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Abstract
This work presents a novel approach for the automatic detection of pathological voices based on fusing the information
extracted by means of mel-frequency cepstral coefficients (MFCC) and features derived from the modulation spectra (MS).
The system proposed uses a two-stepped classification scheme. First, the MFCC and MS features were used to feed two
different and independent classifiers; and then the outputs of each classifier were used in a second classification stage. In
order to establish the best configuration which provides the highest accuracy in the detection, the fusion of information
was carried out employing different classifier combination strategies. The experiments were carried out using two different
databases: the one developed by The Massachusetts Eye and Ear Infirmary Voice Laboratory, and a database recorded by
the Universidad Politécnica de Madrid. The results show that the combination of MFCC and MS features employing the
proposed approach yields an improvement in the detection accuracy, demonstrating that both methods of parameterization
are complementary.
Key words: Automatic assessment of voice, combining pattern classifiers, Gaussian mixture models, mel-frequency cepstral

coefficients, modulation spectra, pathological voices, support vector machines

Introduction
The automatic assessment of voice quality based
on acoustic analysis is an efficient tool for the
objective support of the diagnosis and the screening of vocal and voice diseases. Most of the works
carried out in this area have been oriented to the
study of acoustic parameters and pitch perturbation measurements and noise (1,2). Nevertheless,
the approaches based on the characterization of the
spectral components to identify the abnormal glottal activity have also been shown to be reliable in
the detection of pathological voices (3,4). In this
sense, the state of the art reports two parameterization approaches previously used in this context that
provided good results: mel-frequency cepstral coefficients (MFCC) (5), and features extracted from
the modulation spectra (MS) (6).

MFCC have been formerly used for the detection
of pathological voices with good results (3). The
main advantage of the MFCC parameters is that, in
contrast to other parameters found in the state of the
art (2,7–9), its calculation does not require a previous pitch estimation, a difficult task in the presence
of pathologies. Besides, the alterations related to the
mucosal waveform due to an increase of mass are
reflected in the low bands used to calculate the
MFCC, whereas the higher bands are able to model
the noisy components due to a lack of closure (4).
On the other hand, MS may be seen as a nonparametric way to represent the modulation present
in the speech introduced by the presence of pathologies, since dysphonic voices are characterized by
frequency-band-dependent time-varying amplitude
fluctuations (11). Moreover, it offers a compact way
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to fuse the various phenomena observed during speech
production (i.e. noise, frequency and amplitude perturbations, tremor, etc.), providing important and
complementary dynamic information useful for the
detection of pathological voices (4), since MS are able
to capture the amplitude envelope fluctuations evident
during sustained vowel phonations (11).
In our previous work (12), we fused the information from both families of parameters (i.e. MFCC
and MS), and the improvements obtained in the
detection accuracy led us to conclude that both
parameterization approaches are complementary and
provide important information for the characterization of pathological voices. Nevertheless, there are
important differences related to the parameterization
procedure of both families of features, complicating
the necessary merging procedure that has to be followed to feed a single classifier. Due to this fact, this
work investigates the use of several strategies to combine classifiers in order to fuse the information from
MS and MFCC. The advantage of combining outputs of different classifiers instead of merging features
is that the structure of the feature space used to feed
each classifier is much simpler. Furthermore, although
one of the classifiers would yield a better performance,
the set of speech registers misclassified by each classifier would not necessarily overlap; therefore the
combination of their outputs could improve the overall performance of the system (13).
This work employed a strategy based on combining classifiers to fuse information from MFCC and
features extracted from the MS. Two classifiers based
on Gaussian mixture models (GMM) and support
vector machines (SVM) were used, since their modelling and discrimination capabilities have demonstrated
their reliability for this task (3). The experiments were
carried out using two different pathological speech
databases, and the results are presented in terms of
confusion matrices and figures of merit.
The paper is organized as follows: The Methods
section describes the parameterization approaches
used in this work, gives a brief overview of the pattern classification methods, and describes the strategies used to combine the classifiers. The Experiments
and decision-making section describes the experiments carried out, and is followed by the Results
section. And finally, Conclusions is dedicated to a
brief discussion and the main conclusions.
Methods
Figure 1 depicts a schematic diagram of the system
developed for the automatic detection of pathological
voices.
The speech signal is divided into frames in order
to be parameterized by means of short-time analysis.

The optimum frame size required for MFCC and
MS is very different, hence the proposed scheme
uses two parallel feature extraction and classification
procedures.
The final classification was carried out in two
steps. First, two different and independent classifiers
were trained from MFCC and MS features. Then, in
order to establish the best configuration to merge the
information, and with the aim of comparing the
results, different strategies for combining the outputs
of such classifiers were tested.
Parameterization
The speech signal is parameterized following a frame
basis approach. For the case of MFCC, the frames
were segmented with 40 ms Hamming windows
extracted with a 50% frame overlap. This length
ensures that every frame contains, at least, two consecutive pitch periods (3). On the other hand, the MS
was estimated using longer windows (250 ms) shifted
50 ms. According to a criterion based on singular
value decomposition and mutual information, the most
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Figure 1. General scheme of the system developed for the
automatic detection of pathological voices.

Fusion of MS & MFCC for the detection of pathological voices
relevant measures derived from MS were selected as
features to feed the classifier.
The following sections give an overview of the
parameterization procedures used in this work.
Modulation spectra. The most common modulation
frequency analysis framework (6) for a discrete signal, x(n), employs a short-time Fourier transform
(STFT) that for each frame under analysis, m, is
given by Xk(m):
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where h(·) is the acoustic frequency analysis window with a hop size of M samples and length of
K samples, with m denoting time. At this stage, the
resolution in the frequency domain is also of K
samples, but a mel scale filtering can be employed
to reduce the resulting number of frequency bins,
K. The distribution of envelope amplitudes of
voiced speech has a strong exponential component.
Hence we use a log transformation of the amplitude values |Xk(m)| and subtract their mean log
amplitude:

X k (m)  log X k (m)  log X k (m)

(2)

—

where { . }denotes the average operator over m.
Next, a second STFT is used to detect the frequency content of |Xk(m)|:
∞
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s  0,..., S 1
where g(·) is the modulation frequency analysis window, and L is the hop size (in samples); k and s are
referred to as the ‘acoustic’ and ‘modulation’ frequencies, respectively. The tapered windows, h(·) and
g(·), are used to reduce the side lobes of both frequency estimates.
Then, the representation of a MS displays the
modulation spectral energy |Xl(k, s)| (magnitude of
the sub-band envelope spectra) in the joint acoustic/
modulation frequency plane. In order to enable crossdatabase portability of the classification system, a
feature sub-band normalization has been employed
according to Markaki et al. (14). Every acoustic frequency sub-band was normalized with the marginal
of the modulation frequency representation:

Xl,norm (k,s)

3

Xl (k,s)

∑ X (k,s)
s

(4)

l

The modulation spectra were computed on a
frame-by-frame basis using 250 ms windows shifted
by 50 ms. A mel scale filtering was applied with 53
bands, while the size of the Fourier transform for the
time domain transformation was set to 257. Therefore, each modulation spectrum consisted of K  53
acoustic frequencies and S  257 modulation frequencies, resulting therefore in a 53  257 image per
frame. The normalized modulation spectra computed for each frame were stacked to obtain a thirdorder real tensor D∈RKSF, where F is the number
of frames.
Figure 2 depicts two MS obtained respectively for
a normal and a pathological speech signal. The figure
shows that the energy at the modulations corresponding to fundamental frequency and its harmonics is localized in the lower acoustic frequencies for
pathological speech signals. Such behaviour is not
observed for normal voices.
Since MS contains a large amount of data and is
estimated using a frame-by-frame strategy, it is necessary to reduce the dimensionality to obtain the
most relevant features. This work employed a methodology based on a third-order generalization of singular value decomposition (HOSVD) (15) which
projects the features over the singular vectors of the
acoustic and modulation frequency subspaces with
the highest energy. This approach has been successfully used for discriminative tasks in speech processing (16). The projection of the MS features over the
principal axes with the highest energy in each subspace results in a compact set of features with minimum redundancy.
Further, a criterion based on mutual information (MI) was used to select the more relevant features for the classification task. The relevance is
defined as the mutual information I(xj ; c) between
feature xj and class c . The maximum relevance
(MaxRel) feature selection criterion simply selects
the most relevant features to the target class c (17).
Through a sequential search, which does not require
estimation of multivariate densities, the most important q features of I(xj ; c) in descending order are
selected.
Applying the HOSVD algorithm, the nearoptimal projections or principal axes (PC) of features were detected among those contributing more
than 0.1% to the ‘e nergy’ of D. For MEEI database
(Massachusetts Eye and Ear Infirmary Voice Laboratory), 44 PC were detected in the acoustic frequency
and 29 PC in the modulation frequency subspace,
resulting in a reduced space of 44  29  1,276
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where b  (1, 2, ..., MB), MB being the number of
the mel bands in the mel scale; p  (1, 2 ,..., P),
P being the number of MFCC coefficients extracted;
and Xb(m) given by:
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Figure 2. MS plot. A: normal voice (file BJB1NAL.NSP taken
from the MEEI database). B: pathological voice (file DAP17AN.
NSP taken from the MEEI database).

features. For UPM (Universidad Politécnica de
Madrid), the reduced space had dimensions of
53  36  1,908. Next, the features which were more
correlated to the voice pathology detection task were
selected for each database, using the maximal relevance criterion (MaxRel). For details about the
application of the MaxRel criterion for this task,
please refer to Markaki et al. (14).
Henceforth the features obtained by employing
this methodology will be referred as MS maximum
relevance (MSMR) features.
Mel-frequency cepstral coefficients. MFCC (5) are a
family of parameters that can be either estimated
using a parametric approach derived from linear predictive coefficients or using a non-parametric (Fast
fourier transform (FFT)-based) approach . The definition has been included in the text. approach. The
non-parametric approach allows modelling of the effects
induced by the presence of pathology over the excitation (vocal folds) and the system (vocal tract) (3).
Another justification for using the MFCC parameters
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is that this measure follows a transformation in the
frequency domain to a perceptual scale. This transformation shares processing principles with the human
auditory system response (18) and matches well with
the fact that an experienced speech therapist can very
often detect the presence of a disorder just by listening to it.
MFCC parameters are obtained, for each frame
under analysis of the input signal, m, by calculating the
discrete cosine transform (DCT) over the logarithm of
the energy in several frequency bands as shown in:

where hmb(k) is a triangular weighting function associated with the mel band in the mel scale, and Xk(m)
is the STFT of the input signal x(n)—defined in
Equation 1.
Each band in the frequency domain is bandwidthdependent on the centre frequency of the filter. The
higher the frequency, the wider the bandwidth is.
This method is based on the human perception system, establishing a logarithmic relationship between
the real frequency scale (Hz) and the perceptual frequency scale (mels). The suggested formula that models this relationship is as follows (19):
Fmel  2595 log

⎛ F ⎞
1 Hz ⎟
10 ⎜
⎝ 700 ⎠

(7)

Following the aforementioned procedure, and in
line with other works found in the state of the art
(3,12), 12 MFCC were extracted for each frame.
Figure 3 shows the MFCC plot obtained for a
normal and a pathological speech signal respectively.
The pathological voice shows light differences in the
upper coefficients, and clear differences in the second and third coefficients.
Classification
A first decision about the presence or absence of
pathology for each set of features was taken by using
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Figure 3. MFCC plot. A: normal voice (file BJB1NAL.NSP taken from MEEI database). B: pathological voice (file DAP17AN.NSP taken
from MEEI database).

different classifiers. For the case of MFCC, a classifier based on GMM was employed. This classifier
has previously been used for the same task with
good results (3). On the other hand, the set of
MSMR features was classified by using a SVM
which is a class of discriminative classifiers with
high generalization capabilities. The SVM has also
been successfully used for voice pathology detection
in previous works. The criterion to use a different
classifier for each family of parameters was based
on previous experiments in which it was empirically
demonstrated that the MFCC improve the representation capabilities when they are modelled with
GMM, and MSMR performs better using a SVM
in the classification stage. Moreover, GMM present
problems with the MSMR features due to the fact
that MaxRel selects more than 100 relevant features,
and the number of parameters to be estimated for
the GMM exponentially increases in relation to the
dimensionality of the feature space. This phenomenon is known as ‘curse of dimensionality’ and
affects the training stage.
Gaussian mixture models. The central idea of the
GMM is to estimate the probability density function of a data set x∈Rd, by means of a set of
Gaussian weighted functions. The model can be
expressed as (17):

p (x | c ) 

Q

∑ α Θ (x )
i

i

(8)

i1

where c  {ζn,ζp} indicates the class to model, Θi(x),
i  1, 2, ..., Q are the component densities, and αi,
are the component weights. Each component density
is a d-variate Gaussian function, so the different components act together to model the overall pdf. The
most common estimation method of the parameters
of the model is the expectation maximization (EM)
algorithm (20).
For each class to be recognized, the parameters
of a different GMM are estimated. Thus, the
evaluation is made calculating for each GMM
the a-posteriori probability of an observation. The
score given to each sequence is obtained by calculating the logarithm of the ratio between the likelihoods given by both models (called log-likelihood
ratio) (21).
Support vector machines. A SVM is a two-class classifier. The problem in approaching a SVM (22) is
analogous to solving the problem of finding a linear
function that satisfies:
f (x )  w, x  b with w ∈ χ, b ∈ R

(9)
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where χ corresponds to the space of the input patterns x∈Rd. The function f(·), is calculated following
an optimization problem from sums of a kernel function (22). The support vector algorithm looks for the
hyperplane that separates the two classes with the
largest margin of separation.
Considering a radial basis function kernel, the
training implies adjusting the aperture of the kernel,
γ, and a penalty parameter, C (22).
The output given by the SVM for each speech
sample can be interpreted as the likelihood that the
sample belongs to a specific class. Henceforth, the
log-likelihood (likelihood in the log domain) will be
called ‘score’.

Combining classifiers
There are two important aspects that have to be kept
in mind to fuse information from different classifiers:
the score normalization technique used and the combination rule. The first one is needed to eliminate the
bias due to the different dynamic ranges of the scores
given by the different classifiers, and also for the use
of combination rules which make the assumption that
the scores are taken from a probability density function
in the interval [0,1]. On the other hand, the problem
of selecting the combination rule is related to choosing
the function which provides the highest accuracy by
merging the scores given by the different classifiers.

Score normalization. The simplest normalization technique is the Min-Max normalization (23). This normalization is best suited for the case where the bounds
(maximum and minimum values) of the scores given
by a classifier are known. However, even if the scores
are not bounded, it is possible to estimate the minimum and maximum values for a set of scores and
then applying the normalization given by:
sk  min

∗

sk 

(10)

max  min

where sk are the raw scores and sk∗ are the normalized
scores. The drawback of this method is that it is highly
sensitive to outliers in data used for estimation.
Another widely used normalization method is a
logistic transformation which allows reducing the
effects due to the dispersion in the scores. The transformation function is given by:
∗

sk 

1

((

1 exp  ω0  ωSk

where:
2

ω

2

μc  μc

2

1

2σ

2

))

μc  μc
2

1

σ

(12)

2

μc1 and μc2 being the mean of the class 1 and class
2, respectively. This transformation assumes that the
distribution of both scores is Gaussian with a common variance σ. However, the scatter does not have
to be equal, so the value of σ  0.5(σc1  σc2) is a
good trade-off, σc1 and σc2 being the estimate of the
standard deviation for each class. This normalization
provides a linear transformation of the scores in the
overlapping region, while the scores outside this
region are non-linearly transformed, and therefore
this normalization does not retain the shape of the
original score distribution (23).
A more robust non-linear transformation is the
Hampel score normalization given by (23):
∗

sk 

⎧
⎛
⎛ sk  μc ⎞ ⎞ ⎫⎪
1
tanh
0.01
⎜
⎨
⎜
⎟ ⎟⎟ 1⎬
⎜⎝
2⎪
σ
c
⎝
⎠ ⎠ ⎭⎪
1
⎩
1⎪

(13)

where μc1 and σc1 are the mean and standard deviation of the objective class (in our case the pathological class). This method reduces the influence of
the tail points in the score distribution and is not
sensitive to outliers.
Score combination rules. The basic rules to consolidate
the evidence obtained from multiple classifiers along
with their theoretical framework were proposed in
Kittler et al. (13). Here only the rules that can be
applied for merging at the score level are considered
(see (13,24) and cites therein).
Consider the problem of classifying an input pattern
z into one of c possible classes based on the evidence
provided by R different classifiers. Let xi be the feature vector presented to the i-th classifier. Let the
outputs of the individual classifiers be P(ζj|xi), the
following rules can be used to determine c (23):
Product rule: This rule is based on the assumption of
statistical independence of the representations used
to feed each classifier. The input pattern is assigned
to class c such that:
P (ζ | x )
∏
i1
R

c  arg max
j

∈[0,1]

, ω0 

j

i

(14)

(11)
Sum rule: Apart from the assumption of statistical
independence of the multiple representations used in

Fusion of MS & MFCC for the detection of pathological voices
the product rule, the sum rule also assumes that the
a-posteriori probabilities computed by individual
classifiers do not deviate much from the a-priori
probabilities. The sum rule assigns the input pattern
to class c such that:
P (ζ | x )
∑
i1
R

c  arg max
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j

i

j

(15)

This rule is applicable in presence of a high level
of noise leading to ambiguity in the classification
problem. A modification of the sum rule is the
weighted sum in which a different weight is assigned
to each classifier and, in this way, the classifier with
the best individual accuracy will have more influence
in the final decision. This method requires learning
the specific weights of the classifier but, due to the
fact that, in the particular task addressed in this
work, there are only two classes, the weights (w1, w2)
can be found by a simple search taking into account
that they are varied over the interval [0,1] and the
sum w1  w2 must be equal to 1.
Max rule: The max rule approximates the mean of
the a-posteriori probabilities by the maximum value.
In this case, it is assigned the input pattern to class
c according to:

( )

c  arg max max P ζ | x
i

j

(16)

i

j

Min rule: The min rule is derived by bounding the
product of the a-posteriori probabilities. Here, the
input pattern is assigned to class c such that:

( )

c  arg max min P ζ | x
j

i

j

(17)

i

Finally, another simple scheme that can be used
for combining scores is to use the outputs of the
classifiers as features to feed a second layer of classification. This approach combines the generalization
capabilities of several classification techniques in
order to find an optimum final decision boundary. In
this work, this second layer has been implemented
by means of a k-nn classifier, a multilayer perceptron
(MLP), and a SVM.

Experiments and decision-making
Databases
The first database used was developed by The Massachusetts Eye and Ear Infirmary Voice Laboratory

7

(MEEI) (25). Due to the different sampling rates of
the recordings stored in this database, a down-sampling with a previous half-band filtering was carried
out, when needed, in order to adjust every utterance
to a 25 kHz sampling rate; 16 bits of resolution were
used for all the recordings. The registers contain the
sustained phonation of the /ah/ vowel from patients
with a variety of voice pathologies: organic, neurological, and traumatic disorders. According to the criteria explained in Parsa et al. (26), a subset of 173
pathological and 53 normal speakers were used for the
experimentation. The subset selected ensures a balance according to gender, age, and pathologies.
The second database was recorded by the Universidad Politécnica de Madrid (UPM) (27). This
database stores 200 pathological voices (74 men and
126 women, aged 11–76) with a wide variety of
organic pathologies (nodules, polyps, oedemas, carcinomas, etc.), and 199 normal voices (87 men and
112 women, aged 16–70). The data set contains the
sustained phonation of the /aa/ Spanish vowel with a
sampling rate of 50 kHz and 16 bits of resolution.
All the speakers stored in the database were used for
the experimentation.
Experimental set-up
Different normalization techniques and combination
rules were employed in order to establish the best configuration to fuse the information obtained from MFCC
 GMM and MSMR  SVM. During the experiments
the most appropriate values of the SVM and GMM
parameters (γ and C for the SVM, and M for the GMM)
were determined to achieve the best possible accuracies
for each corpus. With respect to the SVM, the optimum
working point was searched inside the grid C  [100,103]
and γ  [104,102]. Regarding the GMM, the parameter Q has been evaluated into Q  [2,6].
The methodology proposed in Sáenz-Lechón
et al. (28) was used for the evaluation of the system.
The generalization abilities of the system have been
tested following a stratified cross-validation scheme
with four different sets for training and validation,
repeated four times using 75% of the utterances for
training and 25% for testing. The results are presented
giving the following rates: true positive rate (tp) (or
sensitivity, is the ratio between pathological files correctly classified and the total number of pathological
voices) and true negative rate (tn) (or specificity, is the
ratio between normal files correctly classified and the
total number of normal files). The final accuracy of
the system is the ratio between all the hits obtained
by the system and the total number of files.
As a figure of merit two curves may be plotted
using the scores given by each classifier to show the
performance of the proposed architecture: the detector
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Table I. Results obtained with MFCC  GMM and MSMR 
SVM using the MEEI database.

Table II. Results obtained with MFCC and MSMR using the
UPM database.

Features

Features
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MFCC  GMM
MSMR  SVM

Sensitivity

Specificity

Accuracy

95.20%
97.38%

91.04%
79.72%

94.22%
93.22%

MFCC  GMM
MSMR  SVM

error trade off (DET), and the receiver operating
characteristic (ROC).The ROC is a popular tool in medical decision-making (29). It reveals diagnostic accuracy expressed in terms of sensitivity and 1-specificity
or false positive rate (fp). The DET plot (30) has been
used widely for the assessment of detection performance in speaker identification tasks. The DET curve
plots error rates (false positive rate and false negative
rate) on both axes, giving uniform treatment to both
types of error.

Results
Tables I and II show the results using MFCC and
MSMR features independently for MEEI and UPM

Sensitivity

Specificity

Accuracy

77.00%
80.50%

83.04%
82.91%

80.01%
81.70%

databases, respectively. The Tables show the best
results obtained after tuning the parameters of the
classifiers. Both approaches (MFCC  GMM and
MSMR  SVM) yielded a similar accuracy. However,
the results showed different correct classification rates
for MEEI and UPM databases. This behaviour has
already been shown in a previous work (12) and is
attributable to the bigger number of speakers of the
second database and to the differences of the recording conditions that introduce a larger variability.
In this sense, and in view of the linearity of the
DET plots, the results using UPM appear to be more
consistent.
Table III shows the results obtained using the
different combination strategies studied. The
best results reported are highlighted in bold. A score

Table III. Results combining classifiers with different strategies.
Sensitivity
Normalization
Min–Max
Min–Max
Min–Max
Min–Max
Min–Max

Min–Max
Min–Max
Min–Max
Logistic
Logistic
Logistic
Logistic
Logistic

Logistic
Logistic
Logistic
Hampel
Hampel
Hampel
Hampel
Hampel

Hampel
Hampel
Hampel
aWeights
bWeights

Specificity

Accuracy

Combination rule

MEEI

UPM

MEEI

UPM

MEEI

UPM

Sum
Product
Max
Min
Weighted sum
w1 (MFCC)  0.93a | 0.53b
w2 (MSMR)  0.07a | 0.47b
k-nn (k  1)
MLP (3 hidden nodes)
SVM
Sum
Product
Max
Min
Weighted sum
w1 (MFCC)  0.93a | 0.41b
w2 (MSMR)  0.07a | 0.59b
k-nn (k  1)
MLP (3 hidden nodes)
SVM
Sum
Product
Max
Min
Weighted sum
w1 (MFCC)  0.45a | 0.31b
w2 (MSMR)  0.55a | 0.69b
k-nn (k  1)
MLP (3 hidden nodes)
SVM
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79.75
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92.56
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Figure 4. ROC curve for the best results using MFCC  GMM,
MSMR  SVM, and fusing both classifiers (MEEI database).

Figure 6. ROC curve for the best results using MFCCGMM,
MSMRSVM, and fusing both classifiers (UPM database).

combination based on a weighted sum provided very
good results with the different normalization criteria
used (especially with Min-Max and logistic normalizations).
Figures 4–7 show ROC and DET plots of the
best results obtained by using MFCC  GMM and
MSMR  SVM independently and fusing both classifiers with the best approaches reported in Table III.
For both databases there is an improvement in the
accuracy fusing both classifiers. In the case of the
UPM database, the DET plots show a more steady

behaviour showing similar false positive and false
negative rates and an approximately Gaussian distribution for the scores.

Conclusions
Pathological voice is characterized by an increase of
the vocal folds mass, a subsequent lack of closure, or
an elasticity change of the vocal folds and surrounding
tissues. Previous experiments confirmed that MSMR
provide complementary information to MFCC, since
the low bands of the MFCC reflect alterations related
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Figure 5. DET plot for the best results obtained using
MFCCGMM, MSMRSVM, and fusing both classifiers (MEEI
database).

Figure 7. DET plot for the best results using MFCCGMM,
MSMRSVM, and fusing both classifiers (UPM database).
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to the mucosal waveform due to an increase of mass,
the noisy components induced by lack of closure are
modelled by the higher bands (3), and the MSMR
features capture the amplitude envelope fluctuations
present during sustained vowel phonation. Thus, as
expected, fusing the information given by the MFCC
and MSMR features yields an improvement of the
accuracy, demonstrating the complementarity of both
parameterization approaches for the detection of
voice disorders. However, although the results
improve the detection accuracy combining both classifiers, the improvement is lower than in our previous
experiments fusing features (12). Anyway, these results
are in concordance with the statements in other works
found in the state of the art, which ensure that integrating information at an early stage of processing is more
effective than integrating at a later stage, because the
features contain more information about the problem
to be solved than the outputs of the classifiers (23).
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