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ABSTRACT 

Several hypotheses have been formulated as a result 
of observing spectrograms of the audio signals of the 
newborn infant cry in numerous studies. Our study is 
based on a few of these hypotheses. The purpose of 
this article is to differentiate pathological crying from 
healthy crying through acoustic cry analysis based on 
neurophysiological parameters of newborns. The 
automatic estimation of the characteristics of relevant 
cry signals, such as phonation, hyperphonation, and 
dysphonation, expressed as percentages, as well as 
unvoiced sound and mode change percentages, have 
enabled us to distinguish among the pathologies se- 
lected for this study. The results obtained have helped 
us to make quantitative associations between cry 
characteristics and pathological conditions affecting 
newborns.  
 
Keywords: Newborn Cry; Dysphonic Cry; Noise  
Estimation 

1. INTRODUCTION 

Crying provides information on the level of functioning 
of the central nervous system (CNS), because the cry 
signal is the result of coordination among several brain 
regions that control respiration and the vocal fold vibra- 
tion from which the cry sounds are produced [1-3]. Defi- 
cits in brain functioning may affect the vagal control of 
the cry [2]. 

Newborn crying is characterized by voiced/unvoiced 
sounds and a higher fundamental frequency, F0, than 
those of adults, and by abrupt changes in frequency that 
do not occur in adults. Unvoiced sounds, or turbulences, 
are produced by forcing air through a constriction in the 
vocal tract, and voiced sounds are generated by forcing 
air through the glottis [1,4]. 

We can distinguish three cry modes of vocal fold vi- 
bration [1]: phonation, hyperphonation, and dysphona- 
tion, as defined in Section 4. By observing spectrograms 
and spectra of audio signals of cries, associations have 
been made with pathological conditions [1,5]. 

Our main goal in this study is to use cry characteristics 
to improve infant monitoring in the first days of life. 
Automatic measurement of these characteristics allows 
us to associate the most relevant characteristics with pa- 
thologies of interest, and also to extend the measurement 
to other pathologies. 

In this paper, we concentrate on the measurement of 
certain acoustic parameters of pathological and healthy 
newborn cries, particularly the percentage of dysphonic 
cries characteristic of the pathologies studied. The per- 
centages of other cry characteristics, such as phonated 
and hyperphonated cries, which were investigated in [6], 
and also of unvoiced sounds and mode changes, are es- 
timated. The principal objective of this work is to deter- 
mine the relationship between this acoustic parameter 
and the various pathologies studied. 

In order to evaluate dysphonia in healthy and patho- 
logical cries, the noise component in newborn cry signals 
must be estimated.  

Several approaches have been proposed for the esti- 
mation of noise power levels. In the context of degraded 
speech due to additive noise, the MMSE (minimum 
mean-squared error)-based noise estimator and the ACF 
(adaptive comb filtering) method have been used [7-9]. 
However, only the ACF method has been used with NNE 
(normalized noise energy) measurement for determining 
the noise component of pathological voice signals [4,10].  

In the case of the newborn, determination of the noise 
component in dysphonic cries using these two methods 
can produce an over estimation of noise. In the case of 
MMSE-based noise estimation, an initialization of 0.5 s 
with noise only is used. However, in the case of ACF, the 
overload problem caused by rapid change in fundamental  
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frequency produces undesirable results [11].  
In this paper, we present the performance of a new 

proposal based on the use of the MMSE and ACF meth- 
ods to estimate the amount of noise present in the cries of 
newborns, and also to determine the percentage of dys- 
phonia in healthy and pathological cries. We used the 
MMSE-based noise estimator combined with the ACF 
method to initialize noise estimation. 

This paper is organised as follows. We first present a 
broad definition of dysphonation in the newborn cry in 
Section 2, and the database used in this work in Section 3. 
We then explain our methodology for the automatic es- 
timation of the percentage of dysphonation in healthy 
and pathological cries of newborns, and that for other 
relevant characteristics in Section 4. In Section 5, we 
address dysphonation estimation in newborn cries. We 
review NNE acoustic measurement in Section 5, and dis- 
cuss the implementation of MMSE-based noise estima- 
tion adapted to newborn cries using the ACF-based noise 
estimator for initialization of the estimation. An analysis 
of our results is presented in Section 6, and our conclu- 
sions are provided in Section 7. 

2. DYSPHONIC CRY 

In the literature, dysphonia is considered a functional 
voice disorder affecting the respiratory, cervical, costal, 
and abdominal muscles [12]. The level of dysphonia is 
measured by the amount of turbulent noise present, or by 
parameters (timbre, intensity, and pitch) that deviate from 
the normal [13]. 

The dysphonic cry is the product of a portion of the 
expiratory phase of the respiratory tract. It is character- 
ized by harmonics that are undefined and non equidistant 
[14], and caused by noisy or non harmonic vibration of 
the vocal folds due to unstable respiratory control [1,15]. 
Dysphonation is a cry characteristic that yields negative 
cry ratings, such as increased variability of F0 and in- 
creased hyperphonation [14]. According to [1], dyspho- 
nation and frequent mode changes between phonation 
and dysphonation are associated with prenatal insult and 
perinatal risk. The presence of one of these markers in- 
dicates poor control of the respiratory system. The au- 
thors of [14] show that the percentage of dysphonic cry- 
ing is more important than the presence or absence of 
that characteristic. 

According to [5], noise concentration is extremely rare 
in normal infant crying. Without any alteration of the 
voice organs, a healthy infant can temporarily produce 
noisy vocalization. However, a healthy infant’s cry is 
generally noiseless, compared to that of an infant with a 
pathological condition [13]. A dysphonic cry can also be 
a result of the immature innervation of the larynx. In this 
case, the cry spontaneously disappears [12,13]. The in- 
fant that cannot produce a regular cry at all is certainly  

sick [13]. A higher noise concentration has been found in 
both the voiced and voiceless signals of the cries of in- 
fants with herpes simplex virus encephalitis [2,5] and 
laryngitis, and in infants exposed to parental cocaine, 
marijuana, or alcohol use [1,2]. The dysphonic cries are 
associated with higher scores for anguish, anger, and 
urgency [14]. 

3. CRY DATABASE 

The database we used is the same as the one used in [6]. 
It contains 3396 cry samples of 1 s duration from 68 
newborn babies aged 1 day to 4 weeks. Thirty-one heal- 
thy newborns produced 1774 of the samples (764 of the 
babies were premature) and thirty-seven newborns with a 
pathological condition produced 1622 of the samples 
(1079 of the babies were premature). Table 1 shows the 
pathologies studied according to the gestational age of 
the newborns (Premature infant with less than 37 weeks 
gestation and full-term infant between 37 and 42 weeks). 
These cries were collected with the aid of medical staff 
in the Neonatology department at Saint-Justine Hospital 
in Montreal. The conditions in which the cries were reg- 
istered are: hunger, blood sampling, and diaper changing. 
The cries were registered using a small recording device 
placed 10 cm from the baby’s mouth, at a sampling rate 
of 44.1 kHz. For each baby, three recordings of 2 to 3 
minutes’ duration were made, with at least a one hour in- 
terval after each recording session (over a period of 10 
days at most). The time and date of the session; the gen- 
der and date of birth of the baby; the pathology of the 
baby; and the reason for the crying were noted for each 
 
Table 1. The pathologies studied. 

Gestational age Pathology Sample size 

Healthy 1010 

Vena cava thrombosis 77 

Meningitis 115 

Peritonitis 20 

Asphyxia 190 

Full-term newborn (t)

Lingual frenum 141 

Healthy 764 

IUGR—Microcephaly 
(intra-uterine growth 

retardation) 
78 

Tetralogy of Fallot 53 

Hyperbilirubinemia 250 

Gastroschisis 280 

IUGR—Asphyxia 
(intra-uterine growth 

retardation) 
148 

Preterm 
newborn (i) 

RDS  
(respiratory distress 

syndrome) 
270 
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crying episode.  
The spectrograms of different cry modes are shown in 

Figure 1. The phonated cry was extracted from a healthy, 
full-term newborn. The hyperphonated cry was extracted 
from a premature newborn suffering from IUGR—mi- 
crocephaly, and the dysphonated cry was extracted from 
a full-term newborn suffering from asphyxia.  

4. METHODOLOGY 

The methodology adopted for automatic estimation of 
dysphonation and for the other characteristics presented 
in Table 2 for pathological and healthy newborn cries 
using Matlab is as follows:  
 Distribution of the cry samples by pathology and by 

gestational age; 
 Noise filtering and segmentation of the recordings 

into useful and non useful portions using Praat; 
 Division of the signals into overlapping frames of 

1024 samples with 512 recovering, and multiplication 
of each frame by the Hanning window; 

 Estimation of F0 using the SIFT algorithm (simple 
inverse filtering tracking) [16,17]; 

 Estimation of spectral noise power using the MM- 
SE-based noise estimator and the ACF method for 
initializing noise estimation;  

 Calculation of NNE (normalized noise energy); 
 Identification of phonic, dysphonic, and hyperphonic 

segments, as well as unvoiced segments;  
 Calculation of the average percentage of phonic 

(APph), hyperphonic (APhyp), and dysphonic (APdys) 
segments, and the number of changes in cry mode 
(APch.mo) and the number of unvoiced segments 
(APunv).  

 

 
Figure 1. Spectrograms of different cry modes. (a) Phonation; 
(b) Hyperphonation; (c) Dysphonation. 

We followed this methodology, by pathology and by 
gestational age, using these formulas:  
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where Ntotal, Nph, Nhyp, Ndys, Nunv and Nch.mo are the total 
number of segments, the total number of phonic seg- 
ments, the total number of hyperphonic segments, the 
total number of dysphonic segments, the total number of 
unvoiced segments, and the total number of changes in 
cry mode respectively. 
 Application of ANOVA variance analysis for healthy 

and pathological cries to analyze the estimated char- 
acteristics by gestational age (full-term, preterm). 

The first three characteristics presented in Table 2 
were investigated in [6].  

5. DYSPHONATION ESTIMATION IN  
NEWBORN CRIES  

Many approaches have been proposed for evaluating the 
noise components of pathological voice signals, such as 
the harmonic-to-noise ratio (HNR) and FFT spectra me- 
thods, both of which are considered to be unhelpful for 
distinguishing a pathological voice from a normal voice 
[18]. In [10,18], the authors indicate that NNE measure- 
ment is an effective method for doing so. If an NNE 
value is under a threshold (−10 dB), the voice is regarded 
as normal, and if it is over the threshold, or equal to it, 
the voice is regarded as pathological. 

Our study is based on the hypothesis that a newborn’s 
cries are considered to be dysphonic if the NNE value is 
larger than or equal to −10 dB [19]. 

Two methods have been studied to estimate the noise 
component of healthy and pathological cry signals: 1) the 
ACF-based noise estimator; and 2) the MMSE-based 
noise estimator. However, both these methods either 

 
Table 2. Measured characteristics of cries. 

Characteristic Definition 

Fundamental 
frequency F0 

Vibration frequency (in Hz) of the vocal 
folds. 

Phonation 
Blocks of 1024 samples having an  

F0 < 750 HZ 

Hyperphonation 
Blocks of 1024 samples having an  

F0  1000 Hz. 

Dysphonation 
Blocks of 1024 samples containing noise or 

aperiodic sound. 
Number of 

changes in cry 
mode 

Number of blocks in which the cry mode 
changes between dysphonia and others 

modes. 

Unvoiced sound 
Blocks of 1024 samples having an  

F0 = 0 (no vocal fold vibration). 
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produce undesirable results, or over estimate noise in the 
case of newborn cries.  

In the first method, according to [7,11,20], overload 
problems due to rapid changes in F0 create segments on 
the cry waveform that are much shorter than neighboring 
segments. This is an issue because the filter coefficients 
are not in the same relative positions in their respective 
segments. The authors suggest turning off the coeffici- 
ents involved in the short segments, but this proposal is 
at variance with the principle of the adaptive filtering 
method [11]. 

In the second method, over estimation of the noise in 
the cry signals is caused by initialization of noise estima- 
tion in which noise is only considered in the initial 0.5 s 
of the signal, according to [21].  

To avoid this over estimation and improve noise 
tracking in the cry signal, we are using a new approach, 
based on combining the two methods: the MMSE-based 
noise estimator with an initial estimation of noise using 
the ACF-based noise estimator. This implementation is 
illustrated in the simplified block diagram in Figure 2. 

5.1. Normalized Noise Energy Estimation (NNE) 

The number of dysphonic components estimated in cry 
signals is quantified by means of NNE acoustic meas- 
urement, which, in this context, is defined as the ratio of 
the estimated noise component energy to the total cry 
energy [18]. 

The cry signal yk(n) in the kth frame is assumed to con- 
sist of periodic component xk(n) and the additive noise 
component wk(n), and is represented as follows:  

           k k ky n x n w n   

Let Y(l), X(l), and W(l) be the l-point discrete Fourier 
transform (DFT) of y(n), x(n), and w(n) respectively. 

      , 1 1024k k kY l X l W l l     
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where: N is the number of frames over the whole analy- 
sis interval of the cry. 

lH and lL are lowest and highest points of the frequency 
band where the noise energy is evaluated; and is the 
estimate of W. 

Ŵ

5.2. ACF-Based Noise Estimator 

A time variant digital ACF method was proposed by Fra- 
zier in 1975 for enhancing the intelligibility of speech 
signals degraded by the addition of competing speech 
signals or background noise [7]. This method is based on 
the observation that the waveforms of voiced sounds are  

 
Figure 2. Dysphonation estimation in 
newborn cries. 

 
periodic, with a period that corresponds to the funda- 
mental frequency F0. We have adapted this method and 
applied it to estimating the noise components of a cry 
signal. The frequency spacing of the adaptive comb filter 
varies with the estimated F0 from a cry signal, and the 
spacing of the filter coefficients is adjusted to the indi- 
vidual pitch periods [10]. 

The estimation of F0 is achieved by means of the SIFT 
method, because it is so robust [6]. 

The ACF implementation is as follows: 
The unit sample response of an adaptive comb filter 

h(n) over one pitch period is: 

    
L

k k
k L

h n a n N


   

where δ(n) is a unit sample function. 
According to [20], for a given SNR (speech-to-noise 

ratio), ACF decreases in intelligibility as the filter length 
increases, but with a length of 3 pitch periods, the intelli- 
gibility score does not decrease. For this purpose, the 
length of the filter (2L + 1 pitch periods) is on the order 
of three times the length of one pitch period, which is 
equivalent to 3072 samples, or 0.069 s.  

ak: the filter coefficients that satisfy ,   1
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obtained from the Hamming windows shape [8]:  
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Nk: updated once in every pitch period. 
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Tl: the pitch period that contains the points of the cry 
waveform that are multiplied by the filter coefficients ak. 

The output of the filter is given by x(n): 

    
L

k k
k L

x n a y n N
 

    

then, an estimated noise component is given by: 

     ŵ n y n x n   

5.3. MMSE-Based Noise Estimator 

The algorithm used to estimate the spectral density of the 
noise power is based on the minimum mean-squared 
error. The MMSE-based approaches have mainly been 
used in speech enhancement applications for reducing 
the additive non stationary noise without decreasing 
speech intelligibility [8]. According to [8], the MMSE- 
based spectral noise power estimator is much less de- 
manding and at the same time robust to increasing noise 
levels. The authors state that it has been improved by 
using a soft speech probability presence (SPP) with fixed 
priors, instead of a voice activity detector (VAD). They 
show that the SPP approach results in less overestimation 
of the spectral noise power, and even less computational 
complexity. 

The application of the MMSE-based noise estimator in 
cry signals is based on the assumption that the noise 
component of cries is more stationary than the periodic 
component signal, so the spectral noise power estimate 
of the previous frame is used for noise power ( 2

w ) esti- 
mation. In [21], a period of 0.5 s with noise only is used 
for initialization. To prevent initialization from being 
excluded from performance measurements, we use an 
ACF measure for initialization of the estimated noise in a 
period of 0.069 s, which corresponds to 3072 samples. 

In our study, we replace the SPP with a periodic com- 
ponent probability presence (PCPP). 

The MMSE implementation using the PCPP is as fol- 
lows: 

The power spectrum of the noisy signal is estimated 
on a frame-by-frame basis and observed over a time span 
of about 1 s. This is assuming that the periodic compo- 
nent xk (n) and the additive noise component wk(n) have 
zero mean and are independent. 

2
Y : cry signal, 

     2 2
   Y XE E WE 

E(.): statistical expectation operator. 
The spectral periodic component and noise power are 

defined respectively by: 

   2 22 2
E = , Ex wX W  , 

Then, the a posteriori SNR is 2 2
wY   and the a priori 

SNR is 2 2

2  

x w   . 
Assuming that both the periodic component and the 

noise DFT coefficients have a complex Gaussian distri- 
bution [21], the PCPP is obtained with Bayes’ theorem, 
assuming uniform priors  [9].   P H P H 0 1

H0: absence of the periodic component; H1: presence 
of the periodic component. 

The processing steps of the MMSE-based noise esti- 
mator are as follows: 
 Estimate the PCPP: 

    2

1
2

1 1 1 exp
1

opt
opt

optw

P
Y

H Y 






  
      

    
 

2
w : Previous noise power estimate 

 22 1ww k    

 10101log 15 dBopt  , optimal noise level fixed a priori. 

Avoid the stagnation of the noise power update due to 
an underestimated noise power: 

Recursive smoothing of the a posteriori PCPP: 

      10.9 1 0.1P k P k P H Y k    

forcing the a posteriori PCPP estimate to be lower than 
0.99: 

        1 1Min 0.99, If 0.99,P H Y k P H Y k P k 

else 

  1P H Y k   

 Estimate the noise periodgram: 

     2 2

1
2

0  wW Y Y YE P H P H Y   

   0 11P H Y P H Y   

 Obtain the noise power spectral density via recursive 
smoothing with 0.8   [8]:  

       22 2 1 1w wk k E W       Y  

6. RESULTS AND ANALYSIS 

Cry signals were classified and analyzed according to the 
type of disease afflicting the newborn and the gestational 
age of the newborn (full term, preterm).  

Figure 3 shows that there is a large difference in the 
amount of noise estimated in cry signals using the two  
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methods studied when used separately. These results con- 
firm that these methods (the MMSE-based noise estima- 
tor and the ACF-based noise estimator) produce an over 
estimation of noise for both healthy and pathological 
cries. We also deduce from these results that noise esti- 
mation in cry signals using the MMSE-based noise esti- 
mator with ACF estimation initialization provides useful 
results for distinguishing between healthy and pathologi- 
cal cries. Consequently, we use this method for dyspho- 
nation estimation in healthy and pathologic cry signals.  

OPEN ACCESS 

The complete set of characteristics given in Table 2 
was estimated for the entire database presented in Table 
1, as explained in Section 4. The average percentage of 
dysphonic segments and unvoiced segments, and the per- 
centage of mode changes by pathology are presented in 
Figure 4, and the average percentage of cry modes (dys- 
phonia, hyperphonation, and phonation) by pathology 
and gestational age are presented in Figure 5. 

Figure 4 shows that the estimated average percentages 

of dysphonic segments and unvoiced segments readily 
allow a distinction to be made between a healthy new- 
born and a sick newborn, especially for a full-term baby. 
These percentages are (17.2%, 1.84%) for meningitis, 
(25.6%, 5.13%) for vena cava thrombosis, (28.4%, 6.9%) 
for peritonitis, (36.3%, 3.1%) for lingual frenum, and 
(41.9%, 8.6%) for asphyxia respectively, compared to 
(16%, 1.3 %) for healthy cry samples.  

The results shown in Figure 4 also indicate that the 
average percentages of dysphonic segments and un- 
voiced segments in the cry samples of healthy preterm 
newborns (19%, 2.8%) respectively are higher than those 
of healthy full-term newborns. This difference may be a 
result of the immature innervation of the larynx in pre- 
term newborns. In this category of newborns, the average 
percentages of dysphonic and unvoiced segments con- 
tained in some pathological cry samples are a little 
higher, and are lower for other pathologies than those for 
healthy preterm newborns. These percentages are (23.5%, 

 

 
Figure 3. The average percentage of dysphonic segments by pathology and by measurement method. 

 

 
Figure 4. The average percentage of dysphonic and no-voice segments and the percentage of mode changes by pa- 
thology. 
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Figure 5. Distribution of cry modes (dysphonia, hyperphonation, phonation) by pathology. 

 
2.6%) for gastroschisis, (25.1%, 4.9%) for RDS (respi- 
ratory distress syndrome), (23.9%, 3.5%) for hyperbiliru- 
binemia, (26.5%, 5.7%) for IUGR—asphyxia, (11.4%, 
0.9%) for the tetralogy of Fallot, and (14.5%, 3.6%) for 
IUGR—microcephaly respectively.  

Concerning the mode-change characteristic, Figure 4 
shows that this characteristic varies from one pathologi- 
cal condition to another, and are dependent on gesta- 
tional age. The percentages we found for full-term new- 
born cries are (4.1%) in meningitis, (4.9%) in vena cava 
thrombosis, (4%) in peritonitis, (7.7%) in lingual frenum, 
and (7.3%) in asphyxia, while it was (4.9%) for healthy 
cry samples. For preterm newborns, the average mode 
change percentages were as follows: (5.7%) for gastro- 
schisis, (6%) for RDS, (6.3%) for hyperbilirubinemia, 
(5.5%) for IUGR—asphyxia, (4.7%) for the tetralogy of 
Fallot, and (6%) for IUGR—microcephaly, while it was 
(4.8%) for healthy cry samples. 

We performed ANOVA variance analysis for healthy 
and pathological cries to compare the behavior of the es- 
timated characteristics (percentage of dysphonic and no- 
voice segments, and of mode changes of cries) with re- 
spect to gestational age (full-term, preterm). We note 
from the results in Table 3 that there is significant statis- 
tical difference (F = 9.710, p < 0.05) between the average 
percentage of no-voice segments of healthy premature 
cries and that of full-term healthy cries, and also between 
the average percentage of mode changes in healthy pre- 
mature cries and that of full-term healthy cries (F = 
31.300, p < 0.05). For all other cases, no significant dif- 
ference was found by gestational age. We can conclude 
that the percentage of no-voice segments and mode 
changes is dependent on gestational age for healthy cries, 
and that these characteristics are not dependent on gesta- 
tional age, but on the pathology itself for pathological 
cries. The percentage of dysphonia is not dependent on 
gestational age in either healthy or pathological cries. 

The distribution of cry modes (dysphonation, hyper- 

phonation, and phonation) by pathology and by gesta- 
tional age that we show in Figure 5 is designed to pro- 
vide a better characterization of pathological and healthy 
cries. The results of this study show (Figures 4 and 5) 
that the cries of healthy full-term infants are phonic cries. 
Those of an infant with meningitis are slightly more hy- 
perphonic and dysphonic. Those of an infant with vena 
cava thrombosis or peritonitis contain more hyperphona- 
tion, dysphonation, and no-voice segments than the cries 
of a healthy infant. Those of an infant with lingual fre- 
num present with more hyperphonation and dysphona- 
tion, and more mode changes. The highest average per- 
centages of all the estimated characteristics are found in 
the cries of an infant with asphyxia. In the preterm new- 
born category, we found that the cries of an infant with 
IUGR—microcephaly are characterized by more hyper- 
phonic and fewer dysphonic segments than those of a 
healthy preterm newborn. The cries of an infant with 
gastroschisis are more hyperphonic and dysphonic, and 
have more mode changes than the cries of a healthy in- 
fant. We also found that the percentages of all the esti- 
mated characteristics are higher in cry signals related to 
the following pathologies: RDS, hyperbilirubinemia, 
IUGR—asphyxia compared to healthy preterm cries.  In 
contrast, the percentages of all the estimated characteris- 
tics are lower in the cries of an infant with the tetralogy 
of Fallot. 

The calculation of the standard deviation for estimated 
characteristics by pathologies is shown in Figure 6. The 
results indicate a large dispersion for measured dys- 
phonic segments in healthy preterm newborn, hyper- 
bilirubinemia, asphyxia, Peritonitis, IUGR—asphyxia 
diseases. The best estimation of dysphonic segments is 
found in the case of healthy full-term, Vena cava throm- 
bosis, Lingual frenum and meningitis diseases. For no- 
voice segments estimation, the large dispersion is found 
in the case of asphyxia, Peritonitis, IUGR—asphyxia, 
IUGR—microcephaly and RDS. The best estimation of 
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Table 3. Analysis of variance (ANOVA) according to gesta- 
tional age. 

Healthy Pathological 
Characteristics 

F p F p 

% Dysphonia 3.710 0.054 3.573 0.091 

% No-voice 9.710 0.002 1.399 0.267 

% Mode change 31.300 0.000 0.015 0.905 

 

 
(a) 

 
(b) 

 
(c) 

Figure 6. The mean percentage and standard deviation of (a) 
dysphonic segments; (b) no-voice and (c) mode change by pa- 
thologies. 
 
no-voice segments is found in the case of Gastroschisis, 
tetralogy of Fallot and Lingual frenum diseases. For 

mode change segments estimation the large dispersion is 
found in the case of Gastroschisis and IUGR—asphyxia. 
The best estimation for this characteristic is found in 
healthy preterm newborn, meningitis, tetralogy of Fallot 
and hyperbilirubinemia diseases. 

7. CONCLUSIONS 

In this paper, we have presented one of the most impor- 
tant steps of our research project, which is the quantita- 
tive characterization of cry signals. We have performed 
an automatic estimation of the most promising charac- 
teristics associated with pathological conditions that have 
been reported in the literature. As a result, we have es- 
tablished quantitative relationships between the patholo- 
gies studied and the characteristics of the cries of new- 
borns. We have also proved that some of the characteris- 
tics of healthy cries depend on gestational age, and other 
characteristics depend on the pathology itself.  

The conclusion from the results we obtained is that 
there are clear differences between the characteristics of 
healthy cries and those of pathological cries in some pa- 
thologies, like asphyxia, gastroschisis, and vena cava 
thrombosis, RDS, hyperbilirubinemia, and IUGR—mi- 
crocephaly. For each pathology studied, we have identi- 
fied the most relevant characteristics for differentiating 
pathological cries from healthy cries. That differentiation 
can be used in diagnosing pediatric pathology.  

However, it should be noted that validation of these 
results will require extension of the tests to a larger da- 
tabase containing a greater variety of pathologies and 
more subjects for each pathology. 
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