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Abstract
An audio-based classification model that differentiates between
healthy vs pathological respiratory symptoms using acoustic
features extracted from phonated /A:/ sounds is presented. For
this, a new dataset of phonated /A:/ sounds, together with a clin-
ician’s diagnosis, was compiled and a Gaussian Mixture Model
(GMM) using Mel-Frequency Cepstral Coefficients (MFCCs)
classifier was used. Despite no significant differences in mean
values of the fundamental and formant frequency (F0, F1, F2,
and F3) distribution for /A:/ sounds retrieved from healthy vs
pathological populations, our /A:/ sound model trained using
MFCCs resulted in an accuracy of 81.92% when compared
against clinician’s diagnosis.
Index Terms: Machine Learning, Phonated /A:/ sound, Res-
piratory symptoms, Gaussian Mixture Model, Mel Frequency
Cepstral Coefficients.

1. Introduction
Many childhood respiratory conditions such as asthma, respi-
ratory tract infections, and allergies, often characterised by the
presence of coughing, can present severe challenges to anaes-
thetists during the perioperative period. Some of these con-
ditions, such as respiratory infections, necessitate deferring
surgery. Others, such as asthma, require simply specific anaes-
thetic care and do not require a postponement. As a result, a
correct differential diagnosis of respiratory symptoms is critical
to a successful surgery anaesthetic outcome [1, 2]. A majority
of paediatric surgical cases are often performed in day surgery,
with preoperative screening often performed over the phone by
nurses on the day before surgery. However, it is frequently dif-
ficult for nurses to identify respiratory conditions only using a
history of coughing or other specific articulatory cues provided
by children over the phone. This can result in a delayed diagno-
sis and the cancellation of planned surgery.

In this investigation (as a follow-up study to [3, 4]), we
present a unique /A:/ sound dataset and a model that distin-
guishes between healthy and pathological respiratory symp-
toms using acoustic features extracted from /A:/ sounds (i.e.,
/A:/ vowel as in the word ‘Father’). Because each respiratory
pathology produces its own spectral features owing to the differ-
ences in airway dimension, patency, and secretions associated
with respiratory pathologies, the articulatory sound may contain
cues that can be exploited to classify the underlying respiratory
symptoms. The accuracy of the proposed model is validated by
comparing the model’s output to the clinician’s diagnosis.

During clinical examination, physicians frequently instruct
patients in general to phonate /A:/ (‘aah’) to inspect patient’s lar-

ynx, a procedure that has evolved over the course of many years
of customary practice [5–7]. This strategic articulatory gesture
gives the patient the ability to lower the middle and rear of the
tongue while simultaneously extending the jaw opening, which
enables simple visual access to the back of the mouth. From
an acoustic standpoint, phonated sounds can indicate physio-
logical changes to the vocal folds, vocal tract, and associated
respiratory regions. These changes often include swelling or in-
flammation of the ear, nose, or throat tissues that are associated
with speech, swallowing, or breathing.

Cough sounds or other articulatory sounds are used in re-
search to develop automatic classification models that can dif-
ferentiate between various respiratory disorders [8–13]. To dis-
tinguish between productive and non-productive coughs, Mu-
rata used time expanded waveforms paired with spectrograms
[14]. Abaza created a setup that uses a combination of air-
flow parameters and audio parameters of voluntary coughs to
detect impaired lung functions [15]. Cough sound analysis has
also been used to identify pneumonia more quickly [16]. In
this investigation, we present a phonated /A:/ sound dataset and
a model trained on the features extracted from this sound that
can accurately differentiate healthy and pathological respiratory
symptoms.

2. Data Collection
2.1. Subject Recruitment & Audio Recording Procedure

Children from the pathological group (a spectrum of respiratory
conditions including asthma, Upper Respiratory Tract Infection
(URTI) and Lower Respiratory Tract Infection (LRTI)) were re-
cruited from the Children’s Emergency Department, Respira-
tory Ward, and Respiratory Clinic at KK Women’s and Chil-
dren’s Hospital, Singapore. The /A:/ sounds were recorded dur-
ing the initial presentation at the hospital. Children from the
healthy group were recruited from the Children Surgical Unit of
at KK Women’s and Children’s Hospital, Singapore. These /A:/
sounds were recorded at the hospital on the day before surgery
(children scheduled for surgery ideally should not have any res-
piratory infections). A total of 593 /A:/ sounds (typically one to
two seconds long duration) were recorded, 467 from children
who had respiratory symptoms (pathological) and 126 from
children who were healthy (See Table 1 for more details).

A smart phone was used to record the /A:/ sounds at 44.1
kHz from both pathological and healthy children. The record-
ings were made in a “raw” clinical context, i.e., in-situ with
background noise such as conversations, public address an-
nouncements, beeping equipment, distant siren sounds. Partic-
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Table 1: Number of instances of /A:/ sounds.

/A:/ Number of sounds
Healthy 126
Pathological
• URTI 109
• Asthma 178
• LRTI 180
• Total 467

ipants were requested to phonate /A:/, which were then man-
ually segmented into distinct dataset entries. There are a few
cases that have two /A:/ records. Both traditional (fundamental
and formant frequency) and automatic audio features (MFCCs)
were extracted, where the former were used to investigate if the
features (extracted from healthy and pathological group) have
equal mean values or not and the latter were used to model
Gaussian mixtures. Additionally, the /A:/ sound was further
recorded for eight children after they had recovered from res-
piratory symptoms. This later data was used to conduct a lon-
gitudinal study to better understand the evolution of traditional
audio features such as F0, F1, F2 and F3.

3. Feature Modelling and Likelihood Ratio
Two distinct Gaussian Mixture Model - Universal Background
Models (GMM-UBMs) were used to model features extracted
from phonated /A:/ sounds. A Universal Background Model
(UBM) was firstly developed in this process using audio feature
data pooled across both classes (healthy and pathological), with
a Gaussian Mixture serving as the probability density function
(optimal fit for this probability density function was found us-
ing the Expectation Maximization (EM) algorithm) [17]. This
UBM (in this investigation, UBM was created using 256 Gaus-
sian components) is then used to generate a healthy and a patho-
logical model by adjusting the background model to provide a
better fit for features extracted from the healthy and pathologi-
cal articulatory sounds, respectively. Both adaptions are accom-
plished through the Maximum A Posterior (MAP) technique.

To estimate a likelihood ratio, the conditional probability
of the evidence given the hypothesis of whether the articulatory
sound belongs to a healthy or pathological subject is evaluated.
Likelihood ratio (LR), as the name suggests, is the ratio of two
conditional probabilities. In the context of this study, the LR

framework gives a quantitative estimate of which group the ar-
ticulatory sound belongs to:

LR =
p(E/HHealthy)
p(E/HPathology)

(1)

where p(E/HHealthy) computes the conditional probability
of E (the evidence) given the hypothesis (H) that articula-
tory sound is healthy, whereas p(E/HPathology) calculates the
probability of evidence given the hypothesis (H) that sound
sample is pathologic. The healthy hypothesis is supported by
LR values greater than one, whereas the pathology hypothe-
sis is supported by LR values less than one. Values close to
one are inconclusive for both hypotheses. From the LR value,
the Log-Likelihood-Ratio (LLR) was calculated as LLR =
log10(LR). The sign of the LLR reveals whether the model
favors a healthy sound (i.e., positive LLR) or a pathologi-
cal sound (i.e., negative LLR) and its magnitude reflects how
strong that support is [18, 19].

3.1. Features for Modelling GMM-UBMs

GMM-UBMs are modelled using Mel frequency cepstral coef-
ficients (MFCCs) and are extracted as follows. The /A:/ sounds
were first divided into frames of 100 ms with 50 ms overlap, af-
ter which a hamming window was applied. MFCCs were then
extracted from every frame by first calculating the spectrum us-
ing discrete Fourier transform. Frequency-related information
is extracted by creating a set of overlapping non-linear Mel-
filter banks. The logarithm of the energy corresponds to each
filter region of the audio spectrum is then estimated. MFCCs
are finally derived by taking the discrete cosine transform of this
log spectrum [20, 21]. A total of 42 features was extracted per
frame, i.e., 14 MFCCs, 14 deltas, and 14 delta-deltas. MFCCs
were chosen owing to their effectiveness when they come to au-
dio classification problems [22, 23] whereas deltas and delta-
deltas provide valuable cues about audio dynamics and have
shown to improve audio classification accuracy [24].

4. Experimental Setup
The model was trained and evaluated using leave-one-out cross-
validation, in which the model is trained using all of the data
except for one data point, for which a prediction is then made.
With 593 data samples, a total of 593 distinct models must be
trained; while this is a computationally expensive methodol-
ogy, it ensures a reliable and unbiased measure of model perfor-
mance. This computationally expensive methodology, however,
limits the use of memory intensive machine learning techniques
such as support vector machine (SVM), ensemble learners, and
deep neural nets in this investigation.

To assess the performance, Tippett plots and Receiver Op-
erating Characteristics (ROC) were used. Tippett plots illus-
trate the cumulative proportions of LLR values for both healthy
and pathological /A:/ sounds (represented using dotted and solid
curves, respectively).The farther apart these curves are, the bet-
ter the result [25]. In ROC, true positive rates (i.e., sensi-
tivity: the ratio of true positives to the sum of true positives
and false negatives) are plotted against false positive rates (i.e.,
(100—specificity); specificity is the ratio of true negatives to
the sum of false positives and true negatives) for various de-
cision thresholds. A perfect model yields a ROC curve that
passes towards the upper left corner, indicating greater overall
accuracy [26]. This would result in a ROC with an area under-
neath (AROC) of one. The classification accuracy, sensitivity,
specificity, and AROC of the results are also explored to fully
comprehend model performance [27].

5. Results
5.1. F0, F1, F2 and F3 Analysis

The hypothesis that the two groups of features (extracted from
healthy and pathological group) have equal mean values (null
hypothesis) or not was tested using Welch’s T-Test. This test
was chosen because the two samples have unequal sample sizes
and may have unequal variances [28]. This hypothesis testing
was done only for the traditional features such as fundamen-
tal frequency F0 and formant frequencies (F1, F2 and F3) (ex-
tracted using Praat [29]), both of which depend on vocal tract
physiology. For e.g., F0 is impacted by the change in mass, and
longitudinal tension of the vocal folds. The first formant (F1) is
usually influenced by the height of the tongue. The higher the
tongue, the lower F1. The position of the tongue from front to
back reflects on the changes in the F2 values. When it comes
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to front vowels, F2 is often higher than the back vowels. Finer
acoustic differences between vowels are made by rounding or
not rounding the lips, which mostly affects F2 and F3 [30].
When the vocal folds oscillate during phonation, acoustic en-
ergy is not only transmitted ‘forwards’ to the open lips (result-
ing in speech sounds), but also ‘backwards’ to the trachea and
lungs. While the lungs are acoustically lossy, some acoustic en-
ergy will still back-propagate out through the glottis, contribut-
ing to a different vocal quality if the trachea and lungs have
changes associated with certain respiratory conditions. The sum
total of these physiological changes across the respiratory sys-
tem will likely influence F0, F1, F2 and F3, in addition to other
vocal cues (such as timbre).

A total of two hypothesis tests were carried out. The first
compares and contrasts two distinct populations (i.e. on features
extracted from healthy and pathological population). The sec-
ond still compares two populations, but features are extracted
when subjects are having respiratory symptoms and then again
when they are recovered (i.e., on a longitudinal feature set). The
respective results are shown in Tables 2 and 3.

Table 2: Healthy VS Pathology Welch’s T-Test results for F0,
F1, F2 and F3.

Features p value
F0 0.450
F1 0.070
F2 0.372
F3 0.560

For t-test contrasting the two distinct population of healthy
and pathology (Table 2), all the p-values are greater than 0.05
and thus fail to reject the null hypothesis that there is no differ-
ence between the mean values of the F0, F1, F2 and F3 extracted
from both the population. This result is further verified and il-
lustrated in Figure 1, which uses a box plot and a probability
density function to depict the distribution of F0, F1, F2, and F3
extracted from healthy and pathological populations.

Table 3 shows the results of the t-test on the longitudinal
feature set. Except for F3, all of the p-values are more than
0.05, indicating that there may be differences in mean values of
F3. However, because the number of samples available for this
longitudinal analysis is limited (/A:/ from 8 subjects only), this
finding should not be generalized (See Figure 2 for distribution).

Table 3: Longitudinal Welch’s T-Test results for F0, F1, F2 and
F3.

Features p value
F0 0.341
F1 0.241
F2 0.528
F3 0.013

As discussed, there was no significant difference in the
mean values of the features extracted during pathology vs. post
recovery (except for F3, Table 3), even though the features ap-
peared to evolve in the same direction. When the patients recov-
ered, the values of F0, F1, F2, and F3 increased. This is shown
in Figure 3 and this change could be attributed to changes in
the participants’ vocal cord and vocal tract. However, the trend
in F1, F2, and F3 for the same subject is inconsistent (the sub-
ject whose F1 drops upon recovery has an increase in F2 or

Figure 1: Distribution of F0, F1, F2 and F3 in healthy and
pathology groups.

Figure 2: Distribution of F0, F1, F2 and F3 for the same 8
subjects during pathology and after recovering (healthy).

F3), preventing any wider generalization. An earlier examina-
tion of formants extracted from /A:/ for children of various ages
with asthmatic symptoms revealed that asthmatic formants were
lower in some age groups than in their healthier counterpart age
group [4]. Though that conclusion follows the findings of this
study, it is important to highlight that the number of cases ex-
amined in that study [4] was quite small (only 6 to 14 different
children in each age group) and the comparison was limited to
asthma with no hypothesis testing thus cautioning against any
gross generalization.

Figure 3: F0, F1, F2 and F3 feature evolution for the same 8
subjects during pathology and after recovering (healthy).
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Figure 4: (a) Tippett plots and (b) ROC of model trained using vocalised /A:/ sounds.

5.2. Classification Model Results

Table 4 shows the model’s performance for /A:/ sounds in terms
of classification accuracy, sensitivity, specificity, and AROC.
The healthy and pathological classification was based on the
optimal threshold that maximizes the sensitivity and specificity
values. The classification accuracy of the model trained using
the /A:/ sound was high (81.92%), indicating that the /A:/ sound
must contain crucial cues in discriminating a healthy respiratory
tract from a pathological one. The model’s sensitivity (75.40%)
and specificity (83.73%) are also high. Despite the fact that
there was no significant difference in the mean values of the F0,
F1, F2, and F3 distributions retrieved from healthy and patho-
logical populations, the model resulted in high classification ac-
curacy when trained using automatic audio features. This is
unsurprising, given that MFCCs focus on perceptually relevant
aspects of the audio spectrum and have proven to be particularly
effective in a range of audio classification tasks [22, 23].

Table 4: Model Performance.

Attribute Result
Accuracy 81.92
Sensitivity 75.40
Specificity 83.73

AROC 0.89

Figure 4(a) shows the Tippett plot for the resultant cumula-
tive (uncalibrated) LLR values. The relative symmetry of the
plot around the LLR = 0 line confirms the unbiased results of
the /A:/ sound model. The crossover point between the healthy
subject curve and the pathological curve was also found to be
low (around 0.2) indicating a relatively low rate of misclassifi-
cation.

The receiver operating characteristic of this model is shown

in Figure 4(b). ROC curve occupies the upper left corner and
the resulting AROC value is 0.89. The AROC is convincingly
high, which means that the model has delivered good separabil-
ity between healthy and pathological class.

6. Conclusions
We gathered a unique dataset of /A:/ sounds from both healthy
children and children with respiratory pathology. Despite the
fact that there were no significant differences between the mean
values of the fundamental and formant frequency (F0, F1, F2,
and F3) distributions obtained from healthy and pathological
populations, a GMM-UBM model using MFCCs extracted from
/A:/ was nonetheless still able to achieve a classification accu-
racy exceeding 82%. This accuracy is particularly impressive
given the “raw” in-situ settings of data collection, recorded in-
clinic on a simple smartphone. The developed model would
have potential in supporting clinical diagnostic assessment, en-
hancing preoperative screening of paediatric respiratory symp-
toms and informing clinicians’ decisions. Therefore, it invites
investigation whether training with more data could enhance the
accuracy of /A:/ sound models, given the non-invasive and con-
venient nature of such a mode of patient assesment. We plan
to gather more data in future studies in order to employ deep
learning techniques, enhancing performance even further.
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