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the variation in spectral energy distribution present in a voice signal to differentiate between four voice types: type 1
voice signals are nearly periodic, type 2 voice signals have strong modulations and subharmonics, type 3 signals are
chaotic, and type 4 signals are dominated by stochastic noise.
Study Design. A total of 135 voice signal samples of the sustained vowel /a/ were obtained from the Disordered
Voice Database and then individually categorized into the appropriate voice types based on the classification system
described in Sprecher et al (2010). Voice samples were analyzed using the nonlinear methods of spectrum convergence
ratio, rate of divergence, and nonlinear energy difference ratio (NEDR) to investigate classifier efficacy.
Methods. An iterative nonlinear weighted method based on the derivative of instantaneous frequency and Fourier
transformations is applied to calculate spectral energy distributions. The distribution is then used to calculate the
NEDR to classify voice signal types.
Results. Statistical analysis revealed that NEDR effectively differentiated between all four voice types (P<0.001).
Subsequent multiclass receiver operating characteristic analysis demonstrated that NEDR (area under the curve [95%
CI]=0.99 [0.96−1.0]) possessed the greatest classification accuracy relative to spectrum convergence ratio and rate of
divergence.
Conclusion. NEDR was shown to be an effective metric for objective differentiation between all four voice signal
types. NEDR calculations occurred approximately instantaneously, constituting a substantial improvement over the
tedious computational time required for calculation of previous nonlinear parameters. This metric could assist clini-
cians in the diagnosis of voice disorders and monitor the efficacy of treatment through observation of voice acoustical
improvement over time.
Key Words: Nonlinear weighted−Derivative of instantaneous frequency−Chaos−Voice signal classification−Non-
linear energy difference ratio.
INTRODUCTION
Voice disorders caused by physical injury, voice misuse, physi-
ological disease, and surgery can impart significant functional
and psychological limitations on the lives of patients.1 There-
fore, a more comprehensive understanding of the acoustic basis
of voice disorders is imperative to properly diagnose and treat
patients. To characterize voice disorders effectively, Titze2

developed a classification scheme that assigned voice signals
into three signal types based on visual interpretation of spectro-
grams. Type 1 voice signals are nearly periodic, meaning that
the generated spectrograms display clearly defined harmonics
and fundamental frequencies that appear nearly straight. Type
2 voice signals exhibit strong modulations and subharmonics.
In type 2 spectrograms, strong modulations refer to the condi-
tion where the harmonics appear undulated rather than
straight, whereas strong subharmonics refer to the presence of
subharmonic frequencies that consist of interharmonic noise
with intensities approaching the strength of the harmonics.
Type 3 signals are characterized by chaotic dynamics with a
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finite dimension. This visual classification scheme was modified
by Sprecher et al3 to include a fourth voice type, which primar-
ily exhibits stochastic noise behavior. Although spectrogram
evaluation is capable of distinguishing between the four voice
types, perceptual-based evaluation can be analytically ineffi-
cient and inconsistent at times due to its arbitrary nature as
well as discrepancies in internal definitions, experience, and rat-
ing criteria between different subjective evaluators.4−7 In
acoustic analysis research, however, perceptual spectrogram
evaluation is a useful gold standard comparison for developing
and training objective acoustical classification methods. Com-
pared to spectrogram evaluation, acoustic analysis is a more
advantageous option clinically because it is objective, easier to
comprehensively standardize, and computationally efficient.

Various linear and nonlinear acoustical analysis techniques
have been previously utilized to classify voice signals into their
respective category. Linear parameter-based perturbation anal-
ysis such as jitter and shimmer are only capable of classifying
nearly periodic type 1 voice signals.3 These measurements are
deduced from calculations of the fundamental frequency and
peak amplitude of each phonatory cycle; however, when pho-
nation is characterized by substantial aperiodicity, jitter and
shimmer are unable to produce accurate estimates. Therefore,
jitter and shimmer are unreliable metrics for the analysis of
type 2, type 3, and type 4 voice signals.3

On the contrary, nonlinear dynamic measurements have been
shown to effectively quantify the differences between normal
and irregular phonations. These methods include Kolmogorov
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entropy, correlation dimension (D2), and largest Lyapunov
exponent.8−11 Kolmogorov entropy describes the rate of infor-
mation loss in a dynamic system.10 D2 was first applied in the
field of voice acoustics to analyze the dimensionality of cries pro-
duced by newborn infants,12 and it represents the number of
degrees of freedom required to describe the complexity of a sys-
tem. Lyapunov exponents are used to characterize the average
exponential rates of divergence or convergence of infinitesimally
close orbitals in phase space of a dynamical system.11 However,
when the self-similarity property of a signal is destroyed by
noise, for example, by aspiration due to turbulence in the vocal
tract, these nonlinear methods fail to accurately identify voice
type. Consequently, none of the aforementioned parameters are
reliable objective measurements for the classification of all four
types of voice signals.1,13,14

To differentiate more effectively between all four types of
voice signals, Lin et al15 and Calawerts et al16 introduced spec-
trum convergence ratio (SCR) and rate of divergence (ROD),
respectively. SCR uses short-time Fourier transform to quantify
the convergence of 250 generated segments for each voice signal.
Briefly, a time series obtained from a voice signal is segmented
by a windowing function that moves along the time axis. The
window size determines the number of sampled points and is
generally set to 0.012 seconds to generate 250 constituent seg-
ments for each signal. Then Fourier transformations (FTs) are
performed for each of the 250 segments. Discrete short-time
Fourier transforms are commonly used to analyze discrete seg-
ments from time series to determine changes in frequency across
the entire signal. The SCR can then be defined to quantify the
similarity, or convergence, of constituent frequencies across the
segments composing a signal. The SCR relies on the assumption
that periodic voice signals are composed of extremely similar
frequency segments, whereas aperiodic voice signals contain
considerably dissimilar segments; however, the SCR can be
insensitive to small frequency changes in voice signals due to
inadequate frequency resolution, resulting in computational
errors. The ROD utilizes a modifiedWolf algorithm to calculate
Lyapunov exponents, but when large amounts of noise are pres-
ent in the signal, ROD analysis breaks down.15,16

Additionally, investigating the relationship between nonlin-
ear dynamic analysis and subjectively perceived voice features
is crucial to further elucidating the applicability of these param-
eters. Roughness, breathiness, strain, and overall dysphonia
severity are common auditory-perceptual features of voice that
previous studies have attempted to correlate with the results of
objective acoustic analysis.17 Perceptions of phonation breathi-
ness and roughness are often due to turbulent airflow stemming
from incomplete glottal closures and abnormal vocal fold mus-
cle tension and mucosal membrane elasticity, respectively.17,18

The resulting phonatory signals are characterized by substan-
tial aperiodicity, but, in theory, should be quantifiable bymeas-
ures of periodicity, such as nonlinear dynamic analyses.
Previously, research involving cepstral-based acoustic meas-
ures has indicated that cepstral peak prominence (CPP) is cor-
related with perceived overall dysphonia severity, breathiness,
and strain19; however, a weaker correlation exists between
CPP and phonatory roughness.18 Poor correlations with
roughness suggest that the perception of roughness may not be
intrinsically related to changes in periodicity, but rather an
entirely different aspect of voice signals. On the contrary, fewer
studies have focused on elucidating the relationship between
nonlinear dynamic analysis and the subjective perception of
voice features. Moderate strength correlations have been dem-
onstrated between overall dysphonia severity and the nonlinear
parameters of D213 and Lyapunov exponents.20 However,
future investigations are warranted to illuminate the correla-
tional relationship between nonlinear dynamic metrics and the
perceived voice features of roughness, breathiness, and strain.

In this paper, a nonlinear energy difference ratio (NEDR)
is presented to identify and distinguish between all four voice
signal types. In signal processing, FTs are employed to
decompose time signals into their constituent frequencies.
The energy of a signal can then be calculated through sum-
mation of the spectral energies of the frequency components
according to Parseval theorem.21 Based on a nonlinear
weighted method, which has been widely used in sensor net-
works and image processing, the proposed method applies
the derivative of instantaneous frequency (IF) to establish an
iterative algorithm for spectral energy variation calcula-
tion.22−25 The employed nonlinear weighted function utilizes
a moving window to weigh local data points based on their
relative position to the nth data point, with data points in
close proximity to the nth data point weighted more heavily.
Much like weights can be incorporated into a sample mean
to form a weighted mean, the data points surrounding the
nth data point of interest are more heavily weighed to
improve the accuracy of spectral energy distribution calcula-
tion, as well as augment the overall energy resolution.

NEDR is designed to characterize the time-varying features
of nonstationary signals. Accordingly, a signal that displays
strong periodicity (type 1) exhibits stable spectral energy distri-
bution. Whereas, if a signal is breathy or aperiodic (types 3 and
4), the spectral energy distribution can vary considerably. We
defined NEDR to quantify this spectral energy variation and
classify voice signals into one of the four corresponding voice
type categories. The efficacy of the proposed method is demon-
strated by comparison with SCR and ROD.
METHODS

Iterative algorithm for voice types classification
An iteration step is adopted to obtain the spectral energy distri-
bution of a voice signal x, x ¼ ½x1; x2 . . . xN �, and N= fs£ t is
the number of sample data points used in the calculation, fs
and t are sampling frequency and time length of x, respectively.
Figure 1 provides a visual flow chart of the sequential steps
taken for computation of the NEDR.

At the i+1 step, a square matrixXi+1 is as follows:

Xiþ1 ¼

Yiþ1
1;1 Yiþ1
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FIGURE1. Flow chart demonstrating the computational steps involved in calculating the nonlinear energy difference ratio (NEDR). First, an i
+1 square matrix is constructed by calculating a nonlinear weighted function (Yi+1) from voice signal time series data x, where x ¼ ½x1; x2 . . . xN �.
Second, Fourier transformations (FT) were performed to decompose the voice signal into the frequency domain and obtain spectral energy and fre-
quency distributions. Next, the nonlinear weight parameter (Ci+1) is calculated to determine if the algorithm should stop and proceed to computa-
tion of the NEDR or perform subsequent iterations of the previous steps to improve accuracy. The stop criterion compares the difference between
the value of the nonlinear weight parameter in the current iteration (Ci+1) with the nonlinear weight parameter from the previous iteration (Ci). If
the stop criterion is satisfied, then the iterative algorithm is stopped and the NEDR is calculated. The entire computational process of NEDR calcu-
lation for one voice sample takes approximately 20 seconds to complete.
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where
Yiþ1
m;n ¼ xðnþQÞ�H�ej2pðCi

n=2ÞðtnþQ�tnÞ2 m ¼ remðN þQ;NÞ þ 1

0 else
m; n ¼ 1; 2; . . . ;N;

(
ð2Þ



TABLE1.
Subject Characteristics

Voice

Type

Number of

Samples

Age in

Years Gender

1 34 36.7 (19−81) 9men

23women

2 35 38.8 (17−73) 6men

11women

3 42 43.5 (18−80) 14men

16women

4 24 62.5 (40−93) 5men

9women

Notes: age and gender information is displayed for the 93 voice samples for

which patient information was provided. Forty-two of the voice samples

included in this study did not have diagnostic or patient information pro-

vided by KayPENTAX. Age is displayed asmean age (age range).
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H ¼ realðMÞ�j�imagðMÞ; ð3Þ

M ¼ WðP=2þQþ 1Þ; ð4Þ
where Q ¼ ½�minð½roundðN=2Þ�1;P=2; n�1�Þ . . .minð½round
ðN=2Þ�1;P=2;N�n�Þ� , the tn=n/fs is the nth time point, the
W ¼ ½W1;W2; . . .WP� stands for a window function, the P is
the window length used, rem(N+Q,N) is the remainder
after division of N+Q by N, real(�) and imag(�) define the
real and imaginary parts of a complex number, respectively,
H�ej2pðCi

n=2ÞðtnþQ�tnÞ2 represents the nonlinear weight, and Yi+1 is
the nonlinear weighted function, as discussed earlier, of the
voice signal x in the i+1 iteration. The nonlinear weight is uti-
lized for sampling of data points in the time series
x ¼ ½x1; x2 . . . xN �. In a time series obtained from observational
voice signal data, the data points in close proximity to the data
point of interest are closely related to and provide crucial infor-
mation about the nth data point. Thus, the nonlinear weight
calculation ensures that data adjacent to the nth data point are
more heavily weighted.

The FT is used to obtain the spectral energy distribution and
frequency.

Diþ1
v;n ¼

����XN
m¼1

Yiþ1
m;n e

�jvm
����: ð5Þ

The |¢| stands for the absolute value. The frequency value
corresponding to each sample point is recorded in Fi+1. Follow-
ing the FT, a voice signal in the time domain is decomposed
into its constituent frequency components in the frequency
domain. This decomposition generates frequency data over the
course of the entire signal and, thus, to distinguish frequency
data from different parts of the signal, an arbitrary digital time
is employed. The rate at which the signal frequency changes
with respect to digital time is then designated as the derivative
of IF ( d

dn
F iþ1). The Ciþ1 ¼ ½Ciþ1

1 ;Ciþ1
2 ; . . . ;Ciþ1

N�1;C
iþ1
N�1� is a

parameter of the nonlinear weight in the i+1 iteration, Ciþ1
n is

the nth element in theCi+1.

Ciþ1 ¼ d
dn

F iþ1

� �
fs: ð6Þ

The criterion used to determine whether the algorithm
should be stopped is as follows:X

jCiþ1�Cij
N

< tol: ð7Þ

tol is a value controlling the end of the iterations. In this
paper, the tol value is 10. Specifically, Equation (7) is used to
measure the change in Ci between successive iterations, that is,
differences in the weights of successive computations of the
algorithm. To optimize computational running time, the algo-
rithm calculation is stopped if the change in Ci is small. We
have determined through pilot studies with NEDR that a tol
value of 10 operates as a suitable balance point for optimiza-
tion of computational time without compromising the accu-
racy of the spectral energy distribution calculation. Therefore,
a tol value of 10 was determined to be sufficient for the pur-
poses of this study.

The NEDR is defined to quantify variation in the spectral
energy distribution across time. The NEDR can be calculated
when the stop criterion is reached:

NEDR ¼

XN
n¼1

maxðDP
v;nÞ�minðDP

v;nÞ

N
; ð8Þ

the Dp
v;n is the value of D

i
v;n when the stop criterion is reached.

In this paper, the C0 ¼ ½0; 0; . . . 0�. Based on the mathematical
equations discussed earlier, a custom MATLAB R2017a
(MathWorks Natick, MA) program was created for NEDR
calculation.
Voice selection
One hundred thirty-five samples of the vowel /a/ were ran-
domly selected and analyzed from the Disordered Voice
Database Model 4337 KayPENTAX (Lincoln Park, NJ).
The methodology employed for collecting the patient
voice data in the KayPENTAX database was standard-
ized for all voice recordings. The voice samples were
recorded by a condenser microphone located 15 cm away
from the subjects’ mouths in a sound-attenuated booth.
The subjects phonated a sustained /a/ vowel into the
microphone for one second and were recorded using a
sampling frequency of 44.1 kHz. Once the voice record-
ings were randomly selected from the database, the sam-
ples were cut to a length of 0.75 second to match the
signal length input requirements of the custom MATLAB
algorithms employed in this study. The 0.75-second seg-
ments were selected based on visual inspection and sub-
jective determination of the most stable segment of the
voice waveform, excluding vocal onset and offset. All
samples used in analysis were recorded from different
subjects. Summary characteristics for the samples used in
analysis are displayed in Table 1.
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Spectrogram analysis
A Hamming window shape was used to generate narrowband
spectrograms for each voice sample. A window length of
50milliseconds, time step of 0.002 second, frequency step of
5Hz, and dynamic range of 40dB were utilized for the creation
of each spectrogram. The spectrograms generated for the voice
samples were then individually categorized into their respective
voice types based on the classification system presented in
Sprecher et al.3 Three previously employed researchers trained
in acoustic phonetics and spectral analysis performed the spec-
trogram analysis task by assigning a subjectively determined
voice type to each of the 135 voice samples. The researchers
were blinded and the spectrograms were randomized for each
voice sample. If all three of the researchers’ spectrogram ratings
were not equivalent, the spectrograms with conflicting ratings
were rerandomized and the researchers were tasked with per-
forming spectrogram analysis on this subset of spectrograms a
second time. After a second round of individual spectrogram
classifications, all spectrograms that still were given incongru-
ent ratings were then subjectively analyzed by the three
researchers in conjunction. Samples that were atypical repre-
sentations of the voice types or classifications that were unable
to be agreed upon by all three of the researchers after group dis-
cussion were excluded from analysis. This process was used to
ensure that incorrect subjective classification of the voice sam-
ples was minimized.

Due to inter-rater and intrarater reliability statistics not
being performed during initial spectrogram analysis, we
enlisted and trained two laboratory researchers to individually
classify a randomly selected subset of 30 of the 135 total voice
spectrograms that were used in this study. A spectrogram sam-
ple size of 30 was determined large enough to produce an accu-
rate approximation of the inter- and intrarater reliability of the
spectrogram analysis paradigm used in this study. Training for
the spectrogram evaluation task was identical to the training
completed by the three previously employed researchers and
consisted of one session of preliminary instruction outlining
the basic definitions and characteristics of the four different
voice type spectrograms as described in Sprecher et al.3 Briefly,
type 1 spectrograms exhibit strong periodicity, clearly defined
and straight harmonics, and minimal interharmonic noise.
Type 2 spectrograms display harmonic modulations, bifurca-
tions, and subharmonic frequencies. Type 3 spectrograms are
characterized by diffuse energy smearing that obscures the har-
monic frequencies above 1500Hz. Type 4 spectrograms often
do not have a clearly defined fundamental frequency and con-
tain a more pervasive smearing of energy across frequencies
relative to type 3 spectrograms.

The spectrogram classification results from the two trained
researchers were compared to assess classification reliability
among different judges. Additionally, 10 of the 30 spectro-
grams were repeated during subjective evaluation to determine
intrarater consistency. Results from the inter-rater reliability
assessment indicated that the perceptual designations made by
the two trained judges agreed for 90% (27/30) of the spectro-
gram classifications. Similarly, the results of the intrarater reli-
ability assessment indicated a 95% (19/20) combined accuracy
for the two judges. These results indicate a high level of classifi-
cation agreement within and between judges following spectro-
gram analysis training. The classification consistency exhibited
in spectrogram analysis was considered adequate for the pur-
poses of this study.
Statistical analysis
To compare the results of NEDR with SCR and ROD, calcu-
lations of standard deviation within each voice type, one-way
analysis of variance (ANOVA) between different voice types,
and a multiclass receiver operating characteristic (ROC) curve
for each method were performed. Subsequently, area under the
curve (AUC) and 95% confidence interval (CI) values were cal-
culated to compare the classification performances of each
method. If the ANOVA was significant (P<0.001), pairwise
t tests were performed to discern which groups possessed signif-
icantly different mean values. A d-prime statistic was utilized to
analyze the effect sizes between the means of the voice types.
Effect sizes measure and quantify the difference or separation
between two group means, and a larger effect size indicates a
more robust difference between the mean values of two
groups.26 Generally, a d-prime value greater than 0.8 is consid-
ered to indicate a large size effect. Scatter plots and box plots
were generated to depict the data.

The amplitudes of the data distribution curves for NEDR,
SCR, and ROD displayed in Figures 1−3 were normalized
and smoothed to allow for clear comparisons between the loca-
tions of the distribution curves that correspond to each of the
four voice types.
RESULTS

Voice type classification
As shown in Figure 2, the NEDR values increased as voice
type increased. The NEDR values within the same voice type
fluctuated within a narrow range around the mean, demon-
strating the stability of the proposed method for an individual
voice type (Figure 2). Compared with SCR and ROD, the
location of the normalized distribution curves of NEDR for
each voice type exhibited reduced overlap.

Figures 3 and 4 demonstrate that the results of SCR and
ROD analysis within the same voice type exhibited increased
variability and deviation from the mean value. The data distri-
bution curves of SCR and ROD values for each voice type can
be visualized in Figures 3 and 4, respectively. The SCR and
ROD values exhibited greater scattering away from the mean
for each voice type relative to NEDR, which is evident from
the greater degree of overlapping between the voice type distri-
bution curves. SCR values decreased with increasing voice
type, whereas ROD values increased.
One-way ANOVA
One-way ANOVA results showed that significant differences
existed between the means of the voice types for all three nonlin-
ear methods. Results from the pairwise t tests and d-prime anal-
yses for NEDR, SCR, and ROD are displayed in Tables 2−4,



FIGURE2. The nonlinear energy difference ratio (NEDR) values and normalized data distribution for different voice types from 135 recorded
voice samples. The data corresponding to each of the four voice types are represented by a specific shape and color. Mean NEDR values are
depicted as lines on the scatter plot. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of
this article.)
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respectively. NEDR was the only metric that yielded significant
mean differences (P<0.001) and substantial effect sizes
(D’>0.8) between the means of all four voice type groups,
which can be seen in Table 2 and visualized in Figure 5A.

SCR analysis yielded significant differences for type 1 versus
type 3, type 1 versus type 4, type 2 versus type 4, and type 3 ver-
sus type 4, but no significant differences for the remaining
pairs. Additionally, d-prime statistical analysis indicated sub-
stantial size effects between the mean values of type 1 versus
type 4, type 2 versus type 4, and type 3 versus type 4, but
TABLE2.
NEDR Comparisons BetweenGroups

Comparison P D’

Type 1 vs. type 2 <0.001 1.56

Type 1 vs. type 3 <0.001 2.50

Type 1 vs. type 4 <0.001 2.46

Type 2 vs. type 3 <0.001 1.25

Type 2 vs. type 4 <0.001 1.92

Type 3 vs. type 4 <0.001 1.25

Note: pairwise t tests and d-prime statistics were used to analyze if NEDR

was effective at distinguishing between the four voice types.

Abbreviation: NEDR, nonlinear energy difference ratio.
exhibited moderate to small effect sizes for the remaining com-
parisons (Figure 5B and Table 3).

The primary limitation of the ROD method was observed
overlapping between the ROD values of type 1, type 2, and
type 3 voices (Figure 5C). ROD analysis yielded significant dif-
ferences for all pairwise comparisons except type 2 versus type
3; however, d-prime statistical analysis revealed that substan-
tial effect sizes were only found for type 1 versus type 3, type
1 versus type 4, type 2 versus type 4, and type 3 versus type
4 comparisons (Table 4).
TABLE3.
SCR Comparisons BetweenGroups

Comparison P D’

Type 1 vs. type 2 0.110 0.19

Type 1 vs. type 3 <0.001 0.54

Type 1 vs. type 4 <0.001 2.14

Type 2 vs. type 3 0.006 0.38

Type 2 vs. type 4 <0.001 1.87

Type 3 vs. type 4 <0.001 0.95

Note: pairwise t tests and d-prime statistics were used to analyze if SCR was

effective at distinguishing between the four voice types.

Abbreviation: SCR, spectrum convergence ratio.



FIGURE3. The spectrum convergence ratio (SCR) values and normalized data distribution for different voice types from 135 recorded voice
samples. The data corresponding to each of the four voice types are represented by a specific shape and color. Mean SCR values are depicted as
lines on the scatter plot. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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ROC
One hundred thirty-five samples were utilized to construct mul-
ticlass ROC curves for each method (Figure 6). The four clas-
ses used to determine classification efficacy were the type 1 and
type 2 voice samples, type 2 and type 3 voice samples, type 3
and type 4 voice samples, and type 4 voice samples compared
to the other three voice type samples. The calculated AUC and
95% CI values for NEDR, SCR, and ROD are displayed in
Table 5. For all classification conditions analyzed, NEDR
exhibited the largest AUC relative to SCR and ROD. To
provide a single metric for comparison between different
TABLE4.
ROD Comparisons BetweenGroups

Comparison P D’

Type 1 vs. type 2 <0.001 0.49

Type 1 vs. type 3 <0.001 0.81

Type 1 vs. type 4 <0.001 2.33

Type 2 vs. type 3 0.030 0.31

Type 2 vs. type 4 <0.001 1.53

Type 3 vs. type 4 <0.001 1.09

Note: pairwise t tests and d-prime statistics were used to analyze if RODwas

effective at distinguishing between the four voice types.

Abbreviation: ROD, rate of divergence.
classification methods, the four AUC values for each method
were averaged to generate a mean AUC value. The mean
AUCs and 95% CIs were 0.99 (0.96−1.0), 0.80 (0.70−0.88),
and 0.83 (0.73−0.90) for NEDR, SCR and ROD, respectively.
DISCUSSION
In this paper, the proposed method of NEDR was compared
with the current nonlinear metrics of SCR and ROD. SCR
analysis was effective in quantifying type 4, but failed to accu-
rately distinguish between type 1 and type 2 voice. The ROD
method had limited capabilities in classifying type 1, type 2,
and type 3 voice signals. Only NEDR demonstrated compre-
hensive classification of all four voice types effectively.

Figure 2 demonstrates that the obtained NEDR data for
each voice type were highly localized to discrete ranges of
NEDRvalues that, consequently, yielded significantly different
means and large effect sizes between the voice types. Contrast-
ingly, increased variability and fluctuations in the SCR and
ROD values obtained within and between each voice type
(Figure 3 and Figure 4, respectively) indicated that these two
metrics might be unreliable for accurately differentiating
between all four voice types. Construction of multiclass ROC
curves and calculated AUC values allowed for a direct com-
parison of overall classifier performance between the methods
(Figure 6). NEDR exhibited the greatest mean AUC value



FIGURE4. The rate of divergence (ROD) values and normalized data distribution for different voice types from 135 recorded voice samples. The
data corresponding to each of the four voice types are represented by a specific shape and color.MeanROD values are depicted as lines on the scat-
ter plot. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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(0.99 [0.96−1.0]) and, consequently, demonstrated the most
robust classification efficacy of the methods analyzed.

Determination of voice type from acoustic output provides a
noninvasive, objective tool that can enable clinicians to obtain
quantitative data pertaining to functional voice production.
Rabiner and Schafer27 explained a model of voice production
where vocal fold vibrations generate a quasiperiodic excitation
signal in the vocal tract, which comprises most of the energy in
a voice signal. Recently, this traditional voice production
model has been modified to incorporate the four-voice type
scheme. Voice type signals 1, 2, and 3 comprise the low-dimen-
sional vibratory system and are produced by periodic and
TABLE5.
AUCValues and 95%CIs for NEDR, SCR, and RODObtained From

Comparison NEDR

Type 1 and type 2 0.99 (0.96−1.0)
Type 2 and type 3 0.99 (0.94−1.0)
Type 3 and type 4 0.99 (0.95−1.0)
Type 4 and all others 0.99 (0.99−1.0)
Average 0.99 (0.96−1.0)
Note: results are presented asAUC (95%CI).

Abbreviations: AUC, area under the curve; CI, confidence interval; NEDR, nonlinear en

gence; SCR, spectrum convergence ratio.
chaotic vibrations of the vocal folds, whereas type 4 voice sig-
nals originate from nonlinear stress-strain interaction of vocal
fold collisions and tissues and the resulting turbulent airflow
through the vocal tract.11,28,29 Although all voice signals con-
tain some degree of infinitely dimensional noise due to turbu-
lence, the stochastic noise component of type 4 signals is strong
and pervasive; as a result, stochastic noise dominates over low-
dimensional components. Investigation of the functional differ-
ences between type 3 and 4 voices is clinically relevant because
it can generate insight into the fundamental airflow dynamics
and biomechanical interactions present in disordered phona-
tion. Thus, differentiation between type 3 and 4 voice types can
Multiclass ROCAnalysis

SCR ROD

0.59 (0.45−0.72) 0.74 (0.63−0.85)
0.72 (0.59−0.83) 0.68 (0.54−0.79)
0.92 (0.83−0.97) 0.93 (0.83−0.97)
0.97 (0.93−0.99) 0.96 (0.92−0.99)
0.80 (0.70−0.88) 0.83 (0.73−0.90)

ergy difference ratio; ROC, receiver operating characteristic; ROD, rate of diver-



FIGURE5. Box-and-whisker plots of (A) nonlinear energy difference ratio (NEDR) of all four voice types, (B) spectrum convergence ratio (SCR)
of all four voice types, and (C) rate of divergence (ROD) of all four voice types. Voice type is designated along the x-axis. Boxes represent interquar-
tile ranges. Median values are indicated by the solid red lines. The red pluses represent outliers. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)
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provide valuable acoustic information leading to further inves-
tigations into the functional and morphological abnormalities
inherent in disordered voice production.

Nonlinear phenomena in voice production are not only
observed in disordered voice, but also in normal, nonpatholog-
ical aspects of speech. Although current research is focused on
classifying voices into discrete signal type categories, in reality,
human phonation is not static, but rather exhibits nonstation-
ary behavior and is comprised of varying degrees of periodic
and aperiodic components. Thus, voice production is fre-
quently modeled and thought of as a series of nonlinear cou-
pled oscillators that generate complex, nonlinear phenomena
such as subharmonic frequencies, period doubling bifurcations,
toroidal representations in phase space, and chaotic vibra-
tions.30−32 Even strongly periodic type 1 voice signals display
evidence of low-dimensional chaotic characteristics.30 The
extent to which nonlinear phenomena and chaotic vibratory
patterns predominate over periodic components governs the
overall dynamics and characteristics of the voice signal.
Accordingly, previous studies have demonstrated that nonlin-
ear phenomena in normal voice production can be employed
to augment artistic individuality by musical performers and
reinforce social groups.31,33 Specifically, the vocal fry register is
perceptually characterized as an aperiodic phonation with a
lower pitch and creaky phonation aspect that has gained popu-
larity with female adolescent populations. Acoustically, vocal
fry exhibits considerable aperiodicity in both signal duration
and amplitude. However, vocal fry is not considered a voice
disorder, but rather a typical component of normal voice pro-
duction. Similarly, acoustic analysis of vocalized singing has
indicated that musical performers can induce various nonlinear
vocal phenomena, such as sonorities, subharmonics, biphona-
tions, and chaos. By definition, the four voice type paradigm
simply represents descriptive classes of common voice signal
characteristics. Vocal fry and musical vocalizations contain
nonlinear signal components that pertain to characteristics of



FIGURE6. ROC plots for classifier performance comparison. (A) Nonlinear energy difference ratio (NEDR), (B) spectrum convergence ratio
(SCR), (C) rate of divergence (ROD).
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type 3 and 4 voice; however, a type 3 or 4 designation in this
case does not necessarily suggest that the signal represents dis-
ordered phonation. Rather, it implies that the signal has certain
spectral characteristics indicating that chaotic or stochastic
components govern the signal dynamics. Thus, certain voice
production styles can be characterized by substantial chaos
and aperiodicity; however, spectral disorder does not necessar-
ily always indicate underlying pathology.

Although the classification efficacy of NEDR in the current
study is promising, limitations of this nonlinear method will
need to be addressed in future research. As previously dis-
cussed, the spectral energy distribution of predominantly peri-
odic signals exhibits stable energy distribution, whereas the
spectral energy distribution of breathy, aperiodic signals is
characterized by considerable variation. Other recording fac-
tors that influence spectral energy distribution include environ-
mental noise, which can degrade recorded voice signal
quality,34 as well as intra- and intersubject variation in loudness
and pitch. Generally, noise in recorded voice samples can be
distinguished as either stationary noise, or constant environ-
mental noise, or nonstationary noise, such as background
sounds in the clinical or research setting that vary
unpredictably during the recording process. Filtering station-
ary noise from recorded speech is not difficult to accomplish;
however, nonstationary noise within the frequency range of
human phonation can be much more problematic to filter. As
such, nonstationary background noise can potentially augment
the variation in spectral energy distribution, which would artifi-
cially inflate the calculated NEDR value. In the current study,
the obtained voice samples were recorded in a sound-proof
booth, which might not be representative of recording condi-
tions in clinical offices. Additionally, the various frequencies
and amplitudes composing a voice signal contribute to the sig-
nal energy; thus, intra- and intersubject variability in loudness
and pitch during voice recording is expected to impact the spec-
tral energy distribution as well. Currently, it is common in
acoustical analysis research for subjects to phonate at a self-
determined comfortable loudness and pitch,35 which makes
investigating the effect that loudness and pitch have on voice
classification rather ambiguous. Future studies will need to
examine the effect that recording voices in a variety of environ-
ments, such as in quiet and noisy office settings, as well as intra-
and intersubject variability in loudness and pitch has on
NEDR output and classification.
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Another potential limitation of the current study is that
NEDRwas only applied for analysis of the sustained /a/ vowel.
Acoustic analysis currently utilizes recording of multiple sus-
tained vowels (/a/, /e/, /i/, and /u/).36,37 Articulation of different
vowels necessitates several physical alterations including differ-
ing tongue and laryngeal cartilage positions, glottal areas, and
vocal fold tensions. Previous studies investigating the effect of
vowel selection on the computational output of traditional
acoustic analysis parameters have observed varying results.
The findings of some studies have indicated that lower values
of jitter and shimmer were observed in higher vowels,38

whereas other studies observed the contrary.39,40 Regarding
the effect of vowel selection on the computation of NEDR, the
maximum and minimum spectral energy values that are spe-
cific to low and high vowel waveforms differ to some degree
and, therefore, future studies should focus on investigating and
establishing voice type boundary values for different vowels.
However, the classification performance of NEDR, relative to
SCR and ROD, is not expected to deteriorate when analyzing
different sustained vowels.

Unlike sustained vowels, connected speech comprised char-
acteristics such as speaking rate, dialect, intonation, and articu-
lation, and more closely resembles the dynamic aspects of
normal speech.41 However, extending the application of acous-
tic analysis to connected speech has proven difficult because
traditional perturbation methods are adversely affected by
inconsistencies in pitch and loudness, noise stemming from the
consonants, and shorter vowel lengths. Zhang and Jiang42

investigated the acoustic characteristics of sustained and run-
ning vowels from normal and disordered subjects and sug-
gested that traditional perturbation parameters, such as jitter
and shimmer, might not be appropriate for the analysis of con-
nected speech. In contrast, cepstral measures, including CPP,
are not predicated on frequency tracking and have been shown
to be capable for analysis of connected speech.43 Similarly,
studies have also demonstrated that nonlinear dynamic meth-
odology can be applied for analysis of running vowels and fric-
ative consonants.42,44 An assessment of the capability of
NEDR for analysis of the phonatory characteristics of con-
nected speech is necessary to determine the sensitivity of
NEDR to these vocal conditions and tasks.

Experimental results demonstrated that the proposed
method has a direct relationship with voice type. The NEDR
values were lowest in type 1 voice signals and increased with
voice signal type, which is a consequence of increasing interfer-
ence in the voice signal. The computational time for the custom
MATLAB program to calculate NEDR was approximately
20 seconds for each voice sample. For the purposes of this
research, NEDR demonstrated proficiency in producing virtu-
ally instantaneous data. Although the NEDR calculation is
efficient, other aspects of acoustic analysis research involved in
this study, such as visual classification of spectrograms, are still
rather tedious. Future studies will focus on creating NEDR
voice type value boundaries to eliminate the inefficiencies of
spectrogram classification and for optimization of real-time
classification of observational voice data. In conclusion, the
proposed NEDR parameter serves as an effective technique to
quantify the broad spectral energy differences introduced by
interference in voice signals.
CONCLUSION
In summary, the NEDR is a nonlinear weighted method based
on the derivative of IF that generates an iterative algorithm for
calculation of spectral energy variation in a signal. The normal-
ized data distributions of NEDR values fromwithin each voice
type exhibited reduced variability and fluctuation when com-
pared with SCR and ROD. Subsequently, one-way ANOVA,
pairwise t test, and d-prime statistical analyses revealed that
NEDR produced the most significant difference between the
means of each voice type. Accordingly, ROC and AUC analy-
sis demonstrated the proficiency of the proposed method in
voice type classification of all four types of voice signals. Future
studies could utilize NEDR to analyze the spectral energy dif-
ferences present in common voice disorders and then generate
boundaries of NEDR values where specific voice disorders typ-
ically are observed.

Currently, the utility of acoustic analysis in clinical practice
is limited by deficiencies in the computational speed and accu-
racy of objective parameters; however, the results of this study
suggest that NEDRmight offer a solution to the shortcomings
of previous methods. The computation of NEDR approxi-
mately occurred in real-time, constituting a substantial
improvement over the laborious and time-intensive require-
ments of previous nonlinear methods. The NEDR could assist
clinicians in obtaining additional acoustical information, which
may lead to superior treatment for individuals suffering from
voice disorders. Furthermore, by measuring NEDR changes
over the course of treatment interventions, quantitative evalua-
tion of treatment and disease progression is possible.
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