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CPPS is a measure (in dB) of the peak amplitude in the
cepstrum, normalized for overall signal amplitude by means of
a linear regression line calculated relating quefrency to
cepstral magnitude [4]. The cepstrum is a log power spectrum
of a log power spectrum: the first power spectrum shows the
frequency content of the signal energy, while the second
spectrum reflects the periodicity of harmonics in the spectrum.
The Smoothed version of the CPP is obtained by applying two
smoothing processes before calculating the Cepstral Peak
Prominence [4]. Several studies have highlighted the
relevance of CPPS as indicator of overall grade of dysphonia
and of different types of voice quality in both sustained
vowels and continuous speech [5-11]. These studies indicate
that the higher the peak in the cepstrum, the better the quality
of voice.
Sample Entropy (SampEn) is a metric from the field of
nonlinear time series analysis, introduced by [12], as the
successor of Approximate Entropy (ApEn) [13]. SampEn
quantifies the irregularity of a time series; a low number for
SampEn signifies regularity while a higher number signifies
increasing degree of irregularity. This means that for a healthy
voice signal the expected SampEn value is low while for a
pathological voice the presence of irregularity should result in
a higher SampEn value. A number of studies have used
SampEn and ApEn for assessing voice irregularity from
electroglottographic or acoustic signals [14-16].
Routine clinical examination of vocal health is largely
based on perceptual evaluation of the voice quality [17], and
videoendoscopic images of the larynx. The perceptual
evaluation is done using either running speech or sustained
vowels. Although sustained vowels are used for
videoendoscopic examination, it has been argued that asking
subjects to produce sustained vowels is somehow artificial
[17-18]. For that reason clinicians tend to prefer running
speech when they evaluate voice quality perceptually. In this
paper we analyze all the [a] vowels excerpted from running
speech, focusing on a specific widely researched pattern taken
from its natural context. In this way we also comply with the
clinic-friendly paradigm.
This paper aims to address the following questions:
a)
How powerful are the CPPS and SampEn metrics in
discriminating vocal health in shorter vowels where
smoothing in the time dimension is not possible?
b)
How do these two metrics correlate with each
other?
c)
Can the combination of these two metrics improve
discrimination of vocal health?

Abstract
There is a growing interest in Cepstral and Entropy
analyses of voice samples for defining a vocal health
indicator, due to their reliability in investigating both regular
and irregular voice signals. The purpose of this study is to
determine whether the Cepstral Peak Prominence Smoothed
(CPPS) and Sample Entropy (SampEn) could differentiate
dysphonic speakers from normal speakers in vowels excerpted
from readings and to compare their discrimination power.
Results are reported for 33 patients and 31 controls, who read
a standardized phonetically balanced passage while wearing a
head mounted microphone. Vowels were excerpted from
recordings using Automatic Speech Recognition and, after
obtaining a measure for each vowel, individual distributions
and their descriptive statistics were considered for CPPS and
SampEn. The Receiver Operating Curve analysis revealed that
the mean of the distributions was the parameter with the
highest discrimination power for both CPPS and SampEn.
CPPS showed a higher diagnostic precision than SampEn,
exhibiting an Area Under Curve (AUC) of 0.85 compared to
0.72. A negative correlation between the parameters was
found (Spearman; 𝜌 = −0.61), with higher SampEn
corresponding to lower CPPS. The automatic method used in
this study could provide support to voice monitorings in clinic
and during individual’s daily activities.
Index Terms: Cepstral Peak Prominence Smoothed,
Sample Entropy, continuous speech, dysphonia, voice
pathology, automatic speech recognition, phonetic alignment

1. Introduction
Vocal pathologies often manifest as noise and irregularity
in the voice signal. Consequently, markers that quantify
irregularity have attracted considerable interest in clinical
voice research (see Buder for an overview [1]). Traditional
time-domain parameters, such as jitter and shimmer, have
been the first investigated methods, but their dependence on
accurately identifying cycle boundaries, i.e. where vocal fold
cycles begin and end, make them unreliable with highly
perturbed signals [2]-[3]. Recent studies are therefore
considering new approaches for analyzing the voice signal,
and among them cepstral-based and nonlinear techniques are
the most promising measures of voice quality.	
   Two markers
related to these methods will be examined and compared in
this paper for their ability to discriminate between healthy and
pathological voices: the Cepstral Peak Prominence Smoothed
(CPPS) and the Sample Entropy (SampEn).
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2. Method

alignment. The recognizer was trained on the Italian
SpeechDat corpus [20] using HTK [20] and the RefRec scripts
[22]. The SpeechDat corpus includes more than 3000 speakers
recorded over the telephone line with 8-bit, 8 kHz, A-law
quality. Rather than resampling our speech files to fit the
acoustic models, the feature extraction procedure was
modified to limit the mel scale filterbank from 0 to 4 kHz.
Monophone models with 32 Gaussian components per HMM
state were used. Out-of-vocabulary words and their canonical
pronunciation were added to the dictionary. This step does not
affect the automatic nature of the method because the prompt
text in this application is known in advance. The time-aligned
transcriptions were used to extract speech samples belonging
to all occurrences of the [a] vowel both for pathological and
control speakers.
For computational reasons, signals were down-sampled to
25 kHz the middle 1024 samples (40.96 ms) were extracted
from each vowel waveform to consider a segment unaffected
by transient onset and offset behavior. For each vowel, a
CPPS measure and a SampEn measure were computed, thus
obtaining a time series of each parameter per subject, which
was treated as a distribution. The size of the time series ranges
from 43 to 71 values. For each individual distribution the
following descriptive statistics were calculated: mean, median,
standard deviation (std), range, 5th percentile (5prc) and 95th
percentile (95prc).

2.1. Voice samples
The study sample consisted of 33 voluntary patients, 25
females and 8 males (age range: 20-82 years; mean: 50.0
years; standard deviation SD: 16.5 years) and 31 healthy
adults with normal voices, 18 females and 13 males (age
range: 19-49 years; mean: 25.4 years; SD: 7.8 years). All
subjects were native Italian speakers.
Each participant followed the same procedure, which can
be summarized in two steps:
(1) They read aloud an Italian standardized phonetically
balanced passage of 300 words at a comfortable pitch
and loudness,
(2) Two otolaryngologists performed the clinical practice
that included a careful case history and the
videolaryngoscopy examination.
Table I summarizes the otolaryngologic diagnoses and
their occurrences in the patient group.
Before performing step (1) of the protocol, subjects wore
an omni-directional head mounted microphone Mipro MU55HN, which was placed at a distance of about 2.5 cm from
the lips of the speaker, slightly to the side of the mouth. The
microphone, which exhibits a flat frequency response (±3 dB)
in the range from 40 Hz to 20 kHz, was connected to a
bodypack transmitter ACT-30T that transmits to a wireless
system Mipro ACT 311. The output signal of this system was
recorded with a handy recorder ZOOM H1 (Zoom Corp.,
Tokyo, Japan) using a sample rate of 44.1 kHz and a
resolution of 16 bit.

2.2.1. Cepstral Peak Prominence Smoothed
A MATLAB (R2014b, version 8.4) script has been
developed to implement an adjusted version of the Cepstral
Peak Prominence Smoothed (CPPS) definition given by
Hillenbrand et al. [4]. Since vowel segments excerpted from
continuous speech are not long enough, the version of CPPS
used here did not include the time-smoothing step of the
cepstra.
The method implemented in the algorithm can be
summarized as follows. Each selected signal was first
Hamming-windowed and then the Fast Fourier Transform
algorithm was implemented twice: the first time on the signal
in time, the second time on the log power spectrum, obtaining
the cepstrum.	
  Before extracting the cepstral peak, a quefrencysmoothing step was performed, where a cepstral-magnitude
average was obtained across quefrency with a seven-bin
averaging window. A regression line was calculated in the
quefrency vs cepstral magnitude domain between 1 ms and the
maximum quefrency, since quefrencies below 1 ms are more
affected by the spectral envelope than by the regularity of the
harmonics [23]. The level difference (in dB) between the peak
in the cepstrum and the value of the regression line at the same
quefrency represents the CPPS measure, where the peak
search is limited to the range from 3.3 ms to 16.7 ms,
corresponding to fundamental frequencies of 300 Hz and 60
Hz, respectively.

Voice recordings were performed in a quiet room with an
A-weighted equivalent background noise level of 50.0 dB (SD
= 2 dB), which was measured with a calibrated class-1 sound
level meter (NTi Audio XL2) over a period of 5 minutes in
four different days. The background noise level is 10 dB lower
than the mean lowest A-weighted levels of 39 dB (60 dB) and
44 dB (65 dB) at 30 cm (2.5 cm), which were respectively
found in healthy males and females producing their softest
possible vowel [19]. Pathological voice tends to be softer than
healthy voice, but in our experiment subjects were asked to
read aloud, so an acceptable Signal-to-Noise Ratio was kept.
Table 1: Diagnoses for the patient group.
Organic dysphonia
Cyst
Edema
Sulcus vocalis
Polyp
Chronic laryngitis
Vocal fold hyposthenia
Vocal fold paresis
Vocal fold nodule
Post-surgery dysphonia
Overall

Number
7
9
3
4
2
3
2
1
2
33

2.2.2. Sample Entropy
SampEn is calculated [12, 24] by separating a time series
into sequences of length of m and m+1 points. Then the
conditional probability is calculated that the Chebyshev
distance between two sequences of length m+1 is less than a
tolerance r, given that the Chebyshev distance between two
sequences of length m is less than a tolerance r. This
probability is calculated as the ratio of the number of
sequences of length m+1 whose Chebyshev distances are less
than r over the number of sequences of length m whose

2.2. Data processing
The first 118 words of each reading were considered in
our analyses. Phonemic annotations for the speech files were
created using automatic speech recognition and the
orthographic transcriptions (prompts) by means of forced
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Chebyshev distances are less than r. SampEn is then defined
as the negative natural logarithm of this ratio.
For each vowel, SampEn was calculated for a number of
overlapping windows of length N, using the MATLAB
implementation provided in [24]. The length of each window
N was f0 dependent and equal to four times the length of the
glottal cycle, while the overlap was equal to the length of one
glottal cycle. The f0 was estimated using the YIN algorithm
[25]. The reason for adapting the window length in this way is
the sensitivity of SampEn to fundamental frequency [26] and
maintaining consistency of the analyzed pattern across
subjects. The reader should keep in mind that this type of
windowing is best applicable for Type 1 and Type 2 (nonchaotic) voice signals [27]. The total estimate of SampEn per
vowel was taken as the mean of the values obtained from all
windows. As suggested in [16], the sequence length m was
taken to be equal to round(log10(N)) and the matching
tolerance r was taken to be 0.1 times the standard deviation of
the N points in the analyzed window.

model combining both cepstral and entropy measures as
predictive variables and assuming the presence/absence of
dysphonia as dependent variable was performed. The Wald
test was carried out for assessing the significance of
coefficients for each predictive variable, where the null
hypothesis states that the coefficient of the variable is equal to
zero, i.e., the variable is not contributing to the logistic model
[30]. These analyses were performed using the statistical
program SPSS (v. 21; SPSS Inc, New 223 York, NY).

3. Results
Table 2 shows the p-values of the Two-tailed MannWhitney U-test of the lists of descriptive statistics for CPPS
distributions related to the patients and controls. The p-values
were lower than 0.05 for the mean, median, 5prc and 95prc,
which means the null hypothesis was rejected. The Std and the
range, instead, had p-values higher than 0.05. These outcomes
reveal that CPPS distributions are significantly different in
central tendency, with an overall average value of 12.2 dB and
14.1 dB for the mean in patients and controls, respectively, but
not in variance, with an overall average value of 3.0 dB and
2.8 dB for the std in patients and controls, respectively.
Table 2 also shows that only the mean and 95prc of the
SampEn distributions had p-values of the two-tailed MannWhitney U-test lower than 0.05. SampEn distributions are thus
significantly different in central tendency, with an overall
average value of 0.7 and 0.5 for the mean in patients and
controls, respectively, but not in variance, having an overall
average value of 0.3 and 0.2 for the std in patients and
controls, respectively.

2.3. Statistical Analyses
The two-tailed Mann-Whitney U-test, a non-parametric
test based on independent samples [28], was used to evaluate
statistical differences of the paired lists of descriptive statistics
related to the groups of healthy and pathological subjects. The
null hypothesis states that MD = 0, where MD is the median of
the population of the differences between the sample data for
the two groups. If the null hypothesis is accepted, the two lists
of values come from the same population, i.e. it is not possible
to distinguish healthy and pathological voice samples. The
selection of the Mann-Whitney U-test was made based on the
one-sample Kolmogorov-Smirnov test, which verified that the
data in each list did not come from a normal distribution.
The Spearman correlation coefficient was used to
determine the relationship between CPPS and SampEn values.
The above-mentioned tests were performed using a MATLAB
script (R2014b, version 8.4).
The Receiver Operating Characteristic (ROC) analysis
was used to investigate the discrimination power of each
descriptive statistic of CPPS and SampEn distributions in
healthy and pathological voices. The area under the Receiver
Operating Characteristic, which is named Area Under Curve
(AUC), was calculated as an indicator of classification
accuracy [29]. The AUC ranges from 0.5 to 1.0: a value higher
than 0.9 indicates an outstanding separation between the two
groups, an AUC between 0.9 and 0.8 designates an excellent
discrimination power, an AUC between 0.8 and 0.7 an
acceptable discrimination, while an AUC close to 0.5 shows a
poor ability to separate the two groups. Moreover, the ROC
analysis was performed to determine the preliminary criteria
for positivity, i.e., the threshold value from which a voice
could be indicated as pathological, for CPPS and SampEn in
[a] vowels excerpted from continuous speech. The optimal
threshold between the dysphonic group and controls was
evaluated plotting together sensitivity and specificity versus
each possible threshold. Sensitivity corresponds to the true
positive rate, i.e. the percentage of subjects with voice
disorders that are classified as positive. Specificity is the true
negative rate, that is the percentage of people with healthy
voice who are identified as negative. Instead of conventionally
selecting the optimal threshold value where the two curves
cross, the authors gave priority to the sensitivity, maximizing
in this way the proportion of subjects with voice disorders that
are classified as positive. As a final step, a logistic regression

Table 2: Analysis results for each paired list of
descriptive statistics related to the dysphonic group
and the control group. Two-tailed Mann-Whitney Utest p-values: values lower than 0.05 are in bold and
indicate the rejection of the null hypothesis. Area
Under Curve (AUC) and the relative 95% Confidence
Interval (CI)
Statistics

U-test

Mean

0.001

Median

0.001

Std

0.116

Range

0.158

5prc

0.001

95prc

0.001

CPPS
AUC (CI)

0.85
(0.76÷0.95)
0.85
(0.75÷0.94)
0.59
(0.45÷0.73)
0.61
(0.47÷0.74)
0.73
(0.61÷0.85)
0.79
(0.68÷0.90)

U-test

0.002
0.999
0.884
0.509
0.993
0.004

SampEn
AUC (CI)

0.72
(0.59÷0.85)
0.70
(0.58÷0.84)
0.59
(0.45÷0.73)
0.45
(0.31÷0.60)
0.67
(0.54÷0.80)
0.71
(0.58÷0.84)

In Table 2 the discrimination power of each descriptive
statistic for CPPS and SampEn distributions is highlighted
through AUC values and the respective 95% Confidence
Intervals (CI). Generally, all the descriptive statistics from
CPPS distributions had higher AUCs than the ones from
SampEn distributions, highlighting a better diagnostic
precision of the cepstral measure with respect to the entropy
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metric. Among the descriptive statistics from CPPS
distributions, the mean and the median had an AUC of 0.85,
showing a good discrimination power between dysphonic and
healthy subjects. Regarding the descriptive statistics from
SampEn distributions instead, the mean had the highest AUC
of 0.72, highlighting a moderate discrimination power.
Figure 1 shows the boxplots of the mean from individual
CPPS distributions for the group of patients and controls: as
expected, healthy speakers had higher values than patients.
The bold line in Figure 1 indicates the optimal threshold
obtained from the ROC analysis for the mean, i.e., 14.0 dB.
The criterion for positivity thus corresponds to 14.0 dB or
lower, with a sensitivity of 79% and a specificity of 71%.
Figure 2 shows the boxplots of the mean from SampEn
distributions for subjects belonging to the healthy group and
the pathologic one: predictably, an opposite trend with respect
to Figure 1 is evident, having higher values of entropy for
subjects with voice disorders. The criterion for positivity is
0.58 or higher, with a sensitivity of 73% and a specificity of
68%.

However, by checking the CPPS and SampEn results in
relation to the diagnosis, it was observed that some
pathologies were more successfully discriminated than others.
CPPS mean and SampEn mean discriminated successfully
vocal fold paresis (2 of 2), polyp (4 of 4), and post-surgery
dysphonia (2 of 2). Moreover, CPPS mean discriminated
laryngitis (2 of 2) and it partially differentiates edema (5 of 9),
cyst (3 of 5) and sulcus (2 of 3).
A Spearman correlation coefficient of -0.61 (pvalue<0.001) was found between CPPS mean and SampEn
mean, thus highlighting a strong negative correlation between
the two parameters, i.e. when one increases the other
decreases (see Figure 3).
The Wald test p-values in the output of the logistic
regression model with CPPS mean and SampEn mean as
predictive variables were 0.002 and 0.874, respectively,
underlying that only CPPS mean is a significant variable in
predicting dysphonia for the present database.
16
Control
Dysphonic

15

14

CPPS mean (dB)

14

CPPS (dB)

13
12
11
10

12

10

8

9
8

6
0.4

Control

0.6

0.8

1

1.2

1.4

1.6

1.8

SampEn mean

Dysphonic

Figure 3: Scatter plot between CPPS mean and SampEn mean:
circles indicate the controls; stars represent the dysphonic
group. The dashed lines indicate the optimal thresholds for the
two parameters (14 dB for CPPS and 0.58 for SampEn).

Figure 1: Boxplots of the mean from individual CPPS
distributions for the controls and the dysphonic group.
The bold line marks the optimal threshold of 14.0 dB

4. Conclusions
1.6

This study investigates the efficacy of Cepstral Peak
Prominence Smoothed (CPPS) and Sample Entropy (SampEn)
in discriminating between dysphonic and healthy subjects
using excerpted vowels. The mean from both CPPS and
SampEn distributions are the best in discriminating the two
groups, but CPPS mean has higher diagnostic precision than
SampEn mean (Area Under Curve of 0.85 and 0.72,
respectively). A strong negative correlation between the two
metrics was also found. Future studies need to consider
homogeneous data (in gender and diagnosis) and larger data
samples that include the perceptual assessment of voice, in
order to investigate correlations between the parameters and
the degree of dysphonia. The automatic method and the
preliminary results of this study support in-clinic voice
monitoring for the characterization of vocal health and selfmonitoring of voice during everyday activities to characterize
changes in the vocal behavior of professional voice users.

SampEn mean

1.4
1.2
1
0.8
0.6
0.4
Control

Dysphonic

Figure 2: Boxplots of the mean from individual
SampEn distributions for the controls and the
dysphonic group. The bold line indicates the optimal
threshold of 0.58.
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