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Abstract: Voice alterations are the most frequent early sign of laryngeal pathologies.
Implementing voice screening protocols could help to detect early laryngeal diseases,
such as cancer. This field is increasingly turning to machine learning (ML) approaches for
diagnostic purposes, using analysis of vocal patterns and speech characteristics to identify
these disorders. This review aims to synthesize and evaluate the literature on laryngeal disease
detection and classification using ML. A comprehensive search of five major multidisciplinary
and specialized databases was conducted to identify articles published between 2015-2024,
yielding 102 relevant studies. Data extraction and analysis were conducted using the
“preferred reporting items for systematic reviews and meta-analyses” system. The included
studies utilize deep learning or ML algorithms to analyze the speech signal. The review reveals
that the Saarbriicken voice database remains the most coveted by the researchers, as it was
used in 53% of the studies. It shows that mel-frequency cepstral coefficients are the most
commonly used features, appearing in 54% of included studies, alongside the support vector
machine algorithm, which is the most commonly used classifier (50% of the studies).
The review demonstrates that traditional ML techniques are constantly being overtaken by
deep learning ones. This review serves as a roadmap for future research, guiding the
development of ML and deep learning-based algorithms for laryngeal disease detection.
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Abbreviations

Amplitude perturbation quotients APQ
Arabic voice pathology database AVPD
Artificial intelligence Al
Artificial neural networks ANN
Convolutional neural network CNN
Decision tree DT

Deep neural network DNN
Dual-tree complex wavelet transform DTCWT
Extreme gradient boosting XGBoost
Extreme learning machine ELM
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Gammatone cepstral coefficients GTCC
Gammatone frequency cepstral coefficients GFCC
Gammatone spectral latitude GTSL
Gaussian mixture models GMM
Gradient boosting machine GBM
Harmonics to noise ratio HNR
Histogram-kullback-leibler divergence H-KLD
Hospital Universitario Principe de Asturias database HUPA
Interlaced derivative pattern IDP
K-nearest neighbors KNN
Light gradient-boosting machine LightGBM
Linear discriminant analysis LDA
Linear predictive cepstral coefficients LPCC
Linear predictive coefficients LPC
Logistic regression LR
Long short time memory LSTM
Machine learning ML
Massachusetts eye and ear infirmary database MEEI
Mel-frequency cepstral coefficients MFCC
Multilayer perceptron MLP
Naive bayes NB
Neural network NN
Online sequential extreme learning machine OSELM
Pitch perturbation quotients PPQ
Preferred reporting items

for systematic reviews and meta-analysis PRISMA
Random forest RF
Root mean squared energy RMSE
Saarbriicken voice database SvD
Short-time Fourier transform STFT
Stationary wavelet transform SWT
Stochastic gradient descent SGD
Support vector machine SVM
Voice Icar Federico Il VOICED
Zero-crossing rate ZCR

Introduction

Laryngeal disorders can affect speech production ability, including vocal cord paralysis,
laryngitis, and spasms. There are multiple causes of vocal disorders, including physiological,
neurological, and psychological factors. Studies have shown that voice problems may affect
6-15% of the general population, increasing to 20-50% and may reach as high as 80% for
teachers [5]. Prevalence of vocal complaints reported by 59% of call center operators [81].
For this reason, great importance is given to the diagnosis of vocal pathologies. The detection
of voice pathologies using Al and ML has continued to grow over the last two decades,
thanks to the evolution of the computing power of machines [27].

During the last decade, ML algorithms have achieved very good results [48, 114]. However,
neither the biomedical industry nor the clinical community has exploited research results.
This is essentially due to the great disparity of the results obtained. The absence of standards
and standardization of terminology also contributes to this situation.
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Other important issues are related to the possibility of putting it into practice and verifying the
results for possible industrialization. This can be ensured by providing detailed descriptions in
the publications of the Al algorithms, platforms, software, and libraries. Few authors share the
code of their programs and set up an executable version [46, 97]. All of these factors hinder the
development and collaboration of the research community. ML algorithms utilized for
classification use different databases such as MEEI [75], SVD [93], or HUPA [42].
Since datasets are different, comparing the performance of vocal pathology prediction systems
is far from being objective. In this perspective, we propose to review recent works that use ML
to classify or detect laryngeal diseases.

Several reviews have been conducted in recent years [14, 54, 100, 110], but none have covered
as many articles. Additionally, this review is unique as it covers an entire decade and provides
insight into the evolution of research in this field. In 2019, the authors of [43] established
a review of automatic voice condition analysis systems. They presented concepts,
categorization of different aspects of voice pathology, and the methodologies and methods most
commonly used in these systems. The authors described preprocessing methods, including
accentuation, filtering, framing, and windowing techniques. They examined different voice
features such as temporal, spectral, and cepstral characteristics. They analyzed and criticized
the most frequently used classification and decision-making algorithms. In 2020, the authors of
[110] conducted a meta-analysis review using 45 studies published between 2002-2020 in
reputable journals and conference proceedings. The authors of [110] aimed to compare and
reveal the weaknesses and strengths of the SVD, MEEI, and AVPD [77]. The authors
established that, until then, the MEEI was the most frequently used database, appearing in 54%
of articles. The study discussed classification techniques and concluded that SVM was the most
commonly used classification algorithm during this period.

Another study categorize and compares ML techniques in voice disease diagnosis [100].
In [100] authors analyzed 48 articles published between 2002-2022. The review classified voice
disorders into 3 categories: mental illness (30 articles), laryngeal diseases (6 articles),
and neurological diseases (12 articles). The authors provided targeted diseases, classification
algorithms, features, and metrics. However, with only 6 articles addressing laryngeal diseases,
the sample size was too small to reach meaningful conclusions about databases or algorithms
usage frequency and their effectiveness.

Earlier comprehensive review of 98 articles published between 1996-2017 covering various
categories of voice disorders: structural lesions, inflammatory conditions, trauma or injury-
based disorders, systemic conditions, psychiatric and psychological disorders, neurological
conditions, etc. [54]. In this review, the authors presented all stages of classification, discussed,
and compared the effectiveness of multiple features and classifiers. Common ML algorithms
have been described and grouped into 8 categories: ANN, DTs, hidden Markov models, GMMs,
k-means clustering, SVM, linear classifiers, and combined classifiers.

Despite the substantial research generated in this area, there remains a critical need for
systematic synthesis and integration of the accumulated knowledge. Publications are scattered
across various disciplines (otorhinolaryngology, phoniatrics, signal processing, and ML),
making it challenging to gain an overview of the progress made. This systematic review aims
to fill this gap by providing a comprehensive overview of works published over the past
10 years. Its main objectives are to provide a comprehensive analysis of the techniques,
databases, and voice features used, to consolidate the progress made, and to identify unexplored
fields. This question can be answered through three objectives:
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e To identify and characterize voice databases related to laryngeal pathologies, based on
their size, composition, and available clinical information, as reported in scientific
literature.

e To conduct a comprehensive analysis of the techniques and methodologies employed in
the study of voice disorders associated with laryngeal pathologies, including a review of
speech signal processing methods and analytical models.

e To compile an inventory of the most frequently extracted voice features relevant for
detecting and classifying laryngeal diseases to consolidate advances in acoustic
biomarkers.

Materials and methodology
To achieve the previously mentioned objectives, a search for quality scientific articles is
necessary. PRISMA is selected as the screening method [72].

Databases concerned

The literature search was conducted across five major databases, including three specialized
repositories: PubMed for biomedical and life sciences, IEEE for computer science and electrical
engineering, and SpringerLink for science, technology, and medicine. Additionally,
two comprehensive multidisciplinary databases were used, Web of Science and Scopus which
encompass relevant peer-reviewed publications from diverse scientific disciplines. Therefore,
since voice alteration can be due to several physiological and psychological disorders,
keywords were chosen to focus the search on vocal disorders related to laryngeal diseases.
Therefore, the keywords “larynx” and “laryngeal” were added to items “voice disorder”,
“machine learning”, and “neural network”. The same keywords were utilized in all databases.
Logic operators “and” and “or” have been used with parentheses and quotation marks for
maximum relevance. The search fields were limited to the paper’s title, abstract, and keywords.

Eligibility criteria

To ensure relevance and quality, we restricted our document selection to articles published from
2015-2024 and indexed in widely recognized databases. The exclusion criteria taken into
consideration were chosen to avoid biasing the study. Therefore, the excluded articles are
reviews, non-biomedical articles, and articles written in a language other than English.
After searching by keywords and filtering records using advanced search tools, the title and the
abstract are screened to eliminate duplicate articles, those that do not use Al for classification,
and studies targeting special populations such as children, singers, etc. Other publications were
excluded because they did not use voice signals but rather other signals such as neck vibrations
measured by accelerometers, electroglottographic signals captured by electrodes, and images
extracted from endoscopic video signals.

Data extraction

A systematic data extraction procedure was implemented by two authors working
independently on the 102 selected studies. This process comprised two sequential stages: initial
abstract screening followed by a comprehensive full-text review, which included a detailed
examination of figures and tables. Standardized data extraction captured information on the
targeted diseases, database sources, and datasets used. It also captured the classification
methodology framework, specifically distinguishing between binary and multiclass systems, as
well as the machine and deep learning classification algorithms employed, and the accuracy
outcomes for each study.
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Results

The primary objective of this review was to identify articles published 2015-2024 that utilize
ML for laryngeal disorder diagnosis through voice analysis. A comprehensive search was
conducted across specified databases. From the 300 identified records, 141 were retained after
removing duplicates. A total of 39 articles were then excluded based on the exclusion criteria

in our two-stage screening, leaving 102 articles for data extraction (Fig. 1).

,E Records identified through IEEE,
E SpringerLink, PubMed, Scopus,
'% Web of Science (n = 300)
=

Records identified after removing
e duplicated (n = 141)
i
L
5
A

Screened records
Excluded (1 =39):
Review (n=17)
= . . o B
= Full-text assessed for eligibility Use image, video or vibrations (n = 14)
-'090 (n=141) Use only electroglottogram signal (r = 4)
5 Not using machine learning (n = 8)
Voice production (n = 6)

o
= Full-text articles included in
é synthesis (7 = 102)

The review presents the key data from each study, including the targeted disease, the type of
classification (detection or classification), the database used, the classification algorithm,
the features, and the classification performance (Table 1). Subsequently, statistics regarding the

Fig. 1 Publications filtering flowchart
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databases, classifiers, and voice features are provided.

Table 1. List of included studies ordered by the year of publication and the best accuracy
per year: class — binary (normal pathological) or multi (multiclass pathological),
best accuracy is the one obtained in the current study

Ref. [Year |Diseases targeted |Database Class |Classifiers Features Best
accuracy
[107] |2024 |laryngeal cancer, |Local (Korea) |Multi |CNN (ResNet) [MFCC, octave |100%
paralysis, mucosal frequency,
diseases spectrum
energy
[94] |2024 |voice pathologies |SVD, MEEI, |Binary [SVM, KNN, [APQ, 99.97%
(unspecified) Private NB, DT frequency,
jitter, period,
shimmer
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[87] |2024 |cordectomy, SVvD Multi  |[SVM MFCC, 99.50%
dysphonia, partial RMSE, ZCR
resection, contact
pachyderma,
laryngitis, vox
senilis, polyps,
leukoplakia,
Reinke’s edema,
paralysis
[31] [2024 |dysphonia, SvD Multi  |[CNN waveforms 99.40%
laryngitis, Reinke’s (raw)
edema, vox senilis
[130] |2024 |voice pathologies |MEEI, SVD, ([Binary |CNN, MLP, |MFCC, 98.22%
(unspecified) HUPA LSTM GTCC,
waveforms,
Glottal flow
features
[17] |2024 |voice pathologies [VOICED Binary |SVM, KNN, [Wav2vec 98.00%
(unspecified) DT, RF features
[66] |2024 (laryngeal cancer, |Local (Korea) [Multi |SVM, ANN, |MFCC 97.00%
vocal cord GBM, CNN
paralysis, mucosal
disease
[73] |2024 |dysphonia Local (Brazil) [Multi |XGBoost, 47 acoustic 96.20%
KNN, DT, LR, |features (time,
MLP, RF, spectral,
SVM cepstral
features, etc.)
[29] |2024 [Parkinson’s disease |Local (UK) Binary |[KNN, SVM, |MFCC, GTCC (92.30%
wide NN
[99] [2024 |voice pathologies |Local (Iran)  |Binary |DNN chroma, jitter, [91.00%
(unspecified) MFCC, pitch,
formants
[57] |2024 |dysphagia Local Binary |CNN mel-spectrum {90.00%
[67] |2024 |voice pathologies [HUPA Binary |SVM, RF, fundamental |88.79%
(unspecified) XGBoost frequency,
MFCC
[128] |2024 |dysphonia, SVvD Binary |[SVM, ANN |OpenSMILE [81.00%
recurrent laryngeal features,
nerve palsy MFCC
[69] [2024 |voice pathologies |SVD Binary |CNN handcrafted  [80.90%
(unspecified) (ResNet18),
SVM
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[60] |2024 |voice pathologies |SVD, HUPA |Binary |SVM, RF, MFCC, 76.00%
(unspecified) LSTM, CNN |spectrogram,
mel-
spectrogram
[89] [2023 |dysphonia, VOICED Multi  |[CNN mel- 99.50%
laryngitis spectrogram
[124] |2023 |Parkinson’s disease |PC-GITA Binary |DT, KNN, NB,|MFCC 99.00%
(Spain) SVM
[103] |2023 |reflux laryngitis, |VOICED Multi  |MLP, 1D- STFT 97.10%
hyperkinetic/ CNN spectrogram,
hypokinetic MFCC
dysphonia
[13] |2023 |dysphonia, SvD Multi  |RF, SVM energy, 96.88%
laryngeal motion entropy, ZCR
disorder, laryngitis,
Reinke’s edema,
VoX senilis
[79] |2023 |voice pathologies [SVD Binary |CNN, LSTM |multi-layer 96.05%
(unspecified) hybrid network
features
[65] [2023 |dysphagia Local Binary |CNN STFT 95.00%
spectrogram,
MFCC
[120] |2023 |voice pathologies |MEEI Binary |[LDA GFCC, LPC, [92.73%
(unspecified) MFCC
[126] |2023 |dysphonia, Local (China) |Multi  |CNN MFCC 92.00%
paralysis, nodules,
polyps
[25] |2023 |voice pathologies |SVD Binary |RF, XGBoost |spectral 90.60%
(unspecified) features
[129] |2023 |dysphonia MVPD Binary |OSELM MFCC 90.00%
(Malaysia)
[18] [2023 |spasmodic Local (Italy) [Multi |KNN 48 acoustical [89.00%
dysphonia features
[9] |2023 |vocal nodule, local (Brazil) |Binary |SVM, KNN |MFCC, 82.00%
Reinke’s edema, cepstral
neurological distances and
dysphonia peaks
[115] |2023 |leukoplakia SVvD Binary |DNN STFT 81.25%
spectrogram
[59] |2023 [spasmodic SvD Binary |SVM OpenSMILE |72.10%
dysphonia, vocal features
fold paralysis
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[78] [2023 |hyperkinetic VOICED Multi  |[CNN MFCC, 67.91%
dysphonia Q-factor
wavelets
transform
[117] |2023 |hyperfunctional SVD Multi  [SVM MFCC 62.77%
dysphonia vocal
fold paresis
[104] |2022 |voice pathologies |SVD, AVPD, |Binary |SVM,SGD  [SWT-based [99.97%
(unspecified) MEEI HUPA, framework
[82] |2022 \mild degree of Local (Brazil) |Binary |ANN wavelet 99.75%
vocal deviation transform
coefficients
[131] |2022 \neuromuscular MEEI, SVD, |Multi |SVM, MLP, |GTSL 99.60%
pathologies, HUPA RF
structural
pathologies
[39] [2022 |laryngitis, SVvD Multi  |[LSTM MFCC 98.02%
leukoplakia,
carcinoma, cysts,
dysphonia, nodules,
paralysis, polyps,
Reinke’s edema
[95] |2022 |voice pathologies [SVD Binary |SVM,CNN |MFCC 97.80%
(unspecified)
[22] |2022 |voice pathologies [VOICED Binary |DNN MFCC 97.80%
(unspecified)
[71] |2022 |dysphonia Paraiba Binary |RF, NB, SVM, |acoustical 91.00%
(Brazil) RL, KNN (34 features)
[38] [2022 |voice pathology Local Multi  [1D-CNN waveforms 88.30%
severity (raw)
(unspecified)

[4] |2022 |dysphonia SVvD Binary |NB MFCC 81.48%
[61] [2022 |voice pathologies |HUPA Binary [SVM, RF, MFCC, 81.00%
(unspecified) DNN, LSTM, |spectrogram,

CNN, mel-
Adaboost spectrogram
[127] |2022 [recurrent laryngeal |SVD Binary [SVM MFCC, 76.25%
nerve palsy, perceptual
dysphonia LPCC
[116] |2022 |hyperkinetic/ SVvD Binary [SVM MFCC 75.00%
hypokinetic
dysphonia,
laryngitis
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[20] [2022 |cordectomy, SVD Multi  |[CNN, LSTM |spectrogram  |71.15%
dysphonia,
frontolateral
laryngectomy,
pachydermia
larynges
[111] |2021 |cysts, dysphonia, |SVD Binary |SVM, NB, DT |MFCC, pitch, |{100%
laryngitis, ZCR, spectral
nonfluency entropy,
syndrome energy, roll-off
[12] |2021 |dysphonia, cysts, |SVD, local Binary |CNN, LSTM |MFCC, ZCR, [99.58%
vocal fold polyps, energy
sulcus vocalis entropy,
shimmer
[74] |2021 |aphasia Local (China) |Binary |CNN, KNN, |MFCC, 99.23%
LDA, RF, formant
SVM frequency,
energy
[23] [2021 |voice pathologies |VOICED Binary [KNN LPCC 98.23%
(unspecified)
[122] |2021 |dysphonia, reflux  [VOICED Multi  |3D CNN Bump/Morlet/ [97.70%
laryngitis Morse
wavelets
[83] [2021 |voice pathologies |SVD Binary |[CNN,LSTM |mel- 95.60%
(unspecified) spectrogram
[3] |2021 |cysts, polyps, SVD Multi  |OSELM MFCC 91.17%
paralysis (ELM)
[112] |2021 |dysphonia, polyps, |SVD Multi  |[CNN, LSTM |MFCC, pitch, |86.87%
partial resection, ZCR, spectral
vox senilis, entropy,
laryngeal motion energy, roll-off
disorder, Reinke’s
edema, carcinoma,
leukoplakia
[70] |2021 |dysphonia, SVvD Binary |CNN, FNN LPCC, MFCC, |82.69%
laryngitis, vocal normalized
fold polyps, Skewness and
leukoplakia, vocal Kurtosis
fold cancer,
nodules, Reinke’s
edema, granuloma,
contact ulcers
[30] [2021 |dysphonia, SVD, private |Multi  [CNN (ResNet) IMFCC 82.20%
laryngitis, recursion
parsing
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[58] [2021 |vocal atrophy, Local (Taiwan)|Multi  |[CNN MFCC 67.00%
unilateral vocal
paralysis, organic
vocal fold lesions,
dysphonia

[41] [2020 |cysts, paralysis, SVD, HUPA, [Binary |SVM, ANN, |glottal volume [99.98%
polyps MEEI, AVPD SGD velocity

waveform

[15] |2020 |voice pathologies |MEEI Binary |[GMM, NB H-KLD, 99.55%
(unspecified) MFCC

[51] [2020 |Alzheimer’s SVD, local Binary [SVM discrete 99.26%
disease, dysphonia, |(Tunisia) wavelet
laryngitis, paralysis, transform
Parkinson’s disease, features
recursion parsing

[101] |2020 |paralysis, polyps  |Local binary |RF, XGBoost, [MFCC, 95.65%

NB, SVM, octave-based
KNN. spectral
contrast,

[80] [2020 |voice pathologies |SVD Binary |CNN spectrogram  {95.41%
(unspecified) (ResNet34)

[1] |2020 |erythroplakia, MEEI, SVD |[Binary |SVM, ELM, |MFCC, LPCC,|86.11%
keratosis, XGBoost log area ratios,
leukoplakia reflection

coefficient
[64] [2020 (laryngeal cancer Local Binary [SVM, MFCC 85.00%
XGBoost,
LightGBM,
ANN, CNN

[44] |2020 (laryngeal cancer local (India) |Binary [SVM, RF MFCC 80.00%

[62] [2020 |voice pathologies |HUPA, SVD |Binary |SVM MFCC, 76.19%
(unspecified) spectrogram

[36] |2019 |voice pathologies | MEEI Binary |DNN, GMM, |MFCC 99.32%
(unspecified) SVM

[46] |2019 |voice pathologies |MEEI Binary |SVM,CNN |MFCC 95.90%
(unspecified)

[47] |2019 |voice pathologies |MEEI Binary [SVM, CNN, |MFCC, mel- [93.50%,
(unspecified) spectrogram

[63] |2019 |vocal nodules, MEEI, SVD |Multi  |[KNN,SVM  |IDTCWT 93.32%
cysts, paralysis,
polyps
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[91] |2019 |dysphonia, Local (USA) |Binary |CNN spectrogram  (90.00%
paralysis, polyps,
polypoid chorditis,
papillomatosis
[118] |2019 |voice pathologies |MEEI SVD Binary |Boosted Trees |jitter, 84.50%
(unspecified) VOICED fundamental
frequency,
shimmer, HNR
[49] |2019 |dysphonia, SvD Multi  |[CNN, LSTM |spectrogram  |80.00%
laryngitis, paralysis
[48] |2018 |[laryngitis SvD Binary |LSTM, ANN |jitter, shimmer,|100%
autocorrelation
[7] 2018 |cysts, paralysis, MEEI, SVD, |Multi |SVM peaks, lags, 99.79%
polyps AVPD entropy
[121] |2018 |dysphonia SVvD Binary |ANN MDVP 93.33%
Features
[109] |2018 |voice pathologies |MEEI Binary |MLPNN Haralick 89.71%
(unspecified) texture
features
[119] |2018 |voice pathologies |SVD Binary |[SVM, DT, jitter, HNR,  |85.77%
(unspecified) KNN, NB, formant,
Logistic Tree |MFCC,
fundamental
frequency,
shimmer
[53] |2018 |voice pathologies |AVPD, MEEI, |Binary |XGBoost, energy, jitter, (73.30%
(unspecified) SVD, HUPA isolation HNR, MFCC,
forest, CNN |pitch, shimmer
[45] |2018 |cysts, polyps, Local Binary |CNN MFCC, jitter |71.20%
neoplasms,
paralysis
[113] |2018 |dysphonia, SVvD Binary [SVM jitter, shimmer,|71.00%
laryngitis, paralysis HNR, MFCC
[90] [2018 |neoplasm, local (Taiwan) [Multi  |SVM, RF, MFCC 68.48%
phonotrauma, KNN, GBoost
Vocal palsy
[114] |2017 |dysphonia SVD Binary |[ANN jitter, shimmer,|100%
HNR
[8] |2017 |cysts, paralysis, AVPD, MEEI, [Binary |SVM multi- 99.68%
polyps SVD dimensional
voice program
features
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[106] |2017 |voice pathologies |MEEI Binary |ANN 19 acoustical |99.40%
(unspecified) features (jitter,
shimmer,
HNR, etc.)
[84] [2017 |cysts, paralysis, MEEI, SVD, [Multi |SVM IDP 99.40%
polyps AVPD
[10] |2017 |voice pathologies |MEEI Binary [SVM MFCC 98.00%
(unspecified)
[28] [2017 |dysphonia, SVD Binary [NB MFCC 90.00%
paralysis
[55] [2017 |dysphonia, SVD Multi  [ANN entropy, jitter, |87.50%
laryngitis, paralysis MFCC,
Kurtosis,
shimmer
[52] |2017 |voice pathologies [SVD Binary |DNN, LSTM |waveform 71.36%
(unspecified) (raw)
[56] [2016 |voice pathologies |SVD Binary |k-means, RF |jitter, shimmer,|100%
(unspecified) energy, MFCC
[6] |2016 |voice pathologies |AVPD Binary [SVM voice contour, |100%
(unspecified) intensity
[85] [2016 |voice pathologies |MEEI Binary [SVM vocal tract area|99.02%
(unspecified) variance,
average
[26] |2016 |physiological MEEI Binary |GMM, SVM, |MFCC, 98.70%
pathologies, LDA spectral
neuromuscular
pathologies
[34] |2016 (laryngeal cancer  |SVD Binary |[ANN temporal/ 98.00%
frequency
descriptors
[16] |2016 (laryngeal cancer  |SVD Binary |ANN temporal/ 96.90%
frequency
descriptors
[11] |2016 |dysphonia SVvD Binary |SVM, GMM |MFCC 96.50%
[37] |2016 |voice pathologies |MEEI, local |[Binary |ANN modified 96.48%
(unspecified) Mellin
transform
features
[50] [2016 (laryngitis, paralysis,|SVD Binary [SVM pitch, formants [86.00%
dysphonia, voice
tremor, Reinke's
edema
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[76] |2015 |voice pathologies |MEEI, HUPA, |Binary |SVM, RF local and high-{99.90%
(unspecified) PARCZ level feature
combinations
[40] |2015 |voice pathologies |MEEI Binary |Genetic phase space  [98.40%
(unspecified) algorithm, parameters,
LDA, SVM Lyapunov
spectrum
[2] |2015 |voice pathologies |MEEI Binary |SVM discrete 97.01%
(unspecified) wavelet
coefficients
[33] |2015 |voice pathologies |SVD Binary |GMM MFCC 95.00%
(unspecified)
[108] |2015 |cysts, dysphonia, |SVD Binary |SVM MFCC 86.44%
laryngitis Reinke’s
edema

Number of publications

To gauge the interest in a research topic, it is sufficient to look at the number of publications
dedicated to it. When a subject is thoroughly addressed, the articles that deal with it decrease.
However, the use of ML in the detection of voice disorders continues to attract the attention of
researchers, and Fig. 2 shows sustained growth since 2015. The number of publications per year
has sustained growth. The increasing nature of the curve indicates that researchers are
increasingly interested in detecting and classifying vocal disorders using ML and deep learning.

Number of studies

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024

Years

Fig. 2 Number of included publications from 2015 to 2024
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Databases

The researchers used approximately 35 databases in their studies. As shown in Table 1,
most of them used a single database, while several studies employed two, three [8, 76, 84, 131],
or even four databases simultaneously [41, 104]. Fig. 3 illustrates how frequently each database
occurs.

60 55
50

40

30

o| noo e
SvD Local, MEEI HUPA VOICED AVPD

private
Used databases

30 27

Number of studies

Fig. 3 Number of studies for various databases

SVD [125] is the most commonly used database, employed 55 times (53.90% of studies).
Its best score was achieved by RF, k-means [56], ANN [114], and LSTM [48], displaying 100%
accuracy. SVD is a free-access data collection that contains more than 2 000 German-speaking
individuals, including 1 290 patients and 687 healthy persons. Each record in the database
contains three vowels (|a|, |i|, and |u[) in high, neutral, and low tones in addition to the recording
of a German passage “Guten morgen, wie geht es ihnen?” (in English means “Good morning,
how are you?”). For each recording, the speech signal and the electroglottogram signal are
saved in separate files; a text file contains the necessary comments. The signal is 16 bit and
sampled at 50 kHz.

The MEEI [75] is the second most frequently used database. It was utilized 27 times and
permitted to reach 99.96% accuracy [76]. The MEEI is one of the most popular databases in
voice analysis. It contains more than 53 normal and 657 pathological voice samples and a wide
variety of organic, neurological, psychogenic, and traumatic voice disorders (e.g., adductor
spasmodic dysphonia, conversion dysphonia, erythema, hyperfunction, etc.) [76].
Vocal recordings of the sustained vowel |a| are 1-3 seconds in length, and readings of the first
sentence of the Rainbow passage are 12 seconds length. The database was created by the MEEI
voice and speech lab and commercialized by Kay Elemetrics [75]. The sampling frequency was
10 kHz, 25 kHz, and 50 kHz, while the signal resolution was 16 bits. In this collection,
clinical information, age, and gender were included in all recordings.

The HUPA [42], developed in Alcala de Henares, Madrid, Spain, is the third most frequently
used database. This freely accessible database comprises 440 recordings of sustained vowel ||
phonations from 366 adult Spanish speakers. The speech recordings include 239 samples from
197 healthy subjects and 201 samples from 169 patients with pathological conditions.
All speech files were digitized with 16 bit resolution and sampled at 25 kHz [130].
The pathological samples represent a range of organic pathologies such as nodules, polyps,
and Reinke’s edema. It was employed in 11 studies, and the highest accuracy reached was
99.98% [41].
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The VOICED PhysioNet database has been publicly available since 2018 and contains
a collection of 208 voice recordings [19]. This collection includes 150 recordings from
individuals diagnosed with various voice disorders and 58 recordings from healthy individuals.
Volunteers aged 18-70 contributed to this voice recording dataset. All recordings were acquired
in a professionally controlled environment. Records have 32 bit resolution sampled at 8 kHz.
The Vox4Health management system was used to capture the recordings on Samsung Galaxy
S4 smartphones. The voice recordings from patients with voice disorders are grouped into
three distinct categories: reflux laryngitis (38 recordings), hypokinetic dysphonia
(40 recordings), and hyperkinetic dysphonia (72 recordings). The hyperkinetic dysphonia
group encompasses several specific vocal fold conditions: vocal fold nodules, Reinke’s edema,
chorditis, rigid vocal fold, polyps, and prolapse. The hypokinetic dysphonia category covers
other conditions such as conversion dysphonia, extraglottic air leak, dysphonia of the chordal
groove, presbyphonia, vocal fold paralysis, glottic insufficiency, laryngitis, and adduction
deficit.

The AVPD [75] is also used in 8 articles. In this database, samples of words and voices were
recorded at various sessions at King Abdul Aziz University Hospital in Riyadh, Saudi Arabia.
The recordings were made using KayPENTAX professional equipment. The database protocol
has been developed to overcome specific MEEI deficiencies [62]. It contains 366 samples
(175 healthy and 187 pathological). Normal and pathological vocal folds were determined after
clinical laryngeal stroboscopic examination. For pathological cases, the perceptual severity of
voice disorders was rated on a 3-point scale, where 1 represents mild, 2 represents moderate,
and three represents the most severe. A consensus among three expert medical doctors
established the severity rating for each sample. The recording has different types of texts:

o three sustained vowels with the onset and offset information;

¢ isolated words, including Arabic digits and other common words;

e continuous, simple, and short speech.

Most speakers provided three repetitions of each vowel. Single-word and repetitive speech
recordings were limited to discourage patient fatigue. Both normal and disease voice signals in
AVPD are sampled at 50 kHz using 16 bit resolution.

In addition to these five databases, other databases are used by researchers, and are either
private or of limited scope (used only once). These databases are grouped into a single class
“Private/local”. Using data collected in Table 1, the distribution of targeted impairments is
given in Fig. 4, where only addressed diseases are represented. In terms of pathology coverage,
studies conducted on the SVD database are addressing 12 pathologies (cancer, contact
pachyderma, cordectomy, cysts, dysphonia, vocal folds partial resection, laryngitis,
leukoplakia, paralysis, Reinke’s edema, and vox senilis) in addition to studies that address
unspecified pathologies using binary classification (pathological/healthy). Those conducted on
VOICED data address only two specific pathologies (four studies for dysphonia and
three studies for laryngitis) [48, 79, 90, 103, 122]. Thus, it is the least frequently used database
among the five major ones, in terms of disease variety.
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Fig. 4 Distribution of addressed pathologies in various databases:
numbers indicate the number of studies addressing the pathology

Classifiers

The papers included in this review employed a variety of algorithms for classification as
indicated in Fig. 5. While the primary objective was typically the binary detection of voice
disorders (i.e., classifying a voice as either normal or pathological), several studies extended
this to multiclass classification Table 1. These more granular approaches aimed to not only
identify the presence of a voice disorder but also to determine the specific type of disease and,
in some cases, its severity [18, 20, 96, 98]. In their work, [38] created an original dataset and
applied a CNN architecture for pathological voice severity classification, achieving accuracy
of 88.30%. The approach processed raw waveform data from sustained voice recordings
sampled at 48 kHz with 16 bit resolution, with mono signals partitioned into analysis of
200 ms frames.
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Fig. 5 Number of studies for the most common classifiers

In Fig. 5, algorithms used only once, such as adaptive boosting [61], isolation forest [53],
k-means [56], and genetic algorithm [40], are grouped in class “others”. It should be noted that
many studies have used more than one algorithm [73]. The SVM is the most employed
algorithm with 51 occurrences, followed by CNN-DNN and its variants with 39 occurrences.
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However, if we consider all NN structures, including CNN, DNN, MLP, and LSTM, as a single
group, we can see that this is the most commonly used category. In the same context, the
boosting technique was used 12 times but with different algorithms such as XGBoost [25, 67,
73], adaptive boosting [61] and LightGBM [64]. Another result concerns the classifiers of

102 studies included in this review, 27 of them adopt a multiclass classification and 75 use
a binary classification.

A quantitative analysis of classifiers’ performance across different databases is established as
illustrated in Fig. 6, where several classifiers achieve accuracy of 100%, such as k-means,
RF [56], ANN [114], LSTM [48], and DT [111]. All these studies are conducted in SVD using
binary classification and various features (MFCC, jitter, shimmer, pitch, spectral roll-off, etc.).
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Fig. 6 Classifier performances through different databases

In MEEI database, the best accuracy of 99.96% is achieved by RF and SVM [76], and the study
employed time-domain features and binary classification to detect voice disorders. Within the
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same context, the CNN algorithm demonstrated its optimal performance using the VOICED
database, achieving an accuracy of 99.50%. This finding originated from a study focused on
the detection and classification (multiclassification) of dysphonia and laryngitis [90].

An examination of the trends for “machine learning algorithms” and “deep learning algorithms”
over the last decade reveals a substantial increase in the adoption of deep learning relative to
ML (Fig. 7). The “deep learning algorithms” category encompasses CNN, DNN, and LSTM
algorithms, whereas traditional ML methods are classified under the “machine learning
algorithms” category.

Number of studies

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
Years

Deep learning  ==@==Machine learning
Fig. 7 Evolution of deep learning usage vs ML between 2015-2024

Voice features

A wide range of voice signal features is utilized in machine/deep learning laryngeal disease
detection and classification. Several classification methods exist in the literature [32, 102].
But features can be classified by the domain from which they are extracted into 3 main
categories:

e Time-domain features: characteristics of a speech signal that are directly extracted
from its raw waveform, such as amplitude envelope, RMSE, ZCR, short-time energy, and
pitch period [68]. The main advantages are that it requires less computation time and does
not involve complex transformations [88]. This category is more and more used with deep
learning classifiers [31, 38, 52].

e Frequency-domain features, also called physical features [105], such as octave frequency
spectrum energy [107], formants [50, 119], and spectral roll-off [111, 112]. These kinds
of features are calculated by converting a one-dimensional time-domain speech signal
into a two-dimensional representation using the STFT [123].

e Cepstral features (quefrency-domain or perceptual features), such as MFCC, perceptual
LPC, LPCC [21, 92, 105]. These features are computed using the inverse of the Fourier
transform of the speech logarithmic spectrum.

In speech analysis and laryngeal disease detection, several researchers utilize a combination of
the three categories to increase performance. For example, in [87], the authors used MFCC,
RMSE, and ZCR, while entropy, jitter, Kurtosis, MFCC, and shimmer are employed in [56].
Fig. 8 displays the number of studies employing each category. The most frequently used class
is “cepstral features” with 63 occurrences, 35 of these were used independently (e.g. [3, 4, 39,
66, 116, 117, 124, 126, 129]), and 28 were used in combination with the other two classes
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(e.0.[12, 61, 74, 111, 112, 128]). Frequency-domain features were used 47 times, making them
the second most common, with time-domain features close behind at 36 uses.

Fig. 9 presents a statistic showing the number of studies including each voice feature.
The most sought-after features by researchers are MFCCs. More than a half of the included
studies use MFCC features (55 occurrences), while the second rank is occupied, ex aequo,
by shimmer and jitter with 12 occurrences. Speech signal spectrogram and mel-spectrogram
were exploited 10 and 8 times, respectively. Other features are less frequently utilized.
For instance, the raw signal was used four times, and HNR was used three times.
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Fig. 9 Features utilization: number of studies for the most commonly used features

Discussion

Both qualitative and quantitative analyses of the review findings addressed key elements of
voice disorder detection and classification systems related to laryngological diseases. It was
challenging to focus the research on a specific algorithm or database. This review confirmed
the statement that the SVD [91] and MEEI [131] databases are the most widely used in this
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field, supporting the findings established by [43] and confirmed by [108] and [109].
Other well-known databases, such as HUPA, VOICED, and AVPD, were also utilized by
researchers. Regarding the number of diseases addressed, SVD offers the broadest scope,
encompassing 12 diseases, and is consequently the most frequently used database for multiclass
classification tasks. These databases present certain limitations that warrant attention.
A significant concern is the uneven distribution of samples across different classes. The MEEI
database exemplifies this issue, containing 657 pathological voice samples compared to merely
53 normal voice samples. This pronounced class imbalance can adversely affect the reliability
and generalizability of classification outcomes [24, 35].

In this work, classification algorithms were also examined in terms of accuracy and frequency
of use. SVM is the most frequently used algorithm (51 occurrences) and achieved excellent
accuracies of 100% [6] and 99.98% [41]. Additionally, it was necessary to address the question:
“Which approach is more prevalent, traditional machine learning or deep learning?”.
Deep learning algorithms are gaining prominence, as the results indicate, given their capacity
to learn from raw data via hidden layers without the need for transformation [71]. However,
both categories continue to demonstrate highly satisfactory results, including SVM, SGD,
LSTM [48], DT, ANN, and CNN [107] algorithms. While it’s true that classical ML algorithms
are easy to implement, they generally require signal pre-processing, signal extraction
calculations, and sometimes voice characteristic selection to improve model performance
[69, 109]. Therefore, feature selection is a crucial technique during the preprocessing phase
while creating ML models. This approach involves identifying the most relevant features in the
data by removing those that are redundant, irrelevant, or inappropriate (e.g., minimum
redundancy, maximum relevance, principal component analysis, and LDA). Many studies
employed this technique to remove irrelevant features using the variance technique to reduce
processing time and improve accuracy [71].

MFCC remain by far the most used. More than half of the papers adopted them. Generally,
these coefficients are standard when calculated with a common framework and standard values
(pre-emphasis gain, window length, mel-filterbank, etc.). Some authors used MFCCs and their
derivatives (delta MFCCs, delta-delta MFCCs, etc.) to enhance voice signal dynamic
representation and improve the performance of disease detection and classification [26, 105].
The other acoustic features, such as HNR, which assesses the ratio of harmonic sound energy
to noise energy and indicates breathiness or hoarseness, pitch, jitter, shimmer, measuring
fundamental frequency, frequency variation, and amplitude variation, respectively, were also
utilized in many studies. Spectral features were employed in more than 20 articles,
especially when high-dimensional data was needed, such as when using deep learning.

Numerous researchers have incorporated handcrafted features, comprising a mixture of
spectral, cepstral, and other acoustic characteristics. For example, the authors in [120, 130]
leveraged MFCC, GTCC, waveforms, and glottal flow features. In contrast, [111] employed
13 MFCC features, along with pitch, roll-off, ZCR, energy, entropy, spectral flux,
spectral centroid, and energy to generate enhanced voice samples for subsequent processing.
The frame length parameter in MFCC computation constitutes another non-standardized aspect
of speech signal processing, with researchers selecting different windowing durations.
In [130], the author used a 50 ms frame and a frame shift of 25 ms, while [62] used 25 ms
frames with a 5 ms overlap, and [36] used 16 ms windowed signal using a shift of 8 ms.
Sometimes, speech spectrograms are combined with electroglottographic signals [84].
This disparity complicates feature comparison in terms of efficiency and ease of calculation,
especially when the formulas are not provided. In response to the inherent difficulties associated
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with feature extraction and selection, there’s a growing trend among researchers toward
end-to-end systems [86]. Predominantly rooted in deep learning methodologies, these systems
exploit their advanced capabilities to directly process raw input signals, streamlining the overall
analytical pipeline [86].

This work emphasizes the pivotal role of ML and deep learning in the detection and
classification of laryngeal pathologies. Their value is multifaceted, extending to ensuring early
detection (particularly crucial for conditions like laryngeal cancer), enabling the objective
assessment of disease severity, and supporting advancements in telemedicine.

Conclusion

The field of voice analysis for the detection and classification of laryngeal pathologies is
experiencing rapid growth. This paper provides a comprehensive analysis of the evolution of
machine learning and deep learning methodologies within this domain over the past decade.
It systematically presents a compilation of high-quality research published between 2015-2024
that addresses this subject. Through a detailed examination of these works, we focused on the
critical components of a system designed for laryngeal disease detection and classification via
voice analysis, including an analysis of key voice features and the prevalent databases
employed, alongside an evaluation of the performance of various classification algorithms.
Our study also corroborates the current shift towards deep learning approaches.
Besides, statistical insights into voice characteristic usage offer a comprehensive overview of
their application and efficacy. Moreover, a list has been provided detailing the diseases most
frequently targeted by researchers, categorized by their binary or multi-class classifications.

This compilation can serve as a valuable resource for researchers when considered alongside
other relevant reviews. This review aims to promote enhanced reproducibility in research and
to present the current state of the art. Last but not least, it serves as a strong motivation for us
to develop an embedded deep learning system for laryngeal pathology detection.
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