
Identification of Voice Disorders Using Long-Time
Features and Support Vector Machine With Different
Feature Reduction Methods

Meisam Khalil Arjmandi, Mohammad Pooyan, Mohammad Mikaili, Mansour Vali, and Alireza Moqarehzadeh,

Tehran, Iran

Summary: Identification of voice disorders has a fundamental role in our life nowadays. Therefore, many of these

diseases must be diagnosed at early stages of occurrence before they lead to a critical condition. Acoustic analysis

can be used to identify voice disorders as a complementary technique with other traditional invasive methods, such

as laryngoscopy. In this article, we followed an extensive study in the diagnosis of voice disorders using the statistical

pattern recognition techniques. Finally, we proposed a combined scheme of feature reduction methods followed by

pattern recognition methods to classify voice disorders. Six classifiers are used to evaluate feature vectors obtained

by principal component analysis or linear discriminant analysis (LDA) as feature reduction methods. Furthermore,

individual, forward, backward, and branch-and-bound methods are examined as feature selection methods. The perfor-

mance of each combined scheme is evaluated in terms of the accuracy, sensitivity, specificity, and area under the receiver

operating characteristic curve (AUC). The experimental results denote that LDA along with support vector machine

(SVM) has the best performance, with a recognition rate of 94.26% and AUC of 97.94%. Additionally, this structure

has the lowest complexity in comparison with other architectures. Among feature selection methods, individual feature

selection followed by SVM classifier shows the best recognition rate of 91.55% and AUC of 95.80%.

Key Words: Voice disorder identification–Feature reduction–Support vector machine–Linear discriminant analysis–

Individual feature selection.

INTRODUCTION

In modern communities, voice disorders because of severe

daily activities become a major issue. Hence, invasive tech-

niques, such as stroboscopy, laryngoscopy, and endoscopy,

are used by physicians to diagnose voice disorders, especially

those that impair vocal fold mechanism. The health condition

and functionality of vocal folds have some effects on the quality

of voice. If the vocal folds become inflamed, some growths may

develop on them or they become paralyzed and, as a result, the

speech production process may fail. In cases with disordered

voice, speech samples carry symptoms of disorder from their

origin. Therefore, any abnormality in larynx often affects the

quality of voice signal. The common disorders are vocal fold

paralysis, vocal fold edema, adductor spasmodic dysphonia,

anterior and posterior (A-P) squeezing, and others. Disorders

usually show up in speech signal in the form of acoustic percep-

tual measures, such as hoarseness, breathiness, harshness, and

inability to project the voice loudly.1,2 The voice utterance

results from three components of voice production: voiced

sound, resonance, and articulation. Voiced sound produced by

vocal fold vibration is amplified and modified by the vocal

tract resonators (the throat, mouth cavity, and nasal passages),

and finally, vocal tract articulators (the tongue, soft palate,

and lips) modify the voiced sound; therefore, recognizable

words are produced.3 Vocal folds are in the form of two elastic

hands of muscle tissue located in the larynx (voice box) directly

above the trachea, and most of the disorders result from their

malformation. In this context, we encounter several types of or-

ganic voice disorders, such as abductor spasmodic dysphonia,

A-P squeezing, arytenoid dislocation, bowing, cyst, and others.

Researches show that digital processing of voice signal can

be used as a noninvasive technique and an objective diagnosis

tool to assess voice impairments in a research setting.4–6

There are a large number of studies mainly focused on the

accurate measurement of the fundamental parameters of the

speech signal to detect different types of voice disorders. In

previous researches, many long-time parameters, such as fun-

damental frequency (F0), jitter, shimmer (Shim), amplitude

perturbation quotient (APQ), pitch perturbation quotient,

harmonics-to-noise ratio (HNR), normalized noise energy,

voice turbulence index, soft phonation index, frequency ampli-

tude tremor, glottal-to-noise excitation ratio,2,4,7–15 and many

others have been recommended to evaluate the quality of

voice. For example, Hadjitodorov and Mitev,5 on the basis of

some widely used long-time acoustic parameters, such as

Shim, jitter, and HNR, developed a computerized system for au-

tomatic analysis of pathological voices. On the other hand,

Chen et al16 designed a study to investigate the capability of

several long-time features in the discrimination of disordered

voice samples.

Furthermore, previous studies indicate that voice disorder

identification can be done by extracting Mel frequency cepstral

coefficients (MFCC) as a short-time nonparametric method.

For example, Godino-Llorente and Gomez-Vilda6 proposed

a voice recognition algorithm based on short-term cepstral pa-

rameters and neural network (NN). In this article, the effective-

ness of artificial NN and linear vector quantization (LVQ)

networks has been evaluated for feature vectors, which include
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MFCC parameters with different lengths. Feature vectors in-

cluded MFCC features and their first and second derivatives.

Results of this research demonstrated that speech signal

parameterization with MFCC leads to accurate discrimination

of disordered voice from normal voice, and that first and second

derivatives of MFCC parameters did not improve significantly

the classification rate. Also, LVQ network showed better perfor-

mance compared with Multilayer Percepteron network. In their

continued investigation, they had designed an automatic voice

disorder detection system using the MFCC features, F ratio,

and Fisher’s discriminant ratio, as feature reduction methods,

along with Gaussian mixture model to improve recognition

rate. In the best case, the classification accuracy of 94.07% is

achieved.17 In some studies, linear prediction coding (LPC)18

and discrete wavelet transform (DWT) analysis are applied to

voice utterance to extract appropriate features from speech sig-

nal to identify pathological voices from normal ones. For exam-

ple, Nayak and Bhat19 reached an accuracy of 90% by applying

DWT to extract efficient features and with NN as classifier. Fur-

thermore, a novel scheme based on Daubechies’ discrete wave-

let transform, linear prediction coefficient, and least-square

support vector machine (SVM) is suggested by Fonseca et

al20 that results in more than 90% accuracy in the detection

of voice disorders in Brazilian Portuguese-language database.

In this article, some long-time acoustic features are applied to

classify normal and pathological voices. Long-time parameters

are generally calculated by averaging local time perturbations

measured from a moving window over a long segment of

speech signal, thus providing estimations of the degree of nor-

mality.17 The parameters used in this study (Table 1) are proper

measures of hoarseness, harshness, tremor, the intensity of am-

plitude and frequency noise (turbulence), abnormal noise, irreg-

ularity, variation of fundamental frequency, relative energy

level of high frequency, and spectral density (frequency con-

tent) in the analyzed voice signal. These measures indicate

that the detection of voice alternations can be carried out by

means of the aforementioned long-time parameters. In addition

to voice disorder diagnosis, the evaluation of the performance

of laryngitis treatment and surveying pharmacological treat-

ment and rehabilitation effects are other goals of this research.

Acoustic parameters enable each individual voice utterance to

be quantified by a single vector (feature vector). In this article,

the ability of the aforementioned acoustic features in the iden-

tification of voice disorders is investigated.

This research attempts to evaluate different algorithms for

classification and also attempts to introduce an efficient scheme

to improve recognition rate and reduce complexity to design an

automatic voice improvement system. Twenty-two long-time

features, developed by the Massachusetts Eye and Ear Infir-

mary (MEEI) Voice and Speech Labs,21 are used to discriminate

pathological voice from normal ones. To improve voice disor-

der identification algorithm, effects of different feature reduc-

tion methods are examined. Through this study, the automatic

detection of voice impairments is carried out by means of

two feature extraction methods—as pattern recognition

techniques—and four feature selection techniques. This re-

search scrutinizes the strength of principal component analysis

(PCA) and linear discriminant analysis (LDA) as feature reduc-

tion methods to achieve optimum feature set and to improve the

classification rate. Furthermore, individual feature selection

(IFS), forward feature selection (FFS), backward feature selec-

tion (BFS), and branch-and-bound feature selection (BBFS)—

as feature selectionmethods—are evaluated in comparison with

PCA and LDA methods. The efficiency of these methods is

examined by six classifiers: quadratic discriminant classifier

(QDC), nearest mean classifier (NMC), Parzen classifier

(PC), K-nearest neighbor classifier (K-NNC), SVM, and multi-

layer NN (ML-NN). In this process, each structure, including

certain long-time features, a feature reduction method, and

a classifier, is examined to find the best algorithm to identify

disordered voices. Finally, a novel and efficient approach is pro-

posed to discriminate pathological voices from normal ones.

This article demonstrates that only by using suitable long-

time features with efficient feature reduction method and an

appropriate classifier, voice disorder identification can be im-

proved considerably. In the following parts of this article, the

implementation of the methods will be discussed.

MATERIAL AND METHODS

Database

In this study, the voice samples are selected from the disordered

voice samples,21 model 4337, Version 1.03 (Kay Elemetrics

Corporation, Lincoln Park, NJ), developed by the MEEI Voice

and Speech Lab. The database comprises more than 1400 voice

sample of approximately 700 subjects and includes speech sam-

ples from patients with a wide variety of organic, neurological,

traumatic, and psychogenic voice disorders. In this research, the

selected database contains 50 normal voice samples (32 male

and 18 female) and 50 pathological voice samples (35 male

and 15 female) with ages from 16 to 85 years (mean ± standard

deviation¼ 44 ± 19). These data have been divided into two

subsets, in which 70% were used for training and the remaining

for validation. Every voiced speech signal was sampled from

a sustained vowel /a/ (1-second long). All voice recordings

were made in a soundproof booth on a digital audio tape

(DAT) recorder at a sampling frequency of 16 kHz with

16-bit resolution for each subject. In addition, the database

includes 33 parameters that were calculated from each of these

voice signals. For calculation of long-time parameters, the

records were framed using 32-millisecond windows.21 These

acoustic features are mentioned in Table 1. Totally, we used

22 long-time acoustic parameters of each sample, because other

parameters either do not reflect voice quality or they are not re-

ported for some voices. These acoustic parameters were derived

from traditional Multi-Dimensional Voice program (MDVP;

Kaypantax).21

Feature reduction

From the viewpoint of pattern recognition, there are two general

approaches to perform feature reduction: feature extraction and

feature selection. Feature extraction strategy is transforming

a subset of the existing features into a lower dimensional space,

whereas the feature selection method selects a subset of the
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TABLE 1.

Thirty-three Acoustic Parameters Calculated by MDVP Analysis

Long-time Feature Description

F0 (Hz) Average fundamental frequency for the vocalization

Fhi (Hz) Highest fundamental frequency in the vocalization

Flo (Hz) Lowest fundamental frequency in the vocalization

STD Standard deviation of the fundamental frequency in the vocalization

PFR Phonatory fundamental frequency range in semitones

Fftr (Hz) The frequency of the most intensive low-frequency F0-modulating component

Fatr (Hz) The frequency of the most intensive low-frequency amplitude-modulating component

Jita (ms) Absolute jitter gives an evaluation in microseconds of the period-to-period variability of the pitch

within the analyzed voice sample

Jitt (%) Gives an evaluation of the variability of the pitch period within the analyzed voice sample in percent.

It represents the relative period-to-period (very short-term) variability

RAP (%) Relative average perturbation gives an evaluation of the variability of the pitch period within the

analyzed voice sample at smoothing factor 3 periods

PPQ (%) Pitch perturbation quotient gives an evaluation in percent of the long-term variability of the pitch

period within the analyzed voice sample at smoothing factor 3 periods

sPPQ (%) Smoothed PPQ gives an evaluation in percent of the long-term variability of the pitch period within

the analyzed voice sample at smoothing factor 55 periods. sPPQ correlates with the intensity of

a frequency tremor

vF0 (%) Fundamental frequency variation represents the relative standard deviation of the period-to-period

calculated F0. It reflects the very long-term variations of F0 within the analyzed voice sample

Shim (%) Shimmer percent gives an evaluation in percent of the variability of the peak-to-peak amplitude

within the analyzed voice sample. It represents the relative period-to-period (very short-term)

variability of the peak-to-peak amplitude

APQ (%) Amplitude perturbation quotient gives an evaluation in percent of the variability of the peak-to-peak

amplitude within the analyzed voice sample at smoothing factor 11 periods

sAPQ (%) Smoothed APQ gives an evaluation in percent of the long-term variability of the peak-to-peak

amplitude within the analyzed voice sample at smoothing factor 55 periods. sAPQ correlates with

the intensity of an amplitude tremor

vAm (%) Peak amplitude variation represents the relative standard deviation of the period-to-period calculated

peak-to-peak amplitude. It reflects the very long-term amplitude variations within the analyzed

voice sample

NHR Noise-to-harmonic ratio is an average ratio of energy of the in-harmonic components in the range

1500–4500 Hz to the harmonic components energy in the range 70–4500 Hz. It is a general

evaluation of the noise present in the vocalization

VTI Voice turbulence index is an average ratio of the spectral in-harmonic high-frequency energy to the

spectral harmonic energy in stable phonation areas. VTImeasures the relative energy level of high-

frequency noise, such as turbulence

SPI Soft phonation index is an average ratio of the lower-frequency to the higher-frequency harmonic

energy. This index is not a measurement of abnormality but rather a measurement of the spectral

‘‘type’’ of the vocalization

FTRI (%) F0-tremor intensity index shows (in percent) the ratio of the frequency magnitude of the most

intensive low-frequency modulating component (F0-tremor) to the total frequency magnitude of

the analyzed voice signal

ATRI (%) Amplitude tremor intensity index shows (in percent) the ratio of the amplitude of the most intensive

low-frequency amplitude-modulating component (amplitude tremor) to the total amplitude of the

analyzed voice signal

T0 (ms)* Period of the average glottal period

Tsam (sec)* Length in seconds of analyzed voice data sample

Shdb (dB)* Shimmer in dB gives an evaluation in percent of the variability of the peak-to-peak amplitude within

the analyzed voice sample

DVB (%)* Degree of voice breaks shows the ratio of the total length of areas representing voice breaks to the

time of the complete voice sample

DSH (%)* Degree of subharmonic is an estimated relative evaluation of subharmonic to F0 components in the

voice sample

DUV (%)* Degree of voicelessness in estimated relative evaluation of nonharmonic areas (where F0 cannot be

detected) in the voice sample

(Continued )
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existing features without any transformation. To reduce the

‘‘curse of dimensionality’’ effect and reduce the complexity

of algorithm, feature reduction methods are used.22 Hereby,

the information that is lost by discarding some features is com-

pensated by a more accurate mapping in the lower-dimensional

space. The curse of dimensionality problem is caused by in-

crease of dimension because of exponential growth in the num-

ber of samples to maintain a given sampling density and also

exponential growth in the complexity of the target function

(density estimation), because a function defined in high-

dimensional space is likely to be much more complex than

that defined in a lower-dimensional space. In this context, we

examine the performance of two feature extraction methods

and four feature selection techniques to optimize the discrimi-

nation process of disordered voices. PCA and LDA are exam-

ined as feature extraction methods for dimension reduction.

Furthermore, IFS, FFS, BFS, and BBFS are perused to evaluate

the efficiency of feature selection methods.

Feature extraction procedure. The purpose of feature ex-

traction methods is to create a subset of features by combining

the existing features. In practice, a mapping must be able to

present original features in a new space to reduce the feature

space dimensions. The selection of the feature extraction map-

ping is guided by an objective function that we try to maximize

or minimize it. Depending on the criterion used by objective

function, feature extraction techniques are grouped into two

categories: signal representation and signal classification. In

the former, the goal of mapping is to represent the sample accu-

rately in a lower-dimensional space, and in the latter, mapping

is forced to enhance the class discriminatory information in the

lower-dimensional space.

Principal component analysis. This method searches a map-

ping to find the best representation for distribution of data.

Therefore, it uses a signal representation criterion to perform di-

mension reduction while preserving as much of the randomness

or variance in the high-dimensional space as possible. The first

principal component accounts for as much of the variability in

the data as possible, and each succeeding component accounts

for as much of the remaining variability as possible. PCA

involves the calculation of the eigenvalue decomposition of

a data covariance matrix or singular-value decomposition of

a data matrix, usually after mean centering the data for

each attribute. PCA is mathematically defined as an orthogonal

linear transformation that transforms the data to a new

coordinate system, such that the greatest variance by any

projection of the data comes to lie on the first coordinate, called

the first principal component, the second greatest variance on

the second coordinate, and so on.

Therefore, in PCA-based feature extraction, the optimal ap-

proximation of a random vectorX˛RN in N-dimensional space

by a linear combination ofM (M < N) independent vectors is ob-

tained by projecting the random vector X into the eigenvectors

corresponding to the largest eigenvalues of the covariance ma-

trix of vector X.22 The main limitation of PCA is that it does not

consider class separability, because it does not take into account

the class label of the feature vector.23 On the other hand, LDA

introduces a feature extraction method whose objective is to

perform dimension reduction while preserving as much of the

class discriminatory information as possible.

Linear discriminant analysis. LDA uses a signal classification

criterion to find a good projection vector. Assume that we have

a set of D-dimensional samples {X1, X2, ., XN}, N1of which

belong to class u1 and N2 to class u2. We seek to obtain a scalar

Y by projecting the samples X onto a line, Y¼WTX. In a two-

class problem, assume that the mean vector of each class in X

and Y feature space is

mi ¼
1

Ni

X

x˛ui

X; i ¼ 1; 2 (1)

and

bmi ¼
1

Ni

X

Y˛ui

Y ¼
1

Ni

X

X˛ui

WTX ¼ WTmi (2)

We could then choose the distance between the projected

means as our objective function,23

JðWÞ ¼
���em1 �em2

��� ¼
��WTðm1 � m2Þ

�� (3)

However, the distance between the projected means is not

a very good measure, because it does not take into account

the standard deviation within classes. The solution proposed

TABLE 1

Thirty-three Acoustic Parameters Calculated by MDVP Analysis (Continued )

Long-time Feature Description

NVB (%)* Number of voice breaks shows howmany times the generated F0was interrupted from the beginning

of the first until the end of the last voiced areas

NSH* Number of subharmonic segments found during analysis

NUV* Number of unvoiced segments detected during the autocorrelation analysis

SEG* Total number of segments computed during the MDVP

PER* Pitch periods during the period-to-period pitch extraction using MDVP

Twenty-two parameters are selected to identify disordered voices.

* These features are omitted in voice disorder recognition process, because some of them do not reflect voice quality and some of them are not reported for

some voices.
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by Fisher is to maximize a function that represents the differ-

ence between the means of classes, normalized by a measure

of the within-class scatter.23 The Fisher linear discriminant is

defined as the linear function WTX that maximizes the

criterion J (W) function,23

JðWÞ ¼
j~m1 � ~m2j

~S
2

1 þ
~S
2

2

(4)

Where, the quantity ðeS21 þeS22Þ is called the within-class scatter

of the projected examples.23 Therefore, we look for a projection

where examples from the same class are projected very close

to each other and, at the same time, the projected means are

as far apart as possible.23 Therefore, scatter matrices are de-

fined as a measure of the scatter in multivariate feature space

X, such as,23

Si ¼
X

X˛ui

ðX � miÞðX � miÞ
T (5)

and within-class scatter matrix, such as

S1 þ S2 ¼ SW (6)

In addition, the between-class scatter matrix is calculated

by24

SB ¼ ðm1 � m2Þðm1 � m2Þ
T (7)

Finally, the Fisher criterion is expressed in terms of SW and

SB as,

JðWÞ ¼
WTSBW

WTSWW
(8)

The Fisher’s linear discriminant is computed by solving the

generalized eigenvalue problem that yields23

W� ¼ argmax
W

�
WTSBW

WTSWW

�
¼ S�1

W ðm1 � m2Þ (9)

In this context, LDA is examined as a feature reduction

method to optimize voice disorder identification routine.

Feature selection procedure. In feature selection proce-

dure, the aim is to select a subset of the existing features without

any transformation. Feature selection is also called feature

subset selection (FSS).22 First, this question must be answered:

why FSS? With feature selection, a high-dimensional feature

space problem simply can be projected into a low-

dimensional space by selection of the best features. This article

searches for fewer features, which means fewer parameters for

pattern recognition problems, which will improve the general-

ization capabilities and reduce complexity and run time.

FSS requires two main steps: (1) a search strategy to select

candidate subsets and (2) an objective function to evaluate these

candidates.22 Filters and Wrappers are two groups of objective

functions. In filters, the objective function evaluates feature sub-

sets by their information contents, typically interclass distance,

statistical dependency, or information theoretic measures.

Wrapper objective function is a pattern classifier, which

evaluates feature subsets by their recognition rate on test data

by statistical resampling or cross-validation.22This research ex-

amines IFS, BFS, FFS, and BBFS, as four strategies to find op-

timum feature selection procedure to detect pathological voices.

Individual feature selection. In IFS, each individual feature is

evaluated separately, and the features with the highest scores

are selected. This method is not efficient, because it does not

take into account feature dependency.22 Therefore, this

method cannot consider features with complementary

information. Figure 1 shows the probability density function

(PDF) of the 22 acoustic features in our selected database that

are used in this research. Based on the PDF of applied

features, a feature subset can be selected using direct

observation on feature distribution (Figure 1). Therefore, our

selection could contain smoothed APQ, Shim, F0-tremor

intensity index, and relative average perturbation as elements

of selected-feature vector subset. Figure 2 demonstrates that

this selection cannot transform 22 acoustic features to a very

suitable feature set with a good diversity between two classes.

Forward feature selection. FFS is the simplest grasping search

algorithm. In this method, the searching routine starts from

empty set and sequentially adds the feature X+ that leads to

the highest objective function J (YK+X
+) when combined

with the feature YK that has already been selected. Algorithm

of FFS method can expressed as22

1. Start with the empty set Y0 ¼ fBg.
2. Select the next best feature, Xþ ¼ argmax

X˛YK

½JðYK þ XÞ�.

3. Update Yk+1¼ Yk + X+; k¼ k + 1.

4. Go to b.

FFS is efficient when the optimal subset has a small number of

features.22

Backward feature selection. BFS works in the opposite direc-

tion of FFS. BFS starts from the full set and sequentially re-

moves the feature X� that results in the smallest decrease in

the value of the objective function J (Y�X�). Algorithm of

BFS can be described by the following procedure.22

1. Start with the full set Y0¼ X.

2. Remove the worst feature, X� ¼ argmax
X˛Yk

½JðYk � XÞ�.
3. Update Yk+1¼ Yk� X

�; k¼ k + 1.

4. Go to b.

BFS works best when the optimal feature subset has a large

number of features, because BFS spends most of the time to

visit large subsets.22 The main limitation of BFS is its inability

to reevaluate the usefulness of a feature after it has been dis-

carded.

Branch-and-Bound Feature Selection. BBFS is an exponen-

tial method that ensures to find the optimal feature subset

under the monotonicity assumption. Monotonicity assump-

tion states that adding a feature can only increase the val-

ue of the objective function. BBFS begins from the full

Meisam Khalil Arjmandi, et al Identification of Voice Disorders 5



set and removes features using a depth-first strategy. In this

method, nodes whose objective functions are lower than the

current best are not explored, because the monotonicity

assumption ensures that their children will not contain

a better solution.23

In this article, we applied IFS, FFS, BFS, and BBFS methods

to select the best features from our data set, and then, the perfor-

mance of each technique was evaluated to achieve the highest

recognition rate for the identification of disordered voice

from selected database.

FIGURE 2. Scatter plot of the best features that are selected by direct observation on PDF of the original features. N, normal; P, pathological; RAP,

relative average perturbation; sAPQ, smoothed APQ; FTRI, F0-tremor intensity index.

FIGURE 1. Probability density function for 22 original features from the selected data set that is estimated by Parzen density estimation method.

N, normal; P, pathological; Fhi, highest fundamental frequency in the vocalization; Flo, lowest fundamental frequency in the vocalization; STD,

standard deviation of the fundamental frequency in the vocalization; PFR, phonatory fundamental frequency range; Pftr, the frequency of the

most intensive low-frequencyF0-modulating component; Fatr, the frequency of themost intensive low-frequency amplitude-modulating component;

Jita, absolute jitter; Jitt, jitter; RAP, relative average perturbation; PPQ, pitch perturbation quotient; sPPQ, smoothed PPQ; vF0, fundamental fre-

quency variation; sAPQ, smoothed APQ; vAm, peak amplitude variation; NHR, noise-to-harmonic ratio; VTI, voice turbulence index; SPI, soft pho-

nation index; FTRI, F0-tremor intensity index; ATRI, amplitude tremor intensity index.
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Classification procedure

Finally, six different classifiers are applied to classify patholog-

ical voice samples and normal ones. QDC,22 K-NNC,22

NMC,22 PC,22 ML-NN,25 and SVM are used to recognize path-

ological voices. SVM classifier will be discussed because of its

high performance and good recognition rate.

Support vector machine principal. In the classification

problems, assume that training data set consists of input vectors

Xi, i¼ 1,., l of length n and yi˛½�1;þ1� as class label. SVM
follows a procedure to find the separating hyperplane with the

largest margin between two classes.26 In the simplest form,

where the two classes are linearly separable, as shown in

Figure 3, SVM tries to find a discriminative hyperplane bound-

ary (WTX + b¼ 0) with the largest possible distance between

training data of the two classes. Therefore, W and b must be

set to maximize the distance between the two marginal lines

WTX + b¼�1 and WTX + b¼ +1.26 It can be easily shown

that this distance is equal to2=kWk. Therefore, maximizing

this distance is equivalent to minimizing,

argmin
W;b

�
1

2
WTW

�
(10)

subject to

yi
�
WTX þ b

�
� 1; i ¼ 1; .; l (11)

This constrained optimization problem has been solved

based on Vapnik’s structural risk minimization theory.26 In gen-

eral, most of distributions do not have a linearly separable struc-

ture. Therefore, there is no (W, b) that satisfies constraint (10).

In this case, the problem is expressed as ‘‘infeasible.’’26 Cortes

and Vapnik26 introduced slack variables zi; i ¼ 1;.; l to mod-

ify Equation (10) as

argmin
W;b;x

(
1

2
WTW þ C

Xl

i¼1

xi

)
(12)

subject to

yi
�
WTXi þ b

�
� 1� zi; zi � 0; i ¼ 1;.; l (13)

There is a concern here, because in separable case, variations

of zi can lead towrong classifications. Therefore, a penalty term

C
Pl

i¼1zi is introduced in the objective function with C > 0 as

a penalty parameter to solve the problem in cases where most

of the data except some noisy ones are linearly separable.26

This procedure cannot solve highly nonlinear distribution prob-

lems. We can use a nonlinear curve to discriminate two classes,

but it is very difficult to model nonlinear curves. Another

approach is to map data into a higher-dimensional space.

SVM nonlinearly transforms the original input space into a

higher-dimensional feature space.

In the new higher-dimensional space, it is most probable

that the data have linearly separable distribution. Then, the

problem can be solved in a higher-dimensional space to

find a linear separating plane as shown in the following

formulas,26

min
w;b;x

(
1

2
WTW þ C

Xl

i¼1

xi

)
(14)

subject to constraint,

yi
�
WTfðXiÞ þ b

�
� 1� xi

xi � 0; i ¼ 1;.; l
(15)

After mapping the data into a higher-dimensional space,

the number of variables (W, b) becomes very large. SVM

handles this difficulty by solving the dual problem of Equation

(14)26:

min

(
1

2

Xl

i¼1

Xl

j¼1

aiajyiyjfðxiÞ
T
f
�
xj
�
�
Xl

i¼1

ai

)
(16)

subject to

0 � ai � C; i ¼ 1;.; l;
Xl

i¼1

yiai ¼ 0: (17)

Sometimes matrix form of Equation (16) is used,26

min
a

�
1

2
aTQa� eTa

�
(18)

subject to

0 � ai � C; i ¼ 1;.; l; yTa ¼ 0 (19)

where, in equation 19, e is the vector of all ones, C is the upper

bound; Q is an l-by-l positive semidefinite matrix.

Qij ¼ yiyjKðXi;XjÞ and KðXi;XjÞ ¼ fðXiÞ
T
fðXjÞ is the ker-

nel. By solving the dual problem for a, we can easily find the

primal parameters ðW; b; zÞ. The problem in this context is

about the inner product fðXiÞ
T
fðXÞ. This is resolved by using

mapping functions f, so that fðXiÞ
T
fðXÞ can be efficiently cal-

culated. This product is called ‘‘ernel function.’’ Some popular

kernels are radial basis function (RBF) kernel and polynomial

kernel.

FIGURE 3. Decision boundaries of two linearly separable classes by

support vectors that are demonstrated by dotted lines.
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After solving the dual problem, the vectors for which ai > 0

are called support vectors.26 Therefore, our decision function

can be written as:

f ðxÞ ¼ sign
�
WTfðxÞ þ b

�
¼ sign

 
Xl

i¼1

yiaifðxÞ
T
fðxÞ þ b

!

(20)

Therefore, for a test vector X, if
Pl

i¼1yiaifðxiÞ
T

fðxÞ þ b> 0;X, it will be classified into class 1 and, otherwise,
it will be recognized to be in the second class.

Figure 4 shows the performance of each classifier for finding

the appropriate decision boundary. Figure 5 shows the effect of

different kernel functions on the decision boundaries in SVM

classification methodology. These figures provide an overview

for investigating different classifications in two-class decision

making.

Performance measures

In this context, several measures are used for the evaluation

of classification performance with different combinations of

feature reduction methods and classifiers. These measures are

described as follows22:

FIGURE 5. Decision boundary and support vectors obtained after applying PCA on the data set and using SVM with different kernels as classi-

fiers; the circles refer to indices of support objects. A. Contour and support objects in linear kernel. B. Contour and support objects in radial basis

kernel (r¼ 10). C. Contour and support objects in exponential kernel. D. Contour and support objects in polynomial kernel (P¼ 3).

FIGURE 4. Performance of six classifiers in determination of decision boundary for a two-class problem:A. QDC;B. NMC;C. SVM classifier;D.

PC; E. K-NNC; F. ML-NN classifier. N, normal; P, pathological; SPI, soft phonation index; sAPQ, smoothed APQ.
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1. True negative (TN): percent of normal samples that are

classified as normal.

2. True positive (TP): percent of abnormal samples that are

classified as abnormal.

3. False negative (FN): percent of abnormal samples that are

classified as normal.

4. False positive (FP): percent of normal samples that are

classified as abnormal.

5. Sensitivity (SE): probability that an event will be detected

when it is actually present.

SE ¼ 100
TP

TPþ FN
(21)

6. Specificity (SP): probability that the absence of an event

will be detected when it is actually absent.

SP ¼ 100
TN

TNþ FP
(22)

7. Accuracy (ACC): probability that the classification is

correct.

ACC ¼ 100
TPþ TN

TPþ TNþ FPþ FN
(23)

8. Area under the receiver operating characteristic (ROC)

curve (AUC): The ROC is a popular tool in medical de-

cision making. It reveals diagnostic ACC expressed in

terms of SE against (1� SP) at all possible threshold

values in a convenient way. The area underlying the

ROC curve (AUC) can be used as an estimation of the

probability that the perceived abnormality will allow

a correct classification.27 Interpretation of these measures

is discussed in the following sections.

Analysis

In this work, ACC, SE, SP, and AUC and ROC analysis are ap-

plied to evaluate experimental results. ACC is defined as the

agreement between a measured quality and the value of that

quality. In general terms, the ACC of a measurement deter-

mines how close the measurement comes to the result. SE

and SP are statistical measures of the performance of a binary

classification test.22 A theoretical optimal prediction can

achieve 100% SE corresponding to predict all samples from

the sick group as sick and 100% SP corresponding to not predict

anyone from the normal group as sick.23

In any experiment, there is usually a trade-off between the

measures. This trade-off can be represented graphically using

ROC curve. ROC curve is a graphical plot of the SE versus

(1� SP).22 ROC analysis provides tools to select possibly opti-

mal models and discard suboptimal ones independently from

the cost context of the class distribution. The best possible pre-

diction method would yield a point in the upper left corner or

coordinate (0,1) of the ROC space, representing 100% SE (no

FNs) and 100% SP (no FPs). The (0,1) point is also called a per-

fect classification.22 On the other hand, the AUC is equal to the

probability that a classifier will rank a randomly chosen positive

instance higher than a randomly chosen negative one. This

measure can be interpreted as the probability that when we

randomly pick one positive and one negative example, the

classifier will assign a higher score to the positive example

than to the negative one.

EXPERIMENTAL RESULTS

In this work, we used 50 voice samples with a wide variety of

disorders and 50 normal voice samples that were selected ran-

domly. Twenty-two acoustic features of each data have been ex-

tracted using theMDVP to parameterize each voice sample. The

original database is divided into train set and test set, and this

division occurs randomly for 150 times; then, performance

measures are calculated by averaging over all of these itera-

tions. As previously mentioned, two feature reduction methods

are implemented to optimize feature data, that is, LDA and PCA

as feature extraction methods in comparison with IFS, FFS,

BFS, and BBFS selection as feature selection strategies. We

simulated each algorithm using PRTools (Delft Pattern Recog-

nition Research, Faculty EWI - ICT, Delft University of Tech-

nology, Delft, The Netherlands [http://prtools.org/]) Matlab

toolbox and Matlab 7.6.0 (The Mathworks Web-Site [http://

www.mathworks.com]) and sought efficient feature reduction

methods in conjunction with each classifier.

Principal component analysis dimension reduction

capability

PCA is implemented as a linear mapping to find the direction

with the highest variance. Figure 6 represents the PDF for a fea-

ture derived by applying PCA. This plot shows that PCA tried to

improve the signal representation. Based on this analysis, ei-

genvalues and eigenvectors of the data set covariance matrix

are calculated, and eigenvectors corresponding to the largest ei-

genvalues are selected as the proper projection directions.

Figure 7 shows the sorted normalized eigenvalues for the

sample points in our selected feature space. Furthermore, clas-

sification performance of the SVM is depicted versus the PCA-

reduced feature space in Figure 8. In all experiments, RBF with

r¼ 10 used as the kernel function showed the best performance

FIGURE 6. Effect of PCA on mapping 22-dimensional original fea-

ture space to one-dimensional feature space. N, normal; P, pathological.
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in terms of ACC, SP, SE, and AUC. The regularization constant

is set to 1. Figure 8 demonstrates that the best choice and appro-

priate trade-off for the dimension of new space is 7.

Linear discriminant analysis dimension reduction

capability

Furthermore, we applied LDA as a feature reduction strategy to

22-dimensional original feature space to investigate the

strength of this method in optimization process and improve

recognition algorithm. Indeed, by using LDA, we seek a projec-

tion that results in the largest between-class scatter and the

least within-class scatter for the new distributions. It maps

22-dimensional original feature space into a one-dimensional

feature space based on Fisher criterion.22 Figure 9 represents

the PDF for a feature derived by applying LDA on the original

22 acoustic features. This figure shows that LDA, unlike PCA,

attempts to improve signal classification capabilities of our

features.

Performance of feature selection methods

The effectiveness of some feature selection methods is evalu-

ated in this study. As previously mentioned, IFS, FFS, BFS,

and BBFS are applied to the data set to assess the efficiency

of each method on improving the classification of disordered

voices from normal ones. IFS, FFS, and BFS pursue a sequential

search strategy, and BBFS uses an exponential search

method.23 Based on the results in Figure 10, we have a trade-

off in each feature selection method to map the original feature

space into a lower-dimensional feature space with the highest

discrimination capability and the lowest complexity based on

FIGURE 8. Performance of support vector machine in terms of accuracy, sensitivity, specificity, and AUC based on length of feature vector in new

dimension that is mapped by PCA.

FIGURE 7. Sorted normalized eigenvalues for 22 original features in the database.
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ACC, SE, SP, and AUC. In this figure, performance of different

feature selection methods with respect to number of dimensions

in new feature space are examined by SVM. Therefore, in IFS,

FFS, BFS, and BBFS, optimum sizes for new feature vector are

16, nine, 16, and seven, respectively, according to Figure 10. In

each feature selection procedure, an objective function is ap-

plied to evaluate new added feature and to stop adding extra fea-

tures. In this work, our study showed that 1�NN (leaves one

out), as objective function, has the highest ability to evaluate

each feature subset to improve recognition rate. In Table 2,

features that are selected by each feature selection method

and then applied to a certain classifier to optimize voice disor-

ders identification task are shown. In general, for an efficient

feature selection, there is a trade-off to achieve high recognition

rate and have low complexity in algorithm. As shown in

Figure 10, IFS and BFS have better performance in comparison

with FFS and BBFS.

Comparison of feature reduction methods

Tables 3 and 4 show experimental results for two feature

reduction methods. In these results, the classifiers are

examined based on applying different feature reduction

methods. The results of our simulation showed that K-NNC

with k¼ 7 had the best performance in conjunction with all

feature selection methods with the selected database.

Furthermore, SVM with RBF, as its kernel, and r¼ 10 showed

the highest recognition rate. Our experiments showed that the

optimum number of neurons in hidden layer for anML-NN is 4.

Results in Table 3 indicate that the LDA significantly im-

proves voice disorder classification rate in comparison with

PCA. The best recognition rates are achieved by using LDA

as a feature extraction procedure in conjunction with SVM as

a classification tool. This combination results in an ACC of

94.26% and AUC of 97.94%. Furthermore, classification results

using different feature selection methods are shown in the

Table 4.

These results are obtained based on changes in the classifica-

tion efficiency that is shown in Figure 10, and accordingly, fea-

tures are selected based on Table 2. It is obvious that IFS, with

ACC of 91.55% and AUC of 95.80%, and BFS, with ACC of

91% and AUC of 95.59%, show the greatest performance

among the feature selection methods. In our study, Figure 10

shows that it is more probable that the length of feature vector

in the new mapped feature space is large; therefore, a good per-

formance for BFS in identification can be expected, because

this method is efficient when optimum feature subset is large.

An unexpected result arose for IFS method, which showed

the best performance in optimization task. This result can be

justified by considering the distribution of the 22 original fea-

tures. Distribution shapes in data set show that normal voice

samples are agglomerated in lumps, whereas pathological sam-

ples are distributed widely in space because of their variety;

therefore, IFS can be an appropriate choice in this case.

When comparing Tables 3 and 4, it can be seen that using

LDA leads to the best recognition rate for disorders in the

selected data set. Furthermore, it can be inferred from Tables

FIGURE 10. Evaluation of IFS, FFS, BFS, and BBFS, based on the length of selected-feature subset vector. SVM is used for classification.

FIGURE 9. Effect of LDA on mapping 22-dimensional original fea-

ture space to one-dimensional feature space. N, normal; P, pathological.
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3 and 4 that all of the combinations, for the studied data set, lead

to a larynx pathology classification with more than 78% of

classification ACC. Furthermore, among the combinations

that have been studied, in most cases, by using the LDA as

feature reduction method, more than 90% efficiencies are

obtained. Figure 11 shows error plot, which demonstrates the

confidence level of data or the deviation along ACC and com-

pares the effectiveness of all feature reduction algorithms.

Results of this figure are achieved by applying SVM classifier.

In addition, the assessment of different feature reduction

methods was done via the ROC curve. Figure 12 shows six

ROCs for different combinations, each of which is constructed

by a certain feature reduction method applied over 22 acoustic

features and SVM classifier. These combinations were devel-

oped by averaging the results of different runs of the k-fold

cross-validation scheme. The ROCs demonstrate that LDA

has the highest discrimination ability in comparison with the

other feature reduction methods. Variation of AUC and its stan-

dard error according to the type of feature reduction method

classified by LDA are depicted in Figure 13. This figure also

demonstrates that LDA has a high potency to increase effi-

ciency of classification based on AUC analysis.

Comparison of classifier performances

Results of Tables 3 and 4 show that SVM, ML-NN, PC, NMC,

QDC, andK-NNC have the best performance in classifying nor-

mal voice from pathological one, respectively. Furthermore, the

results in Tables 3 and 4 show that, in all cases, LDA results in

a better performance; for this reason, it is used to compare

different classification methods. Figure 14 compares the effec-

tiveness of different classifiers whose results are obtained by us-

ing 22 acoustic features and LDAwith a special classifier. This

figure demonstrates that SVM is the best classifier in our study.

Furthermore, ROC plots of different classifiers that are calcu-

lated based on 22 acoustic features and LDA are drawn in

Figure 15. With regard to this figure, ROC analysis justifies

that by using SVM, the best optimization between TP rate

and TN rate is achieved. AUC, in Figure 16, shows that SVM

results in a higher performance compared with those of other

combinations.

DISCUSSION

Results of our research demonstrated that a feature vector ob-

tained by extracting proper long-time features is useful for

TABLE 3.

Classifier Performance After Applying Two-feature Extraction Methods: PCA and LDA

Feature Extraction Method

Classifier 22 Original Features PCA LDA

Quadratic Discriminant Classifier 78.90 88.00 85.20 77.83 92.20 93.67

66.00 37.00 89.90 57.82 89.97 96.27

Nearest Mean Classifier 87.20 70.90 87.20 70.90 92.27 93.70

97.60 94.30 97.60 94.30 90.13 97.94

Parzen Classifier 85.50 73.35 86.32 74.70 92.30 93.70

93.85 31.80 94.10 37.44 90.13 96.47

K-Nearest Neighbor Classifier 88.86 78.30 88.57 80.24 90.25 91.10

96.17 93.77 94.33 94.15 88.03 96.27

Support Vector Classifier 89.29 82.25 90.52 84.27 94.26 93.70

94.30 94.50 94.93 95.15 90.13 97.94

ML Neural Network 88.79 83.00 88.93 88.00 92.97 91.66

85.10 88.77 88.66 93.81 88.53 96.92

Results are mentioned based on a performance matrix: element (1, 1) is ACC, element (1, 2) is SE, element (2, 1) is SP, and element (2, 2) is AUC.

TABLE 2.

Features Selected by IFS, FFS, BFS, and BBFS Methods

Long-time Feature IFS FFS BFS BBFS

F0 (Hz) 0 0 0 1

Fhi (Hz) 1 0 0 0

Flo (Hz) 0 0 1 0

STD 1 0 0 0

PFR 0 1 1 0

Fftr (Hz) 0 1 1 0

Fatr (Hz) 1 0 0 0

Jita (ms) 1 1 0 0

Jitt (%) 1 1 0 1

RAP (%) 1 0 1 1

PPQ (%) 1 1 1 0

sPPQ (%) 1 1 1 1

vF0 (%) 1 1 1 1

Shim (%) 1 0 1 1

APQ (%) 1 0 1 0

sAPQ (%) 1 1 1 1

vAm (%) 0 0 1 0

NHR 1 1 1 1

VTI 1 0 1 0

SPI 0 0 1 0

FTRI (%) 1 0 1 0

ATRI (%) 1 0 1 0

‘‘1’’ and ‘‘0’’ indicate selection and rejection of a feature in feature selection

procedure, respectively.

Please refer to Table 1 for descriptions of the long-time features.
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the classification of normal and pathological speech data. The

most important reason for the success of these acoustic long-

time features in the clinical diagnosis of the laryngeal pathol-

ogy is that these features are capable of evaluating the degree

of abnormality in the speech signal waveform considerably.

This means that, in pathological speech signal, these parameters

have sufficient discriminative information to distinguish them

from normal speech signals.

In speech processing task, from a pattern recognition point of

view, two things are very important: improving recognition rate

and reducing implementation costs by decreasing the complex-

ity at the same time. Results of this research show that using

long-time acoustic features in speech parameterization task

results in a feature vector that improves the process of voice

pathology identification with regard to the proposed MFCC-

based feature extraction.6,17 Furthermore, for optimization of

extracted feature set, different feature reduction methods are

examined, and hence, experimental results demonstrated

that feature selection methods can be considered as a proper

feature reduction strategy to increase identification ACC of

impaired voices. Another noticeable fact is that the procedure

of feature reduction implemented using PCA and LDA—as

feature extraction methods—and IFS, FFS, BFS, and BBFS—

as feature selection methods—results in a group of subset

features that improve recognition measures compared with

original features. In this study, by investigating among

different feature selection methods, it can be inferred that IFS

and BFS have the highest recognition rate to discriminate the

studied pathological voices. As explained before, FFS is

optimum when the optimal subset has a small number of

features, but BFS is efficient when the optimal FSS has

a large number of features, because BFS spends most of its

time in visiting large subsets.22 This fact is confirmed by the re-

sults of our investigation that by using BFS, ACC of 91% and

AUC of 95.59% are achievable. Furthermore, because of distri-

bution shape of studied data, using IFS along with SVM leads to

a good combination, with ACC of 91.55% and AUC of 95.80%.

Therefore, results of this research show that long-time acoustic

features with appropriate feature selection method fed to SVM

can be used together with invasive methods as complementary

tools to diagnose voice malformation and pursue the treatment

process. This article proposed LDA as a well-known feature re-

duction method that significantly improves the classification

FIGURE 11. Strength of examined feature reduction methods in

voice disorder detection based on the deviation along accuracy. Solid

lines refer to standard deviation for accuracy.

FIGURE 12. Relative operating characteristic plots for the different

feature reduction methods. SVM is applied as classifier.

TABLE 4.

Classifier Performance After Applying Different Feature Selection Methods: IFS, FFS, BFS, and BBFS

Feature Selection Method

Classifier 22 Original Features Individual Forward Backward Branch & Bound

Quadratic Discriminant

Classifier

78.90 88.00 83.40 88.43 83.00 78.53 85.64 91.33 86.27 80.90

66.00 37.00 75.93 36.36 85.5 49.75 77.57 30.10 89.50 44.24

Nearest Mean Classifier 87.20 70.90 87.25 69.70 82.81 56.30 86.46 67.70 85.40 68.77

97.60 94.30 97.83 95.35 97.46 92.99 97.76 94.72 95.63 91.52

Parzen classifier 85.50 73.35 87.27 77.15 86.14 71.76 87.08 74.23 86.48 70.83

93.85 31.80 94.30 32.36 95.60 52.21 95.76 27.37 96.43 39.52

K-Nearest Neighbor

Classifier

88.86 78.30 89.48 81.67 86.62 80.10 89.56 79.76 85.41 75.20

96.17 93.77 95.00 94.00 91.30 92.13 96.36 93.59 92.40 89.58

Support Vector Classifier 89.29 82.25 91.55 83.17 88.75 68.23 91.00 80.76 87.10 69.46

94.30 94.50 95.80 95.80 98.13 94.34 96.60 95.59 98.46 93.91

ML Neural Network 88.79 83.00 84.79 84.75 87.00 86.26 85.68 82.80 86.10 83.43

85.10 88.77 86.73 89.76 86.20 92.25 87.20 89.74 87.17 92.40

Results are mentioned based on a performance matrix: element (1, 1) is ACC, element (1, 2) is SE, element (2, 1) is SP, and element (2, 2) is AUC.
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rate in comparison with other feature reduction strategies. This

fact is originated from the properties of LDA that attempts to

reduce the dimension of original feature space and classify pat-

terns of two classes at the same time.23 Generally, this investi-

gation demonstrates that, for our selected database, feature

extraction methods (PCA and LDA) have more capability to

improve the results of voice disorder identification rather than

feature selection methods. Finally, experimental results show

that LDA significantly improves the identification of voice dis-

orders as compared with other feature dimension reduction

methods.

Furthermore, results of classification demonstrated that

SVM has great ability for the classification of disordered voi-

ces from normal ones compared with the other classifiers that

are examined in this research. The SVM algorithm constructs

a set of reference vectors in role of boundaries that minimize

the number of misclassification and, therefore, it represents

a low-cost, accurate, and automatic tool for pathological voice

classification by using long-time features in contrast with other

tools, such as ML-NN,6,19 LVQ,6 Gaussian mixture model,17

and K-NNC, which are examined here. In this study, SVM

is proved to have a better performance when it is trained by

reduced features using LDA compared with the reduced fea-

tures obtained by PCA or feature selection methods. Fur-

thermore, the results of our simulation have shown that, in

each feature reduction procedure, the training time of SVM

significantly decreased compared with that when original

features are used.

Therefore, efficient combination in this work is composed

of acoustic long-time features, LDA, and SVM, which yield

ACC of 94.26% and AUC of 97.94%. This structure signifi-

cantly improves the results of voice-disordered recognition in

comparison with proposed algorithm found in the references

6,17,19,20.

CONCLUSION

In this article, the strength of several long-time features along

with different feature dimension reduction methods are exten-

sively investigated by applying them to the well-known classi-

fiers. On the basis of this investigation, we have proposed an

optimum combination using long-time features, LDA, and

SVM, to classify disordered voices and normal ones. The pur-

pose of this work was to design an efficient tool to assist the

clinicians in the evaluation of vocal pathologies. Therefore,

we conducted an extensive assessment of different feature ex-

traction methods with regard to feature selection methods.

The results demonstrated that using LDA as a feature extraction

algorithm leads to the optimum experimental results for classi-

fication of voice disorders, with ACC of 94.26% and AUC of

97.94%. In feature selection methods, based on the trade-off be-

tween the number of efficient features and classifier perfor-

mance for selected features, IFS and BFS with efficiency of

91.55% and 91%, respectively, are more reliable. From this

FIGURE 15. Relative operating characteristic plots for the different

classifiers. LDA is applied as the feature reduction method. ML

ANNC, multilayer artificial neural network classifier.

FIGURE 16. Variation of AUC for different classifiers based on us-

ing LDA as feature reduction method.

FIGURE 13. AUC variation for different feature reduction methods

based on using SVM for classification.

FIGURE 14. Accuracy of different classifiers and their error plot.

LDA is used as feature reduction method. Solid lines refer to standard

deviation for ACC. ANNC, artificial neural network classifier.
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research, it was found that, generally, feature extraction

methods are more reliable than feature selection methods in

voice disorder identification, and complexity of these algo-

rithms are more appropriate compared with those of other fea-

ture reduction methods. In addition, SVM has established an

adequate result of generalization to distinguish between normal

and pathologically affected voices.
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