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Researchers have found that crying is an acoustic symptom among unhealthy newborns. This study aims to
develop a non-invasive newborn cry diagnostic system (NCDS) using information at different levels of the cry
audio signal (CAS) of infants. The unhealthy newborn group in our experiment consists of 34 clinical cases. The
proposed machine learning (ML) techniques include the extraction of feature sets of Mel frequency cepstral
coefficients (MFCC), auditory-inspired amplitude modulation (AAM) features, and a prosody feature set of tilt,
intensity, and rhythm features. The training models are probabilistic neural networks and support vector ma
chine algorithms. The feature sets of AAM and MFCC extract low-level patterns, whereas the prosody feature set
of tilt, intensity, and rhythm extracts high-level information in an infant CAS. The AAM feature set in the NCDS
has never yet been examined. As an innovative aspect of this study, the AAM feature set is included in the NCDS,
and this feature set is fused with the feature sets of MFCC and prosody. As another innovation, we reproduce realworld problems by including many pathologies in the unhealthy group. Among the evaluated frameworks
proposed, the fusion of all feature sets improves the system performance. The best result is obtained with the
fusion of AAM and MFCC with an F-measure of over 80%. The results of this experiment reveal the usefulness of
information at different levels within the CASs of newborns, which vary among healthy and unhealthy groups.
Moreover, to identify unhealthy newborns, this information can be captured noninvasively by applying ML
methods to the NCDS.

1. Introduction
Until they speak their first words, newborns use crying to attract the
attention of people around them. At first glance, all types of cry audio
signals (CASs) of infants seem to be the same; however, several in
vestigations have revealed distinct cues in their CASs under different
states. By CAS, we refer to the sound waveform produced by the infant
when pushing airflow from the lungs to the vocal track.
According to subjective investigations, mothers and hospital staff
interacting with newborns can understand the needs of newborns by
simply listening to their CAS [1,2]. The time-domain investigation of
CASs in newborns has shown different temporal morphologies in
different types of CASs [3]. The frequency-domain investigation also
revealed the coarse information of the frequency spectrum properties of
the CAS in newborns [4]. Moreover, researchers found visual cues in the
spectrographic investigation of such CASs [4]. Thus, these examinations
provided evidence contributing to the interpretation of the CAS in
infants.

Manually looking at the CASs of infants in the domains mentioned
above for exploring potential cues is a tedious process. Hence, auto
mated computer-based analyses of such CASs have been developed.
Machine learning (ML) models were introduced to capture the statistics
within the data.
In general, the studies conducted in the domain of newborn CAS
analysis include several tasks such as the automatic detection of infant
CASs among other non-CAS sounds within the environment [5,6], the
automatic identification of segments in a newborn CAS such as the
inhaling and exhaling segments [7,8], and the identification of a nonpathological reason for crying such as a CAS initiated by hunger, pain,
or birth, among other factors [9–11]. Other tasks include the identifi
cation of CASs of sick newborns from healthy newborns [12–17]. This
research focuses on a diagnostic computer-based model called a
newborn cry diagnostic system (NCDS). The task of NCDS is to identify
sick newborns from healthy infants based on their CAS.
To make a diagnosis classification, we designed an NCDS, which
consists of three main stages: preprocessing, feature extraction, and
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classification. Fig. 1 shows a diagram of the NCDS. After preparing the
input CASs, the feature extraction block captures distinct statistics that
define the group characteristics of the CASs of healthy and unhealthy
infants in the dataset. The classification stage then maps the features to
the specified class and delivers the predicted label for the given input
CAS.
The NCDS is not as developed as other audio recognition systems
owing to a lack of CAS samples of newborns; however, several studies
have revealed the functionality of ML approaches in identifying sick
newborns from healthy infants based on their CASs. The pathologies
studied include cleft palates [18,19], hearing disorders
[20,21,12,9,22,23], hyperbilirubinemia [24], autism [25], asphyxia
[21,9,24,26–29,22,23], hypothyroidism [30,31], respiratory distress
syndrome (RDS) [18,14], and preterm newborns [32].
In audio processing applications, the feature set of Mel frequency
cepstral coefficients (MFCCs) is the most popular and practical feature
set in the feature extraction phase [14]. In the use of infant CASs for
diagnostic purposes, the MFCC feature set has been successfully applied
in a configuration with learning algorithms such as a feedforward neural
network (FFNN) model [33], support vector machine (SVM)
[34,27,35,14], multilayer perceptron [36,37,9], k-nearest neighbor
[38], and Gaussian mixture model [13].
Linear predictive cepstral coefficients (LPCCs) are among the most
robust and commonly used tools in speech processing [39]. The LPCC
feature set in configuration with a probabilistic neural network (PNN)
was proven to have a potent recognition accuracy [40]. The comparison
between MFCC and LPCC feature extraction techniques, however,
showed a better system efficiency than when using MFCC with the FFNN
model [12], or with hidden Markov models [19]. Another successful
feature examined in the NCDS is the energy entropy of the wavelet
packet transform. This feature set is supplied to the PNN [41].
A set of prosodic features was also studied in the analysis of infant
CASs. In terms of melody, the results confirm the differences between
the CASs of healthy and sick infants. The density of the melody types of
plateau, rising, falling, and complexity form the CAS unit, as well as the
features of the average duration of the CAS unit, i.e., the average and
standard deviation of the fundamental frequency (F0 ), were determi
native between full-term and pre-term infant CASs [42]. The prosodic
feature set including the statistical measures of F0 and the three for
mants of CAS was shown in [32] to be quite functional for detecting preterm newborns from full-term newborns.
The method of feature fusion of the prosodic feature set with the
short-term feature set of MFCC was found to be considerably helpful in
reducing the error rate of the model [14,43].
Our contribution to this research is twofold: First, it is of interest to
study other feature sets as an addition or substitution of the MFCC
feature set; thus, we examined the short-term feature set of auditoryinspired amplitude modulation (AAM) for the first time in the NCDS.
Our goal was to compare the functionality of the AAM feature set in the
NCDS compared to the most potent examined feature set of MFCC and
explore the fusion potential of these feature sets. This idea was inspired
by the improvement gained in speech speaker verification system per
formance through the fusion of the AAM and MFCC feature sets [44,45].
In addition to the short-term feature sets, the prosodic feature sets of
tilt, rhythm, and intensity were extracted during the feature extraction
phase. Then, the performance of the prosodic feature set and its fusion
with short-term feature sets were explored. Finally, the efficacy of the
proposed feature sets was examined using the two PNN and SVM
learning algorithms during the classification phase of the NCDS.
In the present study, we explored the suggested feature sets among
the healthy and unhealthy groups, including 34 pathologies. Hence, our
second contribution is that we investigated a large number of pathol
ogies in the unhealthy group. The majority of NCDSs were designed to
identify the group of healthy infants from one group of pathology
[12,19,20,25,27–32,14], whereas in real-world problems, the clinical
state of the newborn is unspecified. Thus, we mainly do not know the

Fig. 1. Scheme of implementing the NCDS.

potential disease that a newborn is suffering from before feeding the CAS
to the NCDS.
The paper is organized as follows: Section 2 describes the collection
of datasets, information of the datasets, the participants, definition of
the proposed feature sets, and descriptions of the classifiers examined in
this study; Section 3 reports the results of running the SVM and PNN
models using the three proposed feature sets, as well as the fusion of
short-term feature sets and the fusion of all feature sets. Section 4 fo
cuses on the discussion of the research developed, including the efficacy
of each feature set, the use of joint feature sets, the classifier perfor
mance, and the computation cost of each framework.
2. Materials and methods
2.1. Dataset description
In this section, we describe how the CASs of the newborns were
collected, the dataset attributes, the dataset preprocessing procedures,
and the participants of our experiments.
2.1.1. Dataset acquisition
The first stage for developing an automatic recognition system is data
acquisition. The medical staff of the hospitals of Al-Sahel and Al-Raee in
Lebanon and Ste-Justine in Canada collected the CASs of 769 newborns.
During the recording procedure, a two-channel sound recorder with a
sampling frequency of 44.1 kHz and a resolution of 16 bits was fixed at a
distance of between 10 and 30 cm from the newborn [14]. The length of
each record was within the range of 2–3 min. During the recording,
environmental noises, including human speech and noises from the
medical machinery, were also captured. Thus, our dataset resembles
that of real-world samples. The CASs in the database are either healthy
infants or those affiliated with one of the diseases. There were 96 types

Table 1
Descriptions of the CAS labels of infants in the database.
Labels
EXP
EXPN
INS
INSV
EXP2
INS2
PSEUDOCRY
Speech
BIP
Noisy CAS
Noisy pseudoCAS
Noise

2

Description
Voiced expiration segment during a period of the CAS
Unvoiced expiration segment during a period of the CAS
Unvoiced inspiration segment during a period of the CAS
Voiced inspiration segment during a period of the CAS
Voiced expiration segment during a period of pseudo-CAS
Voiced inspiration segment during a period of pseudo-CAS
Any sound generated by the baby that is not a CAS
Sound of the nurse or parents talking nearby
The sound of the medical instruments next to the baby
Any sound heard along witha CAS: beep sounds of the machine,
water, diapers, etc.
Any sound heard along with a pseudo-CAS
Similar to sounds caused by a mic being moved, diapers, door
sounds, speech + background, speech + beeps.
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Fig. 2. Illustration of a labeled CAS in our dataset in WaveSurfer software.

of disease in the database. For certain pathologies, the number of infants
is limited to one infant with several CASs.
Every CAS in the database has the following attributes: the reason for
crying, the Apgar score 1, gestational age 2 birth weight, race, gender,
and age during recording.

2.2.1. MFCC feature set
The MFCC feature set is the most successful and well-known feature
set broadly used for speech and speaker recognition purposes. A Mel is a
unit of measurement based on the sensed frequency of the human ear.
The Mel scale has relatively linear frequency intervals of below 1000 Hz
and logarithmic intervals of above 1000 Hz. An approximation of Mel
for the frequency can be represented as follows:

2.1.2. Dataset preparation
The CASs of infants in the database were labeled by the previous
group in our lab [7]. The designated labels and their descriptions are
presented in Table 1. The labels were attached using WaveSurfer soft
ware. Using the WaveSurfer software tool, it is possible to visualize the
waveform of the CASs and the spectrogram and provide manual labeling
access. A manual annotation file is also available for each recording. An
example of this file for a portion of the CAS is shown in Fig. 2 [14].
In our experiment, we used the segments of the CASs of newborns
labeled as ’EXP’ in Table 1. The significance of using ’EXP’ is the use
fulness of the information in this segment, as described in our previous
study [14].

M(f ) = 2595log10 (1 +

f
)
700

(1)

In Eq. (1), f refers to the actual frequency in this equation, and M(f) is the
perceived frequency. The main advantage of the MFCC is its resistance to
noise and spectrum estimation errors under different conditions.
For obtaining the MFCC coefficients, a set of applications are applied
such as windowing, computing the discrete fourier transform of the
signal, applying the Mel filter banks and log, and finally taking the
Table 2
Labels of the pathology used in our experiment accompanied with the number of
individuals in that group. For example, the label of the healthy group is 17.

2.1.3. Dataset used in our experiment
The development of the NCDS is age-dependent [14]. The age range
of the infants used in our dataset was from 1 to 208 days; however,
during this experiment, similar to our previous studies [46,14,13], we
used samples from newborns younger than 53 days. This is because in
fants above this age can control their own voices [4].
Table 2 shows the numbers of healthy and sick newborns in our
dataset. Eighty-four newborns with one of 34 pathologies are in the
unhealthy group, whereas the healthy group contains 162 newborns.
Each of these newborns in our dataset have a different number of sam
ples. In general, 632 CASs of full-term newborns were found to be
eligible to be used in our experiment, among which 316 were healthy
newborns, and 316 were unhealthy.
2.2. Definitions of the feature sets
In this study, we considered the suitability of various sets of features
from different levels in the infant CASs, which then were also combined
to arrive at a decision. These feature sets include the MFCC, AAM, and
prosody. MFCC and AAM are short-term feature sets, whereas the
prosody feature set is obtained by analyzing the more extended frame
sizes of the CAS. The prosody feature set includes three subsets: tilt,
intensity, and rhythm features. In this section, we define these feature
sets and the computed parameters.

1
An Apgar test is the very first test taken from newborns for measuring their
general state of health.
2
Gestational age is within the range of 27 weeks and 2 days and 41 weeks
and 4 days.

3

Pathology Lable

Pathology Name

Number of Infants

17
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34

Healthy
Ankyloglossia
Apnea
Asphyxia
Aspiration
Broncholities
Bronchopulmonary Dysplasia
Choanal Atresia
Cleft lip and palate
Complex Cardio
Cyanosis
Down Syndrome
Duodenal Atresia
Dyspnea
Fever
Gastrochisis
Grunting
Hyperbilirubinemia
Hypoglycemia
Hypoglycemia
Hypothermia
Intra Uterine Growth Retardation
Jaundice
Kidney Failure
Meconium Aspiration Syndrom
Meningitis
Myelomeningocele
RDS
Retraction
Seizure
Sepsis
Tachypnea
Thrombose
Vomit

162
3
3
3
3
3
2
2
1
3
2
3
3
1
3
1
3
2
2
3
3
3
1
3
3
3
3
3
4
3
3
3
4
3
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Fig. 3. Block diagram of obtaining the AAM feature set.

inverse discrete fourier transform. In this study, we followed the pro
cedures described in our previous paper [14]. All parameters were taken
from our prior experience [14,13] which were found to be beneficial for
use in the NCDS.
2.2.2. AAM feature set
The AAM feature set has yet to be investigated in infant CAS
analyzing system. The AAM feature set has been successfully tested in
other acoustic recognition systems such as nonverbal human-produced
audio events [45], and speaker verification [47], and was specifically
found to outperform the widely used feature set of MFCCs [44].
Fig. 3 shows the stages for obtaining the AAM feature set. Using our
framework, we applied the method described in [44]. Initially, the shorttime discrete Fourier transform (STDFT) is applied to the original CASs.
Next, the square magnitude was calculated to reflect the mechanism of
the human ear. These squared magnitudes of the captured acoustic
frequency elements were then classified into 27 subbands based on the
perceptual Mel scale.
A second transformation was then applied over time to the magni
tude of the CAS signals of all subbands. Subsequently, a bandpass filter
was applied. This is due to the physiological evidence of the auditory
filter bank formation within the modulation domain. At the end of this
process, the logarithm of the feature set is computed to reduce its
massive volume [44].
For more information regarding the details of each stage, the authors
suggest referring to [44].

Fig. 4. Illustration of a labeled CAS in WaveSurfer software tool.

Dt =

(
)
|Dr | − |Df |
|Dr | + |Df |

(3)

In above equations, Af and Ar are the measures of the amplitude of the F0
contours when they are descending and ascending, respectively. Simi
larly, Df and Dr capture the length of the F0 contour when they are
descending and ascending, respectively. More details on the tilt features
can be found in [14].
To assess the tilt feature subset, an F0 contour is required. However,
obtaining an accurate F0 in the infant CASs is a significant problem [50].
Among the well-known methods for F0 contour extraction, Praat soft
ware was proved to be among the most accurate [51]. After computing
the precise F0 , the tilt feature parameters were extracted, and the range,
standard deviation, and mean of F0 were then computed.

2.2.3. Prosody feature set
Humans naturally use various prosodic indications to identify sounds
[48]. In the study of sound systems such as speaker recognition, lan
guage identification, emotion detection, and speech recognition,
although the main focus has been on short spectral information, several
studies have shown improvements in the recognition power using
prosody [49]. Likewise, the fusion of prosody into the NCDS may have
the potential to achieve a more robust system.
For the prosodical property representation of an infant CAS, we
extracted the three subsets of tilt, rhythm, and intensity features. The
definitions of these features are discussed in the following sections.

2.2.3.2. Intensity feature subset. The intensity represents the height of
the audio signal. Intensity measures the volume of energy that the audio
waveform carries per unit area. The intensity measure was determined
using Eq. (4):
N
∑
Intensity = 10log(
A2 (n)w(n))

(4)

n=1

In the above equation, w is the window function, and A is the amplitude
of the CASs.
To extract the intensity of the infant CASs, we used Praat software.
The range, mean, standard deviation, median, and interquartile of each
feature variation were then measured.
Fig. 4 shows the information of the F0 and intensity with the time
index obtained for a portion of the CASs of newborns within our dataset.

2.2.3.1. Tilt feature subset. We used tilt features to explore how
distinctively F0 behaves in the CASs of healthy and unhealthy infants’
groups. Tilt features have been used favorably in tasks of automatic
speaker, language, emotion, and speech recognition [48] and newly
applied in the NCDS [14]. In the NCDS [14] such features are used for
groups of infants with RDS pathology versus healthy infants. We
described the procedure of evaluating the tilt features in our previous
study [14]. This feature set was first introduced in [48]. The description
of the tilt feature set is as follows.
The main parameters in the tilt feature computations are At and Dt .
Considering a portion of the CAS, the oscillation of F0 is captured by the
parameters At and Dt calculated using Eqs. (2) and (3).
(
)
|Ar | − |Af |
At =
(2)
|Ar | + |Af |

2.2.3.3. Rhythm feature subset. Rhythm features capture the duration
patterns of an audio clip. Rhythm features have been quite successful in
the language-processing domain. In our previous study [14], we found
that the CAS of newborns with RDS differs rhythmically from that of
healthy infants. Accordingly, in this research, we also employed the
rhythm feature subset to assess the distinctness of the behavior of the
CASs of a multi-pathology group from the healthy group rhythmically.
The rhythm feature subset includes the following parameters:
• Normalized raw pairwise variability index: The raw pairwise
variability index (rPVI) defines the behavior of the timing contrasts
4
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between successive lengths of speech, which is applied to syllables or
segments. The formula of the rPVI is defined in [14] as:

Table 3
Distribution of the groups of pathologies in each fold. The numbers relate to
the label of the pathology described in Table 2.

M−
∑1

|dk − dk+1 |

rPVI = [ k=1

m− 1

]

(5)

Fold

The pathology label

1

1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,18,19,
20,21,22,23,24,25,26,27,28,29,30,31,32,33,34
5,10,13,15,16,18,19,22,24,25,27,30,31,34
5,13,18,22,27,30,34
18,22,27,30
27,30

2
3
4
5

in which d is equal to the length of each ‘EXP’ and m is the number of
‘EXP’ length within a CAS sample. The normalized rPVI used in this
study is defined as [14]:
⃒
⃒
⃒
⃒
M−
∑1⃒⃒dk − dk+1 ⃒⃒
⃒ dk +dk+1 ⃒
⃒
k=1 ⃒
⃒ 2 ⃒
nrPVI = 100 × [
]
(6)
m− 1

5. AAM + MFCC.
These five vectors of feature characteristics were used for training and
testing the two classes of infant CASs (multiple pathologies and healthy).
The test of the studied system was conducted using a fivefold crossvalidation. The folds are independent of each other. Thus, there were no
samples of the same infants in more than one fold. Fold (1) contains
CASs from all studied pathologies, and fold (2) contains CASs from only
a portion of the studied pathologies. Fold (3) contains CASs from seven
pathologies. Fold (4) contains CASs from four pathologies, and fold (5)
contains CASs from only two pathologies. Table 3 shows the pathology
labels in each fold of our experiment. The labels and their corresponding
pathologies are shown in Table 2.
To evaluate the performance of the NCDS, measures such as the ac
curacy, specificity, sensitivity, and F-score were calculated. The equa
tions for the measures mentioned above are as follows:

• Std: The standard deviation of the ’EXP’ length in each CAS [14].
• Varco: This measures the standard deviation of the ’EXP’ length
divided by their mean length in each CAS [14].
• N events: This is the number of ’EXP’ length that occur in each CAS
[14].
• Total duration: This is the total length of each ’EXP’ in every CAS
[14].
• Range: This is the range (the maximum minus the minimum) of the
’EXP’ length in each CAS [14].
• Mean: This is the average of all ’EXP’ length in each CAS [14].
2.3. Classification

Accuray =

In this study, we examined the functionality of the obtained feature
sets using two learning algorithms, PNN and SVM, as binary classifiers
between healthy and multi-pathological groups. The PNN and SVM
models were trained to classify the CAS feature sets identified by the
corresponding states. These feature sets were obtained during the
feature-extraction stage.

TP + TN
TP + TN + FP + FN

Precision =

Recall =

2.3.1. Probabilistic neural network (PNN)
The efficient PNN classifier was chosen to evaluate the proposed
NCDS. This classifier is widely used in classification problems within this
field [52,53]. The PNN classifier that is ideal for real-time applications,
however, is computationally inexpensive. Using the conjugate gradient
method, new incoming training data can be learned without having to
repeat the entire training process and without a weight adaptation
[54,55].

(7)

TP
TP + FP

(8)

TP
TP + FN

Fmeasure =

(9)

2 × Precision × Recall
Precision + Recall

(10)

3.1. Evaluation of short-term feature sets
The short-term feature sets of the AAM and MFCC resulted in the
highest identification rates compared to the prosodic feature set. As
shown in Table 4, the AAM feature set consistently outperformed the
MFCC feature set when using the PNN model; by contrast, the MFFC
feature set outperformed the AAM when using the SVM model.
In general, the best results in terms of accuracy, precision, specificity,
sensitivity, and F-measure were obtained for the short-term feature set
of the MFCC when using the SVM model.

2.3.2. Support vector machine (SVM)
An SVM is a supervised learning approach widely used in audio
classification problems. This method is effective and has been proven to
be superior to older ML methods in recent years. As the principle of an
SVM, the aim is to find the longest margin that yields the greatest dis
tance between the feature points of each group. The boundary feature
points are called support vectors and are then used for training
[14,56–58]. In this study, a linear kernel is employed to map the feature
space.

Table 4
Results of feeding the feature sets of MFCC, AAM, and prosody individually to
the PNN and SVM classifiers.
Feature Set

AAM

MFCC

Prosody

3. Model evaluation and results

Accuracy

PNN
SVM

70.70%
75.75%

68.90%
76.50%

52.10%
61.50%

The inputs of the classifiers in our study are the vectors of the
characteristics obtained through the feature extraction steps. Five ex
periments were conducted to evaluate the efficiency of the system. The
experiments used the following feature sets:

Precision

PNN
SVM

67.60%
72.80%

66.60%
73.10%

51.90%
60.00%

Specificity

PNN
SVM

61.70%
68.90%

61.30%
69.30%

48.50%
51.00%

Sensitivity

PNN
SVM

81.60%
82.50%

76.60%
83.80%

55.70%
72.00%

Fmeasure

PNN
SVM

73.70%
77.30%

71.10%
78.00%

53.60%
65.10%

1.
2.
3.
4.

AAM,
MFCC,
Prosody,
AAM + MFCC + Prosody, and
5
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Table 5
Results of feeding the joint feature sets of MFCC and AAM, as well as their joint
feature sets, to the PNN and SVM classifiers.
AAM þ MFCC þ Prosody

AAM þ MFCC

Accuray

Feature Set
PNN
SVM

69.10%
77.90%

72.80%
78.70%

Precision

PNN
SVM

65.60%
74.00%

69.60%
74.70%

Specificity

PNN
SVM

59.30%
69.00%

62.50%
70.00%

Sensitivity

PNN
SVM

81.50%
86.90%

83.10%
87.50%

Fmeasure

PNN
SVM

72.60%
80.00%

75.60%
80.50%

The best F-measure obtained for the proposed short-term feature sets
of the MFCC and AAM are 78% and 77.70% when applying the SVM
learning model.
Fig. 5. Changes in the F-measure values obtained by the SVM and PNN models
for the five proposed experiments.

3.2. Evaluation of prosodic feature set
As noted in Table 4, the prosodic feature set was less influential than
the short-term feature sets. Among the trained models, the prosodic
feature set in the configuration with the SVM outperformed the PNN
model. The F-measure using SVM and PNN were 65.10% and 53.60%,
respectively, for the proposed prosodic feature set.

expected, performed extremely well in the NCDS. The MFCC feature set
was consistently proven to be the most influential feature set in audio
processing applications based on a multitude of studies [59]. The second
examined short-term feature set is the AAM, which as we saw in the
results section provides essential statistical information to the models.
According to several measures, as listed in Table 4, the AAM feature set
significantly differs among the groups of healthy and unhealthy new
borns and is comparatively as powerful as the MFCC feature set.
Moreover, the highly reliable results obtained with the AAM feature set
used in the NCDS are consistent with high-grade performance of this
feature set in the domain of acoustic recognition systems such as
nonverbal human-produced audio events [45], and speaker verification
[47]. Hence, the AAM feature set can be used as a substitute for the
MFCC feature set.
Concerning the prosodic feature set, the purpose was to examine
whether the health condition of newborns affected the high-level in
formation within their CAS. The results indicate that the system can
identify unhealthy newborns with relative accuracy; however, the re
sults obtained are not as satisfying as the short-term feature sets of the
MFCC and AAM. For this reason, prosodic features are used as supple
mental features to improve the system performance [14]. Furthermore,
the research proved that the combination of these features will result in
a better performance of the models based on experience with similar
systems [60,49]. Hence, the joint vectors of all feature sets were fed into
the classifiers. The SVM using the baseline MFCC feature set resulted in
an F-measure of 78%, and with all feature sets achieved a higher Fmeasure of 80%. Thus, the SVM could gain a better hyperplane maxi
mizing the margin between the two classes to distinguish more un
healthy infants.
Conversely, the PNN showed a different way of training all feature
sets. The F-measure decreased from 71.10% to 69.10%, as shown in
Tables 4 and 5. Fig. 5 also shows how the behaviors of the PNN and SVM
change as more feature sets are added.
We repeated our analysis for joint feature sets of the AAM feature set
and the MFCC because they individually resulted in the most stable
system decision. We found that the ideal system performance for both
classifiers was obtained using joint short-term feature sets. These feature
sets jointly increased the performances of the SVM and PNN for all
criteria examined, with an F-measure of more than 80%. Therefore, the
optimal feature vector in our experiment is a combination of the shortterm feature sets of the AAM and MFCC. Moreover, these evaluated
measures answer our initially asked question regarding whether the

3.3. Evaluation of feature set fusion
In this section, the results of using the joint feature sets are explained.
We fused the short-term feature sets and the fusion of all short-term and
prosodic feature sets and supplied them to the PNN and SVM.
According to Table 5 with the PNN classifier, the fusion of all feature
sets always hinders the performance; however, with the SVM classifier,
the performance consistency increases compared to the use of only one
short-term feature set. All measurements confirm the inefficacy of all
feature sets when fused with the PNN, whereas the recognition power is
improved using the SVM model.
For the use of joint short-term feature sets of AAM and MFCC, this
fusion consistently increases the performance rates of the classifiers. The
F-measure when using the fusion of the AAM and MFCC feature sets with
the SVM model was 85.50%, whereas that of the PNN model was
75.60%.
4. Discussion
In this study, we intended to develop an NCDS that resembles the
real-world problem. For this, we included a mixture of pathologies in the
unhealthy group for distinguishing those of the healthy group. Our other
goal was to upgrade the NCDS identification ability by introducing the
AAM feature set for the first time into this system. Our proposed model
outlines the feature extraction phase to capture the MFCC, AAM, and
prosodic feature sets. Our last goal was to investigate the potential of
fusion of the mentioned feature sets to enhance the system performance.
During the classification phase, we explored the SVM and PNN, which
are learning algorithms from two different families. The SVM and PNN
were trained to solve the binary classification task of identifying un
healthy newborns from healthy newborns. The performance of the
models was measured through a 5-fold cross-validation. To ensure the
reliability of our system for the real-world problem, during the evalua
tion part, we designed the folds to be independent of each other. For
each 5-fold repetitions, the models were tested on newborn CASs that
were not previously trained.
Concerning the short-term feature sets, the MFCC feature set, as
6
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Table 6
Elapsed running time for extracting each feature set accompanying the number
of features in each set.
Feature Set Name

Elapsed Time (sec)

Number of Features

AAM
MFCC
Prosody

3954.50
928.80
572.80

200
65
38
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AAM feature set can complement the popular MFCC feature set when
applied to the NCDS.
Moreover, in our study, we learned that the information in the shortterm intervals of the CASs of newborns was affected more by their
clinical state than under the longer intervals.
By experimenting with the results of two learning algorithms from
different families, the goal was to select the model that achieves the best
performance for our dataset in which the SVM defeated the PNN in all
experiments, as shown in Fig. 5. To benefit from the excellent perfor
mance of the SVM classifier, in a future study, we hope to use it with
different kernels, and apply multiple classifier schemes by experiment
ing with the dynamic selection scheme of the classifiers as well as a
stacked classifier.
In terms of computational costs, Table 6 shows the elapsed time
required to extract the sets of features used in our experiment. Whereas
the AAM and MFCC feature sets help the models achieve the best results,
these techniques require a far longer execution time and more mathe
matical resources than the prosodic feature set. Moreover, the AAM and
MFCC feature sets contain more features than the prosodic feature set;
thus, the system performance may improve when introducing more
prosodic features. In our future work, we will address this by encom
passing more prosodic feature sets such as intonation and pause patterns
in the CASs of newborns.
Another future investigation will be to propose a learning algorithm
that addresses the deficiency of unbalanced data between groups of
diseases and healthy newborns in our dataset. The Adaboost classifier
successfully solves this issue [61], and thus we plan to examine this
technique in our forthcoming studies.
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