved accuracies
of 94.63% and 95.52%, respectively. Both outperform simple
distance-based learners but reveal distinct limitations. AdaBoost’s
re-weighting effectively concentrates later boosting rounds on the
boundary between low and medium intelligibility; however, the rel-
atively low R for very low (0.855) suggests that decision stump
base learners lack the capacity to fully capture the spectral com-
plexity of severe dysarthric distortions. SGD’s competitive accu-
racy of 94.63% confirms that significant inter-class discrimination
is embedded in linear projections of the 193-dimensional vector,
while non-linear interactions between BFCC low-band energy and
spectral contrast account for the residual gains in ensemble meth-
ods. Among the advanced gradient boosting frameworks, Light-
GBM achieved the highest overall accuracy of 98.20% with a
weighted Avg. of 0.982. Very low attained an F of 0.967 (P: 0.983,
R: 0.952)-a substantial improvement over both traditional classi-
fiers and weaker boosting variants for this clinically critical minor-
ity class. XGBoost followed with 97.68% accuracy; its aggressive
L, regularization produced a low P of 1.000, meaning every sam-
ple predicted as low intelligibility was a true positive, a notewor-
thy clinical property. LogitBoost attained 97.52% with its high-
est medium P of 0.987, consistent with its probabilistic working
response formulation. CatBoost reached 97.31%, where ordered
boosting reduced prediction shift bias on the limited TORGO cor-
pus, though the symmetric tree constraint introduced a mild ac-
curacy penalty. The results clearly demonstrate that ensemble and
gradient boosting classifiers outperform traditional models for au-
tomated dysarthria severity stratification. The consistent improve-
ment in Fs across all four severity classes as model complexity in-
creases from k-NN to LightGBM confirms the non-linear acous-
tic structure of dysarthric speech and validates the proposed 193-
dimensional BFCC-augmented feature representation. The confu-
sion matrices for AdaBoost, SGD, LogitBoost, CatBoost, Light-
GBM, and XGBoost further characterize the relative diagnostic ef-
fectiveness of advanced classifiers as shown in Fig. [3] These mod-
els employ iterative learning strategies suited to non-linear acoustic
variations in BFCC-based dysarthric features, and their confusion
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Fig. 3. Confusion matrices for advanced gradient boosting classifiers SGD, AdaBoost, CatBoost, LogitBoost, XGBoost, and LightGBM.

matrices reveal qualitative differences in error distribution. Ad-
aBoost shows 38 very low-intelligibility samples misclassified as
controlled and 13 medium-intelligibility samples mislabeled sim-
ilarly. The very low R of 0.855 reflects the difficulty that deci-
sion stumps encounter when resolving subtle formant centraliza-
tion in severely impaired speech: axis-aligned single-split deci-
sions cannot simultaneously capture the correlated low-frequency
BFCC distortions and spectral contrast reductions characteristic
of very low intelligibility dysarthric speech. Additionally, 16 very
low samples are misclassified as medium, suggesting that sequen-
tial re-weighting over-corrects toward the more numerous medium-
severity samples. SGD presents the most dispersed confusion pat-
tern, consistent with its role as a linear baseline. The matrix shows
23 controlled, 29 very low intelligibility, 12 low, and 13 medium
intelligibility samples incurring cross-class errors across all sever-
ity boundaries. A relatively high false positive rate for controlled
(12 control samples labeled as medium intelligibility) reflects the
linear decision hyperplane’s limitation in separating speakers with
mild articulatory deviations, where Chroma and Tonnetz features
exhibit overlapping distributions that only non-linear modeling can
resolve. LogitBoost substantially outperformed AdaBoost, reduc-
ing very low misclassifications from 38 to 22 samples predicted as
controlled. Its confusion matrix is notably cleaner within-dysarthric
boundaries: only 2 very low samples cross into low, and only 1
low sample is misclassified as very low. This reflects LogitBoost’s
probabilistic logistic base learner, which models posterior class
membership directly and provides smooth, calibrated confidence
boundaries between overlapping severity levels. CatBoost’s con-
fusion matrix shows one of the most balanced error distributions.
With only 24 very low and 14 medium misclassifications across
all predicted categories, CatBoost demonstrates the effectiveness
of ordered boosting in reducing prediction shift bias on the lim-
ited TORGO corpus. The near-zero cross-severity confusions con-
firm that symmetric tree regularization enforces consistent decision
boundaries across all severity levels.

XGBoost delivered strong classification performance, with 15 very
low and 8 medium misclassifications against the controlled cat-
egory. The low P of 1.000, from aggressive L; regularization
(a = 10), which means every sample predicted as low intelli-
gibility was a true positive: zero false positives for this category.
The controlled medium false negative rate of 8 samples (vs. 11 in
LightGBM) reflects XGBoost’s second-order Hessian-based gradi-
ent estimation, which provides more conservative and stable up-
dates for boundary cases between medium and controlled speech.
LightGBM produced the cleanest confusion matrix among all eval-

uated classifiers. Only 13 very low intelligibility samples are mis-
classified as controlled, and 11 medium intelligibility samples are
similarly mislabeled, the lowest very low and medium false nega-
tive counts across all models. Cross-severity confusions are mini-
mal: only 1 very low sample is predicted as low, and only 1 low
sample is predicted as medium. This near-diagonal structure re-
flects LightGBM’s GOSS mechanism, which preferentially allo-
cates resources to acoustically ambiguous boundary samples, and
its leaf-wise asymmetric growth, which learns deeply specialized
decision rules for each severity class.

As model complexity and regularization increase from AdaBoost
to LightGBM, the false negative rate for the clinically critical very
low intelligibility class decreases monotonically from 38 to 13 mis-
classifications. This steady reduction validates the proposed BFCC-
augmented feature pipeline and confirms that advanced gradient
boosting is the most appropriate choice for speech-based dysarthria
severity screening when minimizing missed severe impairment
cases is the primary clinical objective. The comprehensive evalu-
ation of the ten machine learning models indicates that GB and
bagging ensemble techniques significantly outperform traditional
algorithms in classifying dysarthria severity. As illustrated in Fig.[d]
RF achieved the highest classification accuracy of 98.33%, closely
followed by LightGBM (98.20%) and XGBoost (97.68%). The su-
perior performance of these ensemble models can be attributed to
their ability to construct non-linear decision boundaries within the
complex 193-dimensional hybrid feature space. Furthermore, the
application of ADASYN was critical for comprehensive evalua-
tion; by effectively mitigating the inherent class imbalance within
the TORGO corpus, ADASYN prevented model bias toward major-
ity classes and ensured high predictive reliability across all severity
levels.

6. CONCLUSION

k-NN represents the lower bound at 87.46%, establishing the sepa-
rability of the raw BFCC-Mel-Chroma feature space without para-
metric modeling. Its limitations on very low and medium reflect the
fundamental inadequacy of Euclidean distance in high dimensions
for severity discrimination. The DT (92.47%) and SVM (92.23%)
provide comparable intermediate benchmarks: the DT through in-
terpretable threshold rules on individual features, and the SVM
through kernel-based margin maximization. Both address different
aspects of the high-dimensionality problem but neither achieves the
robustness of ensemble diversity. PCA + k-NN (95.60%) demon-
strates that even a linear reduction of the feature space substantially
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Fig. 4. Comparison of the performance of the evaluated using ML classifiers across four evaluation metrics: accuracy, P, R, and F1.

restores the geometric coherence needed for neighborhood-based
classification. The ensemble and boosting classifiers form a sec-
ond performance tier between 94.63% (SGD) and 98.33% (RF).
This tier is characterized by consistent per-class Fs above 0.888
across all severity levels, a threshold ensuring reliable stratification
even for the acoustically challenging minority classes. The gradient
boosting hierarchy (LightGBM: 98.20% > XGBoost: 97.68% >
LogitBoost: 97.52% > CatBoost: 97.31%) reflects the progressive
advantage of leaf-wise asymmetric growth and second-order opti-
mization over simpler sequential boosting. RF’s 98.33% accuracy
is achieved without sequential error correction, and confirms that
bagging-based variance reduction is highly competitive on static,
time-averaged acoustic profiles when the feature space provides
sufficient discriminative structure.

Compared to MFCC-based baselines in prior literature [19], which
typically achieve 85-92% accuracy on similar severity classifica-
tion tasks, our hybrid BFCC-augmented approach yields consis-
tent improvements of 5 to 12 percentage points across all classi-
fier categories. This validates the central hypothesis that the Bark
scale’s psychoacoustic alignment with critical bandwidths provides
superior sensitivity to formant centralization and articulatory un-
dershoot in dysarthric speech. The inclusion of spectral contrast
and Tonnetz features further contributed to these gains by inde-
pendently encoding aspects of breathiness and harmonic stability
in dysarthric pathology that BFCCs alone cannot fully capture.
From a clinical deployment perspective, the high R scores across
all classes, particularly very low R values of 0.855 to 0.952 for
ensemble models, also confirm that ADASYN oversampling suc-
cessfully mitigated class imbalance without introducing systematic
biases toward any severity boundary. This P-R balance is essen-
tial for a clinical screening tool, where the cost of a missed severe
dysarthric case (false negative) substantially outweighs the cost of
an over-referral (false positive).
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