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1
METHOD AND APPARATUS FOR
PROCESSING PATIENT SOUNDS

This application is the U.S. national phase of International
Application No. PCT/AU2013/000323, filed 28 Mar. 2013,
which designated the U.S. and claims priority to AU Appli-
cation No. 2012901255, filed 29 Mar. 2012, the entire
contents of each of which are hereby incorporated by
reference.

TECHNICAL FIELD

In a first aspect, the present invention relates to an
automated method and an apparatus for detecting cough
sounds of a patient. In a second aspect the present invention
relates to a method and apparatus for diagnosing disease
states from patient sounds such as cough sounds.

BACKGROUND ART

Any references to methods, apparatus or documents of the
prior art are not to be taken as constituting any evidence or
admission that they formed, or form part of the common
general knowledge.

Cough is a defense mechanism of the body to clear the
respiratory tract from foreign materials which is inhaled
accidentally or produced internally by infections [1]. It is a
common symptom in a range of respiratory diseases such as
asthma and whooping cough (pertussis) as well as pneumo-
nia, which is the leading cause of death in children under 5
years of age. It has been estimated [2] that pneumonia causes
over 1.6 million deaths in this group per year, with more than
97% [3] of cases occurring in the developing world. The
world health organization (WHO) also reported that in those
countries, pertussis has became one of the major childhood
morbidities with an estimated 50 million cases and 300,000
deaths every year [4].

Even though cough is common in respiratory diseases and
considered an importance clinical symptom, there is no
golden standard to assess it. In a typical consultation session,
physicians may listen to several episodes of natural or
voluntary coughs, to obtain qualitative information such as
the “wetness” of a cough. Such qualitative information is
extremely useful in diagnosis as well as the treatment of
respiratory diseases. However, manual analysis suffers from
operator bias and leads to subjective outcomes.

During the consultation session physicians may also seek
quantitative information on coughs, such as the frequency of
occurrence of cough events over a given time interval. This
information can be used to determine the nature (e.g., acute,
chronic) and the severity of coughs as well as to monitor the
efficacy of treatment. However, to obtain this information,
physicians heavily rely on subjective reports of patients or
their carers. There is a great need for an automated device
capable of counting the number of coughs, especially in
childhood diseases. More importantly, technology capable
of automatically extracting cough events from long pediatric
recordings is needed in order to facilitate the diagnosis of
diseases such as pneumonia, pertussis and asthma.

Several approaches have been taken to develop automated
cough counting systems (e.g., Hull Automatic Cough Coun-
ter (HACC) [5], Leicester Cough Monitor (LCM) [6],
LifeShirt [7], VitaloJAK [8], and PulmoTrack [9]). The
performances of these devices are varied. The HACC
claimed a sensitivity and specificity of (80%, 96%) [5]. The
figures for LifeShirt, Pulmotrack, LCM, and Vitalojak are
(78%, 99%), (94%, 96%), (85.7%, 99.9%), and (97.5%,

10
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40

45

60

65

2

97.7%) respectively [6, 10-13]. They relied on sound inten-
sity dependent techniques, making them susceptible to
variations in recording conditions and the particular instru-
ments used. To the best of the inventors” knowledge, none
of these commercial devices have been tested on pediatric
populations.

Cough recording on children, especially the younger ones,
pose several additional challenges. Younger children are
unable to produce voluntary coughs upon request. Any
method targeting pediatric populations should be capable of
using natural coughs recorded over a period of interest. In
pediatric recordings, crying, vocalization, and grunting are
found abundantly, intermixed with cough sounds. Conse-
quently, technology developed for adults are unlikely to be
optimal for use on children. Another issue in cough record-
ing from children is the cough sound intensity variation.
Diseases such as severe pediatric pneumonia can dramati-
cally lower the amplitude of a cough sound. Even in healthy
people, cough sounds can have a large dynamic range,
covering loud coughs to the barely audible. This condition
may make intensity-based techniques unreliable for field
use. The performance will also depend on particular sound
capturing equipment, calibration status, and measurement
protocols used.

Existing commercial cough counting devices such as
LifeShirt, Vitalojak, and Pulmotrack employ contact sen-
sors. While the use of contact sensors may have some
advantages, they also carry several drawbacks. The inter-
vening musculature severely curtails the bandwidth of a
cough recorded using contact sensors; free air systems are
immune to this. Contact sensors, compared to non-contact
(free-air) microphones are robust against background sound
propagated through air. However, they are more vulnerable
to sound conducted through tissue and bones; spurious
rubbing sounds due to sensor movement can also be an
issue. In infectious diseases, elaborate efforts are needed to
avoid cross contamination of patients through contact instru-
mentation. Furthermore, in pediatric subjects, contact sen-
sors can also be difficult to attach because of patient dis-
comfort.

Cough sounds carry critically useful information on the
state of the airways. However, the existing devices use
method that can detect only the presence of events (“Cough
Detection”) but are unable to automatically extract cough
events (“Cough Segmentation™) for further analysis. Thus
they are limited to the counting of coughs. Cough Segmen-
tation requires, in addition to Cough Detection capabilities,
the knowledge on the exact beginning as well as the end of
each cough event. It is known that inter-cough gaps, the
durations of the coughs, and the amplitude of coughs may
carry information related to respiratory diseases [14].

One disease whose symptoms include coughing is preu-
monia. Pneumonia is the leading killer of young children
around the world. It accounts for more than 19% of under-
five child deaths each year. It’s a disease of poverty and is
strongly related with malnutrition and poor healthcare facili-
ties. As a result childhood pneumonia deaths are critically
high in developing countries. Pneumonia is also a problem
among the aged people throughout the world.

Pneumonia is defined as an infection in the lungs with
accumulation of inflammatory cells and secretions in the
alveoli. The common symptoms of the Pneumonia includes,
cough, difficulty in breathing, fever, headaches, loss of
appetite, runny nose, and wheezing. In severe pneumonia
cases young infants struggle for breath and may suffer
convulsions, skin pallor, unconsciousness, hypothermia and
lethargy.
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Pneumonia is a difficult disease to diagnose. Current
methods of diagnosis include clinical examination (eg:
physical signs, chest auscultation), bio-chemical testing (eg:
sputum analysis, oxygen saturation) and medical imaging
(eg: chest X-rays and in some cases X-ray CT).

What are the Problems with Current Diagnostic Method?

Chest X-ray (CXR) is considered as a commonly avail-
able reference standard for diagnosing pneumonia. How-
ever, it is not a golden standard. In early stages of the
disease, or when the disease involves a part of the lung not
easily seen in CXR, pneumonia can be difficult to diagnose
using CXR alone. Moreover, sometimes CXR results can be
misleading due to lung scarring or congestive heart failure,
which can mimic pneumonia in CXR. Even though X-ray
CT may provide better outcomes, they are not widely
available even in tertiary care hospitals in developing coun-
tries. Sputum tests require laboratory cultures and can take
a minimum 2-3 days making them too slow for initial
diagnosis. A positive sputum test does not necessarily indi-
cate the presence of pneumonia because many of the patho-
gens causing pneumonia are naturally present in the throats
of healthy people. Therefore, sputum test is mainly done to
check the sensitiveness of a particular antibiotic that has
already been started on a patient. The clinical examination
together with the chest auscultation via stethoscopes is the
frontline approach used in the initial diagnosis of pneumonia
in a clinical setting; X-ray may be used to confirm a
diagnosis when available.

None of the methods described above are available for
mass deployment in remote regions of the world where
pheumonia is rampant. They are expensive, resource inten-
sive and require trained medical professionals to perform
them.

In order overcome this problem, World Health Organiza-
tion (WHO) has developed a set of highly simplified guide-
lines [ ref. 3] to diagnose childhood pneumonia in resource
poor and remote areas of the world. According to these, a
child presenting with difficult breathing or cough is diag-
nosed with pneumonia if they have tachyponea (fast breath-
ing). Fast breathing is defined as 60 breaths or more in
infants less than 2 months, 50 breaths or more per minute for
the infants between 2 months to 12 months and 40 breaths
or more per minute for children age between 12 months to
5 year old [ref 3, 4]. Chest in-drawing, skin pallor and
unconsciousness may indicate severe pneumonia and also
belong in WHO Danger Signs. This system is easier to
implement in the field and is designed to have a high
sensitivity of diagnosis (about 90% patients with the disease
are picked up). However, WHO guidelines suffer from poor
specificity of diagnosis; a large number of patients without
pneumonia are also picked up as having pneumonia. The
specificity of WHO algorithm is known to be about 20%.

Though WHO guidelines have helped in reducing the
mortality rate down to 1.6 million childhood deaths per
annum, several problems remain with the method. Due to its
low specificity[ref.6], a large number of non-pneumonic
children are receiving antibiotics unnecessarily. This has
resulted in treatment failures arising from community anti-
biotic resistance. In many pneumonia endemic regions dis-
eases such as malaria are also common. Both pneumonia and
malaria share symptoms of fever, fast breathing and cough,
and WHO algorithm for pneumonia can lead to misdiagnosis
and delay in treatment. Several other diseases/conditions
(such as COPD, asthma, pulmonary edema, lung cancer etc),
which do not require antibiotics, can present with similar
clinical features to pneumonia.
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To improve the specificity of the WHO criteria, Cardoso
et al [ref 6] suggested including presence of fever to diag-
nose pneumonia. They showed that adding fever improves
diagnostic specificity significantly (up to 50%). Several
other researchers in the past have assessed the accuracy of
the WHO criteria in childhood pneumonia diagnosis. Harari
et al [ref 7] studied several variables including tachypnoea
to determine which clinical signs best predict radiographic
evidence of pneumonia, in 185 children. They reported
sensitivity of 73% and 64% specificity in diagnosing pneu-
monia with only tachypnoea (respiratory rate (RR)
50zbreaths/min for kids<12 months and RRz40 breaths/min
if age 1 year or older) as predictor. When they added chest
indrawing to tachypnoea sensitivity improved by 4% at the
cost of specificity (dropped by 6%). Similarly with the other
clinical symptoms such as nasal flaring, fever, sleeping
poorly cough>2 days etc, sensitivity and specificity varied
between 20 to 90%]ref 6-10]. High sensitivity was achieved
at the cost of specificity and vice-versa.

It is an object of a first aspect of the present invention to
provide an improved method for identifying cough sounds.

Furthermore, it is an object of a further aspect of the
present invention to provide a method for diagnosis of
particular disease states, for example pneumonia, asthma
and rhinopharyngitis from cough sounds.

SUMMARY OF THE INVENTION

According to a first aspect of the present invention there
is provided a method of operating a computational device to
process patient sounds, the method comprising the steps of

extracting features from segments of said patient sounds;

and

classifying the segments as cough or non-cough sounds

based upon the extracted features and predetermined
criteria.

The patient sounds will preferably comprise sound
recordings of the patient.

In a preferred embodiment of the invention the step of
extracting features from the patient sound recordings
includes processing the segments to determine predeter-
mined statistical parameters.

For example, in a preferred embodiment the predeter-
mined statistical parameters comprise mel-frequency ceps-
tral coefficients “M,” corresponding to the segments.

The predetermined statistical parameters may also include
non-Gaussianity scores “N,” indicating the deviation of the
segments from a Gaussian model.

The step of extracting features from the patient sound
recordings may also include estimating formant frequencies
“F.” for said segments.

Preferably the step of extracting features includes deter-
mining zero crossing rates “Z,” for the segments to thereby
detect a periodicity associated with the recordings.

In a preferred embodiment of the invention the step of
extracting features from the segments includes determining
wavelet Shannon entropy values “S,”, computing kurtosis
(vi), pitch (p,), bispectrum scores (B,), log energy (E,).

Preferably the method includes calculating a normalized
feature vector f, based upon said M,, N, F,, Z,, S, Vi, Pio
B, and E,.

Preferably the step of classifying the segments as cough
or non-cough sounds includes determining if they meet the
predetermined criteria by comparing the extracted features,
or a parameter derived from the extracted features, such as
the normalized feature vector, to features of a data set of
pre-recorded cough sounds.
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The step of classifying the segments may include training
an artificial neural network with features of the data set of
pre-recorded cough sounds for subsequent classification of
test features corresponding to test sound segments to thereby
classify the test sound segments into non-cough or cough
classes. Alternatively other pattern classifiers may also be
used, for example, a logistic regression classification
method.

Preferably the method further comprises diagnosing a
disease related state based on segments of the patient sound
recordings classified as cough sounds.

The method may further include monitoring patient data
from a number of sensors.

For example, the method may include monitoring patient
data from one or more of: breathing detection sensor,
temperature sensor, a movement sensor; EEG sensor; Oxy-
gen level sensor.

The method may include categorizing cough sounds as
being “wet cough” or “non-wet cough” sounds.

Where the method comprises diagnosing a disease state it
will further include the steps of:

categorizing cough events of the patient sounds as either

diseased or non-diseased;

computing a diseased cough index indicating the propor-

tion of diseased cough events categorized; and
deeming the patient to be suffering from the particular

disease state in the event of the diseased cough index

complying with a predetermined requirement.

The predetermined requirement may be that the diseased
cough index exceeds a predetermined threshold.

Preferably the step of categorizing the cough events as
either diseased or non-diseased includes processing features
extracted from the cough events according to a classification
procedure. For example, the classification procedure may
comprise application of a logistic regression model. Alter-
natively, the classifier may comprise application of a trained
artificial neural network.

According to another aspect of the present invention there
is provided a computational device including at least one
electronic processor in communication with an electronic
memory containing instructions for the processor to carry
out the previously described method for processing sound
recordings of a patient to categorize segments of said
recordings as cough or non-cough sounds.

For example, the computational device may include a
mobile telephone or like device that is programmed to carry
out the previously described method.

According to a further aspect of the present invention
there is provided a machine readable media bearing tangible
instructions for execution by an electronic processor for
carrying out the previously described method.

According to a further aspect of the present invention
there is provided a method of operating a computational
device to process patient sounds of a patient to thereby
transform said sounds to indicate a diagnosis of a particular
disease state of the patient. For example, the disease state
may comprise pneumonia.

Preferably the patient sounds comprise a sound recording
of the patient

Preferably the method for diagnosis includes the steps of:

categorizing cough events of the sound recording as either

diseased or non-diseased;

computing a diseased cough index indicating the propor-

tion of diseased cough events categorized; and
deeming the patient to be suffering from the particular

disease state in the event of the diseased cough index

complying with a predetermined requirement.
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For example, the predetermined requirement may be that
the diseased cough index exceeds a predetermined thresh-
old.

The method may include monitoring patient data from
one or more of: a movement sensor; EEG sensor; Oxygen
level sensor, breathing detection sensor and temperature
Sensor.

Preferably the step of categorizing the cough events as
either diseased or non-diseased includes processing features
extracted from the cough events according to a classification
procedure.

For example, the classification procedure may comprise
application of a logistic regression model. Alternatively, the
classifier may comprise application of a trained artificial
neural network, Bayes Classifier, Hidden Markov Model
(HMM) based classifier, Support Vector Machine (SVM)
etc. In one embodiment a training set for the classifier
includes non-pneumonic sounds recorded from patients suf-
fering from complaints such as, Asthma, Bronchitis, Rhin-
opharyngitis and wheezing, tonsillopharyngitis, congestive
heart disease, laryngomalacia and foreign body inhalation.

Various embodiments of the invention encompass long
term monitoring (without contact sensors) of inmates in
elderly care facilities such as nursing homes. It will be
realized that pneumonia is a serious problem among old
people and it is best to start treatment as early as possible.
Any respiratory condition needing a physician’s interven-
tion should be noted by the staff on an urgent basis and the
application of methods described herein are of assistance in
meeting this requirement. Such a method, according to an
embodiment of an aspect of the present invention may be
applied to chronically ill patients (with diseases of the
immune system or respiratory system) such as AIDS
patients, for example.

Embodiments of various aspects of the present invention
encompass the triaging of respiratory patients waiting to see
a particular specialist in and outside a hospital environment.

According to another aspect of the present invention there
is provided a computational device including at least one
electronic processor in communication with an electronic
memory containing instructions for the processor to carry
out the previously described method for processing sound
recordings of a patient to categorize segments of said
recordings as cough or non-cough sounds.

According to a further aspect of the present invention
there is provided a machine readable media bearing tangible
instructions for execution by an electronic processor for
carrying out the previously described method.

According to another aspect of the present invention there
is provided a method of operating a computational device to
process patient sounds in a digital electronic format, the
method comprising the steps of operating at least one
processor of the computational device to extract features
from segments of said patient sounds,

classify the segments as cough or non-cough sounds

based upon the extracted features and predetermined
criteria, and

tangibly mark segments as cough or non-cough classified

for further processing by the computational device.

BRIEF DESCRIPTION OF THE DRAWINGS

Preferred features, embodiments and variations of the
invention may be discerned from the following Detailed
Description which provides sufficient information for those
skilled in the art to perform the invention. The Detailed
Description is not to be regarded as limiting the scope of the
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preceding Summary of the Invention in any way. The
Detailed Description will make reference to a number of
drawings as follows:

FIG. 1. Is a block diagram of a cough processing system
according to an embodiment of the present invention.

FIG. 2. Is a flowchart of a method according to a preferred
embodiment of an aspect of the present invention.

FIG. 3. The structure of TDNN. It comprised of an input
layer, a hidden layer, and an output layer. The input of
TDNN is d successive feature vector f,. As an example, for
d=5, the input is {f, , , f, ..., T} To classify the all
sub-blocks, the input is shifted by a sub-block to the right.

FIG. 4. The smoothed probability density function of the
duration of cough segments (t,). It has mean of 0.373 s, and
standard deviation of 0.144 s.

FIG. 5. Illustrates a noise reduction process. (A) is typical
signal in the recording, (B) is the output of high pass filter,
and (C) is the output spectral subtraction filter. The devel-
oped filter improved the SNR (signal to ratio) of the signal
significantly.

FIG. 6. The probability density function (pdf) of ran-
domly selected Mel-frequency cepstral coeflicient
(smoothed for display purposes). Although there are over-
lapping, the coeflicient M(4) can be used to differentiate
cough and appliance sound, the coeflicient M(9) differentiate
between cough to cry, and M(11) differentiate between
cough and vocalization.

FIG. 7. The pdf of five first formant frequencies (F(1)-F
(5)). Even though the distribution of the formant frequencies
are overlapping, they have different mean, skewness, and
kurtosis, especially for F(1), F(3), and F(5).

FIG. 8. The pdf of the energy, zero crossing rate (ZCR),
Shannon entropy, and non-Gaussianity score (NGS). The
NGS can be used to differentiate between cough with
vocalization and cry, while ZCR differentiate between cough
and appliance sound. The profile of log energy and Shannon
entropy between sounds are similar but they have different
skewness and kurtosis.

FIG. 9. [llustrates cough segment identification. (A) The
sound signal from the noise reduction process, (B) the output
signal from TDNN, (C) the output signal after smoothing
process, and (D) the output signal after thresholding process.
The signal from the thresholding may contain false segment
(e.g., FD segment).

FIG. 10. The illustration of input signal and the output
signal from segmentation algorithm. The dashed line indi-
cates the segmentation output where the beginning and the
end of each cough segment can be determined. The false
segment FD (shown in FIG. 9(D)) is discarded because its
duration is outside the criteria of duration (z,,,,<t,<T,,,.)-
The algorithm successfully segments all cough sounds
including CG3 which overlaps with speech (SP).

FIG. 11. The segmentation output (dashed line) of the
signal which contains cough and cry sounds. Our segmen-
tation algorithm successfully segmented two cough sounds
and discarding the cry sounds. Only small part of cry sounds
mistakenly detected as cough segment.

FIG. 12. Block diagram for the proposed algorithm for the
Pneumonia diagnosis using cough feature.

FIG. 13. Sample pneumonia cough sound. Start and end
of the cough events were manually marked after carefully
listening to the cough events.

FIG. 14. Magnitude response of the digital high pass filter.
Pneumonia classification method

FIG. 15 Block diagram for the proposed algorithm for the
Wet and Dry cough sounds classification
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FIG. 16. Histogram of sensitivity and specificities
achieved for 200 training and testing datasets. Only selected
features were used for LR model designing.

FIG. 17 is a flowchart of a method according to a further
embodiment of the present invention for diagnosis of a
disease state, for example pneumonia.

FIG. 18 comprises charts presenting details of subjects
associated with application of the method of FIG. 17.

FIG. 19 shows typical examples of (a) pneumonia-cough,
(¢) asthma-cough, (e) bronchitis-cough and (g) bronchioli-
tis-cough waveforms and their corresponding power spec-
trogram.

FIG. 20 is a block diagram of an automated cough
classification procedure according to a further and preferred
embodiment of an aspect of the present invention.

FIG. 21 shows a typical example of dry cough waveform
and wet cough waveform from two patients,

FIGS. 22A and 22B are histograms of SNR for the cough
sound.

FIG. 23 Shows statistical information used in an analysis
and discussion of the method illustrated in FIG. 20.

DETAILED DESCRIPTION OF PREFERRED
EMBODIMENTS

1. First Method for Cough Classification

2.1. Cough Recording Protocol

The cough recording system consisted of low-noise
microphones 53, 55 having a hypercardiod beam pattern
(Model NT3, RODE®, Sydney, Australia), followed by a
pre-amplifier 52 and A/D converter 51 (Model Mobile
Pre-USB, M-Audio®, CA, USA) for the signal acquisition.
The output of the Mobile Pre-USB was connected to the
USB port 50 of a laptop computer 52. The nominal distance
from the microphones to the mouth of subject 42 was 50 cm.
The actual distance could vary from 40 cm to 100 cm due to
the subject movement. However, the proposed method did
not depend on the sound intensity and the results were
independent of the mouth to microphone distance. We kept
the sampling rate at 44.1 k samples/s and 16-bit resolution
to obtain the best sound quality.

The computer system 52 operates as a cough/non-cough
classification system and/or a cough based diagnosis system
according to preferred embodiments of various aspects of
the present invention, while executing a computer program
which will be described shortly. Personal Computer system
52 includes data entry devices in the form of pointing device
60 and keyboard 58 and a data output device in the form of
display 56. The data entry and output devices are coupled to
a processing box 54 which includes a central processing umt
70. The display 56 comprises a human-machine interface for
presenting the results of various classification procedures
implemented by the methods described herein. Other
human-machine interfaces are also possible, such as a smart
phone or a printer for example.

Central processing unit (CPU) 70 interfaces with storage
devices that are readable by machine and which tangibly
embody programs of instructions that are executable by the
CPU. These storage devices include RAM 62, ROM 64 and
secondary storage devices i.e. a magnetic hard disk 66 and
optical disk reader 48, via mainboard 68. The personal
computer system also includes a USB port 50 for commu-
nication with the external ADC module 51 which pre-
amplifies, filters and digitises signals from microphones 53
and 55. The microphones pick up sounds, e.g. cough sounds,
from the subject 42 lying on bed 40.
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Secondary storage device 66 is a magnetic data storage
medium that bears tangible instructions, for execution by
central processor 70. These instructions will typically have
been installed from an installation disk such as optical disk
46 although they might also be provided in a memory
integrated circuit or via a computer network from a remote
server installation. The instructions constitute a software
product 72 that is loaded into the electronic memory of
RAM 62. When executed the instructions cause computer
system 52 to operate as a cough-based diagnosis system,
and/or a cough or non-cough patient sound classifier, and in
particular to implement a one of a number of methods that
will be described shortly.

It will be realised by those skilled in the art that the
programming of software product 72 is straightforward in
light of the method of the present invention, embodiments of
which will now be described. In the following method
various variables are manipulated. It will be realized that
during operation of computer system 52 to implement the
method corresponding registers of CPU 70 will be incre-
mented and data written to and retrieved from secondary
storage 66 and RAM 62 by virtue of electrical signals
travelling along conductive busses etched on mainboard 68.
Consequently, physical effects and transformations occur
within computer system 52 as it executes software 72 to
implement, the method that will now be described.

Although the computational device that has been shown
comprises a personal computer, e.g. a desktop or laptop
computer, embodiments of the invention encompass other
computational devices. For example, embodiments of the
invention encompass a dedicated medical device and also a
smartphone loaded with an application, i.e. an “app” for
implementing one or more of the methods described herein.
In the case of a smartphone the phone’s onboard microphone
may be used to monitor the patient sounds or alternatively
one or more high quality external microphones may be
connected to the smartphone for such monitoring. The
smartphone may transmit digital recordings of patient
sounds to a distant computer which then processes the
digital recordings, via cellular telephone networks and/or the
Internet, according to the methods that are described herein.
The results of the processing may be transmitted back to the
smartphone for display thereon or alternatively be displayed
on an electronic display device under the control of the
distant computer.

The computational device may also be interfaced to a
number of patient sensors such as a movement sensor; EEG
sensor; Oxygen level sensor, breathing detection sensor,
temperature sensor for example. The data from these sensors
may also be used during performance of the various methods
described herein.

The data for this work was recorded at Sardjito hospital,
Yogyakarta, Indonesia, from pediatric patients admitted for
respiratory complaints. We acquired data in the natural
hospital environment, without modifying it in anyway, other
than placing our sound recording system by the bed (see
FIG. 1). Recordings were carried out in two types of hospital
rooms (single occupancy and double occupancy) during
daytime. The research protocol had received ethics clear-
ances from Sardjito Hospital and The University of Queen-
sland, Australia.

Our database consisted of cough sounds from children
spanning the age range of 5-64 months. See Table 1 for
details of inclusion and exclusion criteria.
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TABLE 1

INCLUSION AND EXCLUSION CRITERIA USED IN THE STUDY

Inclusion criteria Exclusion criteria

Advanced disease
where recovery is

Symptoms of
respiratory tract

infection, at not expected.
least 2 of: Droplet
cough, sputum, precautions
breathlessness, Having non-
and temperature invasive
>37.5° ventilation
Informed treatment
consent No informed
complete consent

The recordings were started after physicians had exam-
ined the subjects and the initial treatment had begun. The
duration of recording for each subject was from 4-6 hours.
In Table 2, we illustrate the demographic details of the
subjects.

TABLE 2

THE DEMOGRAPHIC INFORMATION OF THE
SUBJECTS INVOLVED IN THIS STUDY.

Age
Subject (months) Gender Diagnosis
1 6 M Heart failure,
pneumaonia
2 8 M Pneumonia
3 2 M Rhinopharyngitis
4 8 M Pneumonia
4 5 M Pneumonia
6 12 F Pneumonia
7 64 F Bronchopneumonia
8 16 F Pneumonia
9 15 F Tonsilopharyngitis
10 16 F Rhinopharyngitis
11 9 M Pneumonia
12 11 M Pneumonia
13 30 M Bronchitis
14 11 M Pneumonia

2.2. Cough Segmentation Method

The discretized sound recording, r{n], can be modeled as
the summation of cough sounds s_[n], background noises
b[n], and non-cough sounds s, [n] (e.g., speech, cry, vocal-
ization, appliances movement, etc) as follows:

HRI=sc ]+, [n ]+ ] M

An embodiment of the invention provides an automated
method to extract s [n] from the recording r[n]. The block
diagram of the overall method is shown in FIG. 2. It
comprises of four main processes: (a) noise reduction, (b)
feature extraction from sub-blocks of data, (¢) classification
of the sub-blocks of data into cough group (CG) and
non-cough group (NG) classes, and (d) identifying/forming
cough segments by appropriately grouping CG/NG-classi-
fied contiguous sub-blocks of data.

In sections 2.2.1-2.2.4, we provide a detailed description
of the method.

2.2.1 Noise Reduction

In order to reduce the background noise b[n], we pro-
cessed r[n] through two different filters: (a) a high pass filter
(HPF), and, (b) a power spectral subtractions (PSS) filter.
The HPF was designed as a fourth-order Butterworth filter.
It was used to reduce the low frequency interference that
may come from the movement of the microphone stands or
the bed. The PSS filter was employed to reduce the locally
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stationary background noise. It estimates the clean sound
signal by subtracting the power spectral of original sound
signal with estimated background noise [15]. The output
signal §[n] after filtering can be re-written as follows:

S[r]=Scn]+8,.[7] @

We measured the performance of the filter by computing

the signal to ratio [SNR], defined as a measure of signal

magnitude relative to background noise, before and after
noise reduction process. The SNR is computed as:

R,
SNR =20 log(R—b’)

where R, and R, are respectively the root mean square (rms)

value of signal $[n] and the background noise b[n].

After the noise reduction process, $[n] is used as the input
to the feature extraction unit.

2.2.2 Feature Extraction of Sound Signal
In this section, we describe the model of cough sound

production and the details of the feature extraction unit.

(a) Cough Sound Modeling
Based on physiological considerations, cough sounds are

often considered as a combination of four different phases
[1]: inspiratory, contractive, compressive, and expulsive.
The inspiratory phase is initiated by breathing in and ter-
minated by the closure of the glottis, supraglottis sphincters,
or both. In the contractive phase, groups of respiratory
muscles contract against glottal structures leading to the
compressive phase characterized by marked elevation of
alveolar, pleural, and sub glottis airway pressures. In the
expulsive phase, the glottis opens quickly followed by rapid
exhalation of air under a large pressure gradient. The rapid
movement of air expelled from the lung generates the cough
sounds with contributions coming from different areas of the
respiratory system. The mechanism of cough sounds pro-
duction shares some similarities to that of speech produc-
tion.

(b) Feature Design and Extraction
To obtain the features of the sound signal, we apply a

rectangular sliding window w,[n] of length N to §[n],

generating data sub-blocks. Let the k™ data sub-block be
denoted by s,[n]; hence §[n] can be expressed as the con-
catenation of sub-blocks s,[n], ie., S[n]={l||s,[n]l,

Is,[n]l, ..., Is[n]l, ..., s,[n]I} where K is the total number

of sub-blocks in §[n]. We compute the following features for

each sub-block s,[n].

1) Mel-frequency cepstral coeflicients (MFCCs): MFCC is
widely used in speech processing [16, 17], and were
found to be highly useful for snore analysis [18-21] as
well. In this work, inspired by the similarities of cough/
respiratory sounds to snores and speech, we explore the
use of MFCC in Cough Segmentation. We compute the
first [ Mel-frequency cepstral coefficients M(1),={M(1),,
=1, 2, ..., L} of each sub-blocks s,[n]. The coefficient
was computed by multiplying the signal s,[n] with a
hamming window w,, followed by applying the successive
processes of: Fast Fourier Transform (FFT), Mel-fre-
quency filter bank f,, filtering, and discrete cosine trans-
form. The Mel-frequency filter £, is defined in (4) and
M(1), is given in (5).

(1+f(Hz)]

fu= {2595 log—=
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-continued
5 < ®)
M(l), = - Z (log D )eos[n(c —D.5)/e],

c=1

Y

where D, (c=1, 2. . . ., C) is the output of the Mel-filter
banks.

11) Formant frequency: In speech, Formant frequencies show
characteristics of vocal tract resonances; in snore sound
analysis they indicate the resonance of the upper airway.
We hypothesized that in cough/respiratory sounds, for-
mant may carry resonances of the entire respiratory tract.
For instance, wheezing sounds, which originates due to
vibrations of the bronchioles of the lung, may contribute
higher frequency formants (resonance frequencies) in the
cough sounds. In this work, we estimated the first P
formant frequencies F(p),={F(p),, p=1, 2, ..., P}. LPC
spectrum and its parameters were determined by solving
Yule-Walker equations via the Levinson-Durbin recursion
[22].

iil) Zero crossing rates (ZCR): The ZCR, defined as the total
times a signal crosses the zero axis, is a simple but useful
method to detect the periodic nature of a signal regardless
of its magnitude. The ZCR feature 7, is computed as
follows.

=

(6)

[ Ttsetmsim—1) <0}

L]
FTN-T

m

where the indicator function TI{A} is 1 if the argument A
is true and O for otherwise.

iv) Non-Gaussianity score (NGS): The non-Gaussianity
score (NGS) provides an easy method to quantify the
deviation of a given signal from a Gaussian model. In our
previous work on snore sound analysis [23], this feature
showed a capability to screen obstructive sleep apnea. To
obtain the NGS, in each and every s,[n], we computed the
inverse (F~!) of normal Cumulative Distribution Function
() as given in (7).

0

where p, o, respectively are the mean and standard
deviation of s,[n], and p is defined in (8).

1=F plo)={y:F(yIn0)=p}

The NGS (N,), is the deviation of the probability plot of
si[n] (y) to its reference Gaussian probability plot (g)
given in (9), where g[n| and y[n], respectively represent
the probabilities of the reference normal data and the
analyzed data.

@
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v) Shannon entropy: Cough sound is a complex signal which
represents contributions from various sub-structures of
the respiratory tract. Some of these components display
pseudo-periodic structures, while others have a random
stochastic character. In some cases, cough sounds have
abrupt transitions from inspiratory phase to expiratory
phase. This period may contain instant break as well as
high frequency components. In this work, we computed
the Shannon wavelet entropy to capture these features. In
wavelet analysis, the signal s,[n] at scale i can be decom-
posed into its high and low frequency component using a
complementary filter consisted of low pass and high pass
filter. The outputs from low and high filter are defined as
approximation and details (A, and D,, respectively). The
wavelet Shannon entropy S, is obtained using definition
in (9) by computing the wavelet energy spectrum E, as in
(10) [24].

52, 'E; log E, ®

E=ID,[nP (10)

The features described in B(i)-(v) are computed for each
sub-blocks s,[n]. In each feature, we computed the minimum
and the maximum values in each feature of M, F,, Z,., S,
and N,. We used these values to normalize the components
of the corresponding feature into range of -1 to 1.

The normalized parameter vector f;, of s;[n] is then
defined as: §,={[M, F, Z, S, N,|”}. The overall feature
matrix G; for the i* patients is then given by
L T (T A i

As illustrated in FIG. 2, the Cough Segmentation tech-
nique according to an embodiment of the invention starts by
classifying each and every data sub-blocks s,[n] into the two
non-overlapping categories of Cough. Group (CG) and
non-Cough Group (NG) based on the feature vector f .

In section 2.2.3, we describe the pattern classification
scheme we developed for this CG/NG classification at the
sub-block level.

2.23 Classification of Sub-Blocks into Cough and Non-
Cough Classes

One embodiment of the invention makes use of an Arti-
ficial Neural Network (ANN) as the CG/NG pattern classi-
fier at the sub-block level. We used the ANN inspired by the
capability of human brain to recognize different types of
cough sounds regardless of their intensity, duration, or
wetness. Moreover, ANN has several advantages in that its
capable of classifying data using non-linear decision bound-
aries, based on a process of supervised learning with a set of
given examples. It has a proven ability to work with limited
training data sets compared to conventional methods [25]. In
this work, we used the particular form of an ANN known as
a Time Delay Neural Network (TDNN) [26] that has found
success in speech recognition applications. TDNN is
capable of classifying data sub-blocks s,[n] discounting
temporal translations [26] of the input feature set.

We show the structure of TDDN in FIG. 3. It comprised
of an input layer, a hidden layer, and an output layer. In
TDNN, we used d successive feature vectors of the matrix
G, to classify a sub-block as a CG/NG class. To classify the
next sub-block, we shifted the input by a sub-block the right,
and used the next group of feature vectors. We performed
this process from the beginning to the end of matrix thus all
of the sub-blocks in §[n], can be classified into CG/NG class.

The classification of sub-blocks using TDNN was carried
out through the process of training, validation, and testing.
To complete these processes, we prepared a data set, selected
the training parameters, trained the TDNN, and validated the
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classification results. Details of these processes are
described in the following sub-sections.
(a) TDNN Data Set Preparation.

We developed a data set comprised of cough and other
sounds from the recording. There are 665 cough sounds in
our data set. We divided our data set into three non-
overlapping random partitions, and named them as training
(TDS), validation (VDS) and testing (TeDS), respectively.
The proportions of TDS, VDS, and TeDS from the database
are (40%, 30%, and 30%, respectively). We denote the m”
such random partitions by the symbol C,, m=1,2, ..., M,
where M is the total number of random partitions used in this
work. All classification data set were analyzed indepen-
dently. We effectively used our data set by applying K-fold
cross validation method using the random sub-sampling
technique.

By using information cough segments locations of the
classification data set, we defined a matrix W,=[w,,
Woy o ooy Wi oo oy We, W,=IT{CG class}], where w, is the
class of each sub-block of s,[n] filled by “1” when the
argument of IT{CG class} is correct and “0” for otherwise.
The matrix W, was used as a target in the training process.
Note that the dimension of W, is similar to G,.

(b) TDNN Training Process

TDNN used in this study has the parameters as prescribed

in Table 3.

TABLE 3
TDNN TRAINING PARAMETERS
Parameters Details
Number of layets 3
Number of Input layer (L,) = 110,

neurons per layer Hidden layer (L) = 20,

Output layer (L)) =1

Activation Tangent sigmoid and
function linear

Weight and Nguyen-Widrow
initialization

Resilient back

propagation (RPROP)
Mean squate error = 1072,
Minimum gradient = 10719,
Maximum validation
failure = 100

Successive inputs 5

@)

Training method

Stopping criteria

We explain the procedure used to determine the selection
of number of the neuron in Section 3.4.

We constructed the network of TDNN, denoted as net,,
comprising of an input layer L,, a hidden layer L,, and an
output layer L,. The linear and sigmoid functions were
selected as activation function between layers. To determine
the initial weight and bias, we used the Nguyen-Widrow
initialization method.

For updating the bias term and weights of neuron during
the training process, we employed the resilient back propa-
gation (RPROP) algorithm [27]. The RPROP was found
sticcess to overcome problem of determining learning rate
for updating the weights of neurons. In gradient descent
algorithm, a too small learning rate increase the computation
time while a too large learning rate will produce oscillation
before reach the optimum point with reasonable error. In
contrast, the RPROP use an adaptive value to update the
weight, hence it is capable of achieving the maximum
optimization quickly. The details of this algorithm is
described in [27].



US 10,098,569 B2

15

In the training process, we defined stopping criteria: (a)
the mean squared error (mse) of the training data was less
than 10~%, (b) the validation error began increasing, and (c)
a minimum gradient in training performance of 107*° was
reached. Unless the training was stopped earlier, the neural
network was allowed to train up to 100 epochs.

Once these parameters have been set, we started training
the TDNN. In the training process, we let the network of
TDNN net,, to learn classifying the sub-blocks into CG/NG
class. The process was carried by giving d successive feature
vectors from G, to net,, (© approximate a target in, W,. We
investigated several combinations of features in f;, to find the
combination of inputs which give the best results in classi-
fying the CG and NG classes. We denoted the output of the
net, during training process as W, the approximation of W,.
To identify the Cough Segments, Wk was processed as in the
following section.

2.2.4 Identification of Cough Segment
In this section, we describe the technique to obtain the

Cough Segment by processing the output of TDNN (W,)

through segment identification process. The process com-

prised of: smoothing the output of TDNN, applying a

threshold to the smoothed signal to obtain segments, mea-

surement of the duration of segments, and selection of the
segments based on a criterion. The overall processes are
described in the following steps:

(S1) Define a parameter p, a small positive integer which
determines the span of moving average filter (H). Apply
W, to filter H to produce a smoothed signal W,

(S2) Apply threshold value (2) to the smoothed signal Ww,.
The output signal from this process was denoted as W,
givenin (11). The group of contiguous elements in W, was
defined as cough segment candidates.

|

(83) Compute the duration (t,) of the corresponding seg-
ments containing ‘1> in w,. This process is carried by
determining the start and end of each segment.

a. Starting k=1, find the smallest value of k (say k,) where
all sub-blocks W, correspond to the category of NG
class. The beginning of the sub-block W,, k=k, was
taken as the beginning of a NG segment.

b. To identify the beginning of cough segment, start the
searching in the domain of k,<k<K. Find the smallest
value of k (say k) in that domain, such that none of the
sub-blocks in W, correspond to NG. The beginning of
the sub-block Ww,, k=k, is taken as the beginning of a
CG segment.

¢. The end of NG is determined in a process similar to step
(83.a), with search domain for k set to k,<k<K.

(84) Define parameters of t,,, and 7,,,., a small positive
fraction which determine the minimum and maximum
segment duration of a typical cough sound from children.
The segments which durations are outside of this con-
straint will be discarded. We denoted the output signal of
this process as w,.

Steps (S1)-(S4) describe the method to determine the
beginning and the end of each segment of s [n]| and to
discount segments of s, [n] in a recording. In order to
validate the results, all obtained cough segments in W, were
compared with cough segments in W,.

an

1, forwg =2

0, forw, <A
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1I. Results and Discussion

3.1 Cough Segment Duration

In our clinical data, we identified the duration of each
cough segment (t,) by a combined process of visual obser-
vation and listening. The smoothed probability density func-
tion of T, is illustrated in FIG. 4. The cough segments have
minimum and maximum duration of (t,,,=0.18 s and
T,,..—11.6 5). The mean and standard deviation of the cough
segments are (1L, =0.373, 0,=0.144). In the segmentation
process, we use the T,,,, and T, . as one of the criteria to
determine the predicted segments as cough or non-cough
sound. We describe this process in Section 3.5.

3.2 Noise Reduction

Recording in an uncontrolled environment makes the data
more susceptible to background noise. In our recordings, we
identified two separate components of noise: (a) low-fre-
quency noise below 10 Hz and (b) white Gaussian noise (see
FIG. 5(A)). From the figure it could be seen that the
recording has a poor signal to noise ratio (SNR) spanning the
range 1.54-5.92 dB. To reduce theses noises we used a fourth
order Butterworth high pass filter (HPF) with 10 Hz cut off
frequency and power spectral subtraction (PSS) filter.

These filters improved the SNR significantly. The HPF
increased it to 11.98-17.19 dB (FIG. 5(B)) and the PSS
further increases it to 12.62-17.44 dB (FIG. 5(C)). These
results show that the developed filters capable of reducing
the background noise and improving the SNR of the record-
ing signal.

3.3 Characteristic of the Sound Feature

As described in Section 2.2.2, we computed the feature
vector f={M, F, 7, S, N} for each sub-block of s, [n]. We
used the sub-block size N=882 (20 ms). The selected sub-
block size is the basic unit for feature extraction of MFCC.
Smaller sizes (e.g., 10 ms), generally lead to distorted
results, because of very few samples involved in Mel-filter
integration; larger sizes have tendency to increase the word
error rate [28].

The feature vector f, contains 22 elements: 14 coeflicients
of M, (including log energy and the 07-12% cepstral coef-
ficients), 5 coeflicients of F, and 1 coeflicient of each 7, S,
and N,. To discover the characteristic of these features, we
calculated the probability density function (pdf) of a specific
sound in the CG and NG classes. The NG represent wide
range of non-cough sounds, hence in this work; we choose
the most dominant sound such as cry (CY), vocalization
(abbreviated as VC, e.g., speech, typical baby voices) and
appliances sound (abbreviated as AS, e.g., sound from the
door bank, trolley, bed).

We illustrate the smoothed pdf of each feature of f, in FIG.
6-8. As can be seen from these figures, the distribution of
features (M, F,, 7, S;, and N,) between cough and other
sounds are overlapping. However, each component of the
features has a unique distribution.

FIG. 6 shows the pdf from a randomly selected elements
of MFCC (M(1), M(4), M(9), and M(11)). From FIGS. 5(A)
and 5(B), it could be seen that the pdf of M(1) in CG and AS
classes have different mean (u=0.31 to 0.18). The pdf of
M(9) in FIG. 5(C) show that CG has lower mean than CY
(u=-=0.01 to p=-0.13, respectively).

FIG. 7 exhibits the pdf of formant frequencies. The
statistical distribution (mean, standard deviation, skewness,
and kurtosis) of formant frequencies of F(1), F(3), and F(5)
between CG and AS are distinguishable. The distribution of
F(2) in CG, CY, VC, and AS seem similar, however CG has
the lowest mean (-0.06). Moreover, the distribution of F(4)
in TS has the lowest mean among the classes (-0.003).
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In FIG. 8 we illustrate the NGS index of CG, CY, VC, and
AS. The NGS has the potential to discriminate CG from VC
and CY (FIG. 7(D)). Similarly, from FIG. 6(B) it could be
seen that ZCR can be used to discriminate CG from AS.

The pdf of the features shows that there are no dominant
feature which can be used alone as an input for TDNN to
classify CG/NG class. Hence, to obtain the maximum ben-
efit of each component of the features, we combined them
and used d successive of features vector as the input of
TDNN to classify CG/NG class.
3.4 TDNN-Based Analysis in CG/NG Classification

In this work, we used five successive feature vectors
(d=5): hence the number of neurons in the input layer is
(L,=110). In the output layer, there is only one neuron (L.,=1)
to represent of CG or NG class. To determine the number of
neurons in [, we tested several numbers of neurons during
the training process.

To evaluate the performance of the network (net.), we
computed the sensitivity and the specificity defined by the
following equations.

sensitivity=TP/(TP+FN)x100 12)

specificity=TN/(FP+TN)x 100 (13)
where TP=True Positive, TN=True Negative, FP=False
Positive, and FN=False Negative.

In Table 4, we show the performance of net for different
values of L.

TABLE 4

THE PERFORMANCE OF TDNN FOR DIFFERENT
COMBINATIONS OF HIDDEN LAYERS (Lz). THE HIDDEN
LAYER WITH 20 NEURONS SHOWS THE BEST
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TABLE 5

THE PERTORMANCE OF TDNN IN DIFFERENT COMBINATION
OF FEATURES. THE COMPLETE COMBINATION {My Fx Z¢ Sg
Nyt HAS THE BEST SENSITIVITY AND SPECIFICITY.

M, +2Z,+8, +
Data M+ Ty 23+ S+ Np T+ Ny
set Sens. Spec. Sens. Spec. Sens. Spec.
TDS 99.05  99.05  87.00  87.00 98.12 98.13
VDS 85.69  85.73 8144 8148 86.80 86.81
TeDS 80.37  89.37 7995  79.98 91.51 91.51

In the testing set (TeDS), the classification result using
{7, S, N} shows the lowest sensitivity and specificity
(79.95 and 99.98) respectively. The combination {M, F,}
has a higher result with 89.37% of sensitivity and specificity.
In contrast, the combination of {M, F, Z, S, N} achieved
the best sensitivity and specificity of 91.51%. Next, we
explored the combination {M, F, Z, S, N} as the input for
TDNN.

The performance of TDNN for M=14, (C,,
m=l1, 2, ..., 14) is shown in Table 6.
TABLE 6
SUMMARY OF NG/CG CLASSIFICATION
OUTCOMES FROM TDNN FOR M = 14,
(CM.M=1,2.... 14).
Data Sensitivity Specificity
set mean std mean std
TDS 96.77 0.0121 96.78 0.0121
VDS 89.40 0.0170 89.41 0.0170
TeDS 91.13 0.0073 91.14 0.0073

CLASSIFICATION PERFORMANCE.
Number of
neurons in
hidden layer Data Performance
L) set Sensitivity Specificity
10 DS 98.34 98.35
VDS 85.24 85.24
TeDS 90.32 90.35
20 DS 98.12 98.13
VDS 86.80 86.61
TeDS 91.51 91.51
30 DS 98.31 98.32
VDS 85.03 85.05
TeDS 90.24 90.25
40 DS 98.41 98.41
VDS 85.57 85.57
TeDS 91.435 91.45
50 DS 98.43 98.43
VDS 85.69 85.69
TeDS 89.89 89.92

From Table 4 it could be seen that in the testing set
(TeDS), the net, with 20 neurons in the hidden layer has the
highest sensitivity and specificity of (both 91.51%). Thus,
for the rest of this discussion we fix the network net.
(L=110, L,=20, L_=1). The number of neurons in net is
compact enough to be used in a system with limited com-
puting resources. The small number of layer and neurons
also improve the capability of the network to develop the
best model for CG/NG classification and to avoid memo-
rizing the samples given in the training.

We show the performance of the classification of sub-
block s, [n] into cough (CG) and non-cough (NG) classes,
using different combination of features in Table 5.
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Classification outcomes for each realization, C,,
m=1, 2, . . ., 14, were computed and the mean and the
standard deviation of sensitivity and specificity were esti-
mated (91.13+0.0073% and 91.14+0.0073%, respectively).
2.3. Formation of Cough Segments from Sub-Blocks

We illustrate the formation of cough segments, starting
from sub-blocks classified in Section 3.4, in FIG. 9. FIG.
9(A) shows the signal from the noise reduction process
while FIG. 9(B) illustrates the output signal from TDNN-
based classification (W,). In FIG. 9(B) we show the output
of the network net_ representing the approximation of the
state of CG and NG classes (1 and 0, respectively). As can
be seen, the groups of sub-blocks associated to cough sounds
formed segments with value close to 1, and otherwise for the
groups of sub-blocks from the non-cough sounds. From the
FIG. 9(B) it also could be seen that the network net.
effectively classify the sub-blocks into CG and NG classes,
even though they overlap with speeches (illustrated in CG3
signal). However, some of the sub-blocks in the middle parts
of CG2 and CG5 segments were misclassified as NG class
indicated by the sharp transition from high to low values.

To refine the segments and reduce the misclassified sub-
blocks in the segments, we processed the signal into a
smoothing process based on moving average filter. In this
stage, we carefully selected the span of the moving average
filter as (f=9). We show the smoothed signal (W,) obtained
from smoothing process in FIG. 9(C). As can be seen from
FIG. 9(C), the sharp transition parts in the corresponding
segments were reduced.

To determine the beginning and the end of cough seg-
ments, all elements in W, were compared against a threshold
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(). The corresponding element will be set to 1 If w>A then
and 0 for otherwise (W,<A), where A was set to 0.05. This
value of A was chosen to maximize the classifier perfor-
mance. We show the output signal from thresholding process
(W) in FIG. 9(D). It now contains two groups of segments
formed from 1 and O elements. We denoted the segments
with elements of 1 as cough segment candidates

Next, we defined the first element in a cough segment
candidate as the beginning of the segment and the last
element as the end of the segment. From Section 3.3 and 3.4
we knew that each element in a segment represents the class
of 20 ms sub-block. Hence, we can compute the duration of
a segment by multiplying the number of elements between
the beginning and the end of a segment with 20 ms. We
computed the duration of each segment (t,), and tested T,
against a minimum and maximum cough duration obtained
in Section 3.1. Only the cough segment candidates which
durations within the boundary (p,,,,,<T,...) Were selected as
cough segments. The illustration of this process is shown in
FIG. 10. From the figure it could be seen that the proposed
method effectively segments the cough (CG1-CG6) even
though they have different intensity and duration. Moreover,
although cough sound CG3 is overlapped with speech, the
method is capable of extracting the corresponding cough
sound. The false segment (FD) shown in FIG. 9(D) also has
been eliminated.

FIG. 11 illustrates the output of the segmentation method
in a typical signal which contains cough sounds intermixed
with cry sounds. The method successfully extracted the two
cough sounds from the signal and only detected one false
segment from a long duration of cry.

We show the performance of our segmentation method for
M=14, (C,, m=1, 2, . . ., 14) in Table 7.

TABLE 7

THE PERFORMANCE OF THE COUGH

SEGMENTATION METHOD FORM =14, (CM. M=1.2.....14).

Data Sensitivity Specificity

set mean std mean std
TDS 99.20 077 98.80 0.68
VDS 94.85 2.86 95.00 2.18
TeDS 95.07 343 9476 4.02

Segmentation outcomes for each realization, C,,
m=1, 2, . . ., 14, were computed and the mean and the
standard deviation of sensitivity and specificity were esti-
mated (95.07+3.43% and 94.76+4.02%, respectively). The
result also shows that the formation of cough segments from
sub-blocks process improves the sensitivity and specificity
by around 4% compared to the outcomes of sub-blocks
classification. The proposed method successfully discounted
sounds such as crying, vocalization, and other environmen-
tal sounds.

In this work, we recorded the cough from children in a
pediatric ward in Indonesia using a non-contact sensor. We
found that a non-contact sensor is preferable for this pur-
poses because of the ease of deployment and infection
control.

Our work focused on the pediatric populations less than
5.5 years which is an area left untouched by previous
studies. Children in that age range are more vulnerable to
respiratory diseases shown by the high rate of morbidity and
mortality. Thus, investigation to develop a method for ana-
lyzing signal from the populations is extremely important.
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Pneumonia/Non-Pneumonia and Wet/Non-Wet
Cough Sounds Classification Method

Referring now to FI1G. 12 there is shown a block diagram
illustrating a method according to a preferred embodiment
of a further aspect of the present invention. The method
illustrated in FIG. 12 is developed for the diagnosis of
particular disease states, for example Pneumonia/-non-
Pneumonia classification, associated with a patient. A further
embodiment of a classification method according to an
embodiment of the present invention is discussed at the end
of this specification.

Clinical Assessment and Inclusion-Exclusion Criteria

The data acquisition environment for this work is Respi-
ratory Medicine Unit of the Sardjito Hospital, Gadjah Mada
University, Indonesia. Our subject population includes indi-
viduals with symptoms of respiratory disease. Patients
admitted to the general ward of the hospital were assessed by
a clinician for the presented symptoms. All the observations
were documented in a standard sheet. Observations included
presence of cough, runny nose, fever, breathing difficulty,
diarrhoea etc. Clinician also recorded Temperature, Breath-
ing rate, SpO2 and Heart rate.

Table 8 lists the inclusion and exclusion criteria. All
patients fulfilling the inclusion criteria were approached. An
informed consent was made. Patients were recruited within
first 12 hours of their admission. After the informed consent
continuous sound recordings were made for next 4-6 hours.

TABLE 8

Inclusion and Exclusion Criteria Used in the study

Inclusion Criteria Exclusion Criteria

Advanced disease where
recovery is not

Patients with symptoms of
chest infection: At least 2

of expected eg terminal
Cough lung cancer

Sputum Droplet precautions
Increased breathlessness NIV required
Temperature >37.5° No Consent

Consent

A. Data Acquisition and Recording System.

The sound recordings were made in the general adult
ward of the hospital. Patient shared the room with 5 other
patients separated by curtains. The patients were accompa-
nied by their family members. The attending physician
regularly visited the patient, however no confidential infor-
mation related to the patient was recorded. The common
noise present in the recordings were from ceiling fan, foot
step, speech, door banging, trolley movement and other
ambiguity noises from outside the room.

Cough sound recordings were made using two systems,

(1) Computerized data acquisition system—A high fidel-
ity, professional quality pre-amplifier and A/D con-
verter unit, (Model Mobile-Pre USB, M-Audio, Cali-
fornia, USA) with a matched pair of low-noise
microphones having a hypercardiod beam pattern
(Model NT3, RODE, Sydney, Australia).

(i1) Portable recording system—A high-end, light-weight
portable, 2-AA battery powered audio recorder (Olym-
pus LS-11) with two precision condenser microphones.

In both the recording setup we used a sampling rate of
44.1 kHz with a 16 bit resolution. The nominal distance from
the microphone to the mouth of the patient was 50 cm, but
could vary from 40 cm to 70 cm due to patient movements.



US 10,098,569 B2

21

We received the digital sound data aided with the clinical
diagnostic information from the hospital. Data was com-
pletely de-identified and was stored behind the secure fire-
wall, under a strict regime of password control. The access
of the data was restricted to the participant researchers
individually authorized by the principle investigator.

B. Feature Computation from the Cough Sound Data
FIG. 12 shows the block diagram of the overall algorithm

developed for the Pneumonia/-non-Pneumonia classification

whereas FIG. 15 shows the block diagram of the algorithm
developed for the Wet/non-Wet cough sound classification.

FIG. 13 shows a sample of cough sound data with two
cough events. Start and end of the cough events were
manually marked after careful listening. After the manual
scoring of start and end of cough events we followed the
following steps to compute mathematical features from the
cough event data.

[C1]. Let x[k] denotes the k™ sample of the discrete time
cough sound. Filter x[k] using a digital high pass filter to
get y[k]. The transfer function of the filter in z-transform
is given by (1). FIG. 14 shows the filter response with
B=[1-0.85] and A=[1].

B(1)- BT (D
Y = %X(z)

For the Wet/non-Wet cough sound classification divide
y[k] into ‘n’ equal size segments. Let V'[k] represents
the n™ segment of y[k].

For pneumonia/non-pneumonia classification this sub-
segmentation is not considered.

[C2]. Compute the following features from the filtered
cough segment y[k] in case of pneumonia classification
and from each filtered subsegment y”[k] in case of wet/
non-wet classification.

1. Non-Gaussianity Score (NGS)»—NGS gives the mea-
sure of non-gaussianity of a given segment of data. The
normal probability plot can be utilized to obtain a
visual measure of the gaussianity of a set of data. The
NGS of the data segment y[k] can be calculated using
(2). Note that in (2), p(k) and q(k) represents the
probabilities and p and q represents the mean of the
reference normal data and the analyzed data, respec-
tively. Detail method of computing NGS can be found
in [29].

N @
> plk-p
k=

~
qlkl-7

NGS=1-
k=1

2. Formants frequencies—In human voice analysis for-
mants are referred as the resonance of the human vocal
tract. They are manifested as the amplitude peak in the
LPC spectrum of the acoustic signal. We included the
1* four formant frequencies (F1, F2, F3, F4) in our
feature set. Past studies in the speech and acoustic
analysis have shown that F1-F4 corresponds to various
acoustic features of upper airway [30]. We computed
the F1-F4 by peak picking the LPC spectrum. For this
work we used 147 order IPC spectrum and its param-
eters were determined via Yule-Walker autoregressive
method along with the Levinson-Durbin recursive pro-
cedure [31].

3. Log Energy(Log E)—The log energy for segment y[k]
was computed using eq. 3

1 N
LogFE = lologw[8+ VZ (y(k)z)]
el
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where ¢ is an arbitrarily small positive constant added
to prevent any inadvertent computation of the loga-
rithm of 0.

. Zero crossing (Zer)—The number of zero crossings

were counted for each cough event.

. Kurtosis (Kurt}—The kurtosis is a measure of the

peaked-ness associated with a probability distribution
of cough event data y[k], computed using (4), where p
and o in (4) are mean and standard deviation of y[k].

Foll - g

kurt = o

. Mel-frequency cepstral coeflicients (MFCC)»—MFCCs

are commonly used in the speech analysis systems [32].
They represent the short term power spectrum of an
acoustic signal based on a cosine transform of a log
power spectrum on a non-linear mel-scale of frequency.
We included the 12 MFCC coefficients in our feature
set.

. Bispectrum Score (BS)—The 3™ order spectrum of the

signal is known as the bispectrum. The bispectrum can
be estimated via estimating the 3" order cumulant and
then taking a 2D-Fourier transform, this method,
known as the indirect method of estimating the bispec-
trum, was followed. The 3’7 order cumulant C(t,,T,)
was estimated using (5) as defined in [33].

R= &)
Clr, 1) = I YRyl + 7)ylk +72),
=0
[l =0,
[ral =@,

By applying a bispectrum window function to the
cumulant estimate, windowed cumulant function
C,(t,,t,) was obtained. We used the minimum
bispectrum-bias supremum window described in
[34] for the purpose.

The bispectrum B(w,,m,) of the segment y[k] was
estimated as the 2-D Fourier transform of the cumu-
lant estimate C (T,,;T,) using (6). We used FFT
length of 512 points.

T) =too To=+co ) ) (6)
Bwno)= » Ol e

Tp=—00 Tp=—co

In the frequency domain, a quantity P(w;¢,p) can be
defined for the data segment y[k] such that

P(0:,0)=B(090+p) ™

describing a one-dimensional slice inclined to the
, -axis at an angle tan~"¢ and shifted from the origin
along the w,-axis by the amount p, (-n<p<). [5].
For this work we set ¢=1 and p=0 so that the slice of
the bispectrum considered is inclined to the w,-axis
by 45 degrees and passes through the origin (i.e. the
line described by w,=w, in the (w,, w,)-plane).

Then Bispectrum Score (BS) is computed using (8). In
(8) we used ®,=90 hz, w,=5 khz, w;=6 khz and
0,=10.5 khz,
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After the feature computation, for each cough segment, in
the case of the pneumonia classification we form a feature
vector containing 21 features (12 from MFCC; 4—Formant
frequency; 1 each from NGS, Log E, Zcr, Kurt and Bispec-
trum) and in the case of wet/non-wet cough classification we
get a vector containing 63 features (36 from MFCC;
12—Formant frequency; 3 each from NGS, Log E, Zcr, Kurt
and Bispectrum).

C. Pneumonia Classification Model and Feature Optimiza-
tion

We followed a three-step process for the pneumonia
classification using cough based features, which is as fol-
lows

Step 1. In the first step we classified each cough event into
one of the two categories, ‘Pneumonic Cough’ or ‘non-
Pneumonic Cough’. To solve this problem, we formed a
feature vector for each cough event and derive a model,
which can separate the cough events into two categories.
Different models were derived with different feature set as
shown in the Table 9.

TABLE 9

Derived logistic-regression model for classification of cough event
into categories ‘Pneumonic Cough’ and ‘non-Pneumonic Cough’.

Features Age (in  Presence of  Breathing

Models months) Fever Index Cough Feature
LR-model1 v
LR-model2 v v
LR-model3 v v
LR-model4 v 4 4
LR-model5 s v v v

Age Breathing threshold for fast breathing

1 months - 60 months
>60 months

40 breaths per minute
20 breaths per minute

‘v indicates the inclusion of that feature in model design.

Breathing index was calculated by subtracting the breathing threshold from the recorded
breathing rate.

For the cough classification we used Logistic Regression
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In (10) B, is called the intercept and f3,, f, and so on are
called the regression coeflicient of independent variables
(features) x,, X, respectively.

Logistic regression model were designed using the MAT-
LAB statistical toolbox version 7.5. Features were selected
to include only the best independent variables (variables
with low ‘p’ value) that facilitate the classification, in the
final model. The final model is then used to estimate the
probability P and each cough event is classified as belonging
to either of the two categories using a probability threshold
P,,.

Step 2. In the second step for each patient, we summed
number of ‘Pneumonia cough’ and computed an index called
‘Pneumonic Cough Index (PCI)’ using (9).

(1

Total number of Pneumonic cough

pct= Total number of cough

Step 3. In the third step we applied a predetermined
threshold PCI,, (optimized for high sensitivity while keep-
ing specificity>75%) to the PCI to classify patient into two
classes, ‘Class I—Pneumonia’ and ‘Class II—non-Pneumo-
nia’.

Wet/Non-Wet Cough Classification Model

For Wet and non-Wet cough classification we again used
Logistic Regression statistical model. In this case, the
dependent variable Y is assumed to be equal to “one” (Y=1)
for Wet Cough and “zero” (Y=0) for non-Wet Cough.

A model is derived using logistic regression function to
estimate the probability Y=1 (i.e cough event belong to
category of “Wet Cough’) given the independent variables
(i.e feature set) using (9) and (10). Features were then
selected to include only the best independent variables
(variables with low ‘p’ value) that facilitate the classifica-
tion, in the final model. The final model is then used to
estimate the probability P and each cough event is classified

S . . . 40 i i V i i -
statistical model. It is a generalized linear model, uses ai.?flf)gﬁm% tlo delther of the two categories using a prob
several predictors (independent variables) to estimate the abriity threshold.
probability of a categorical event (dependent variable). 1L 3. Pocumonia Classification Results

In this work (pneumonia classification modelling), the T
dependent variable Y is assumed to be equal to “one” (Y=1 - . .
forp Pneumonic Cough and “zero” (YZO)qfor non-Pneunol[onig 45 A. Database and Clinical Diagnosis
Coush Total of 541 cough events were analysed from the 81
g . . . . . . subjects sound recording (minimum 2, maximum 12, and on
A model is derlveq using IOg.lSUC regression function to average 6.6+2.14 cough events). Out of 81 subjects, 50 were
es?mate thf ‘%robablhty YEI g(fl;c) cc?ugh flven.t (liaelon(% t(; Pneumonia patients and 31 were non-pneumonia patients.
f}ggfggs Ze fegillllfelosl::lt; asoflcl)llowsglven 1¢ indepencent 5, Non-pneumonia patients included with diseases such as,
’ ’ Asthma—11, Bronchitis—8, Rhinopharyngitis—6 and oth-
ers (weezing, tonsilopharanzitis, heart disease, larangoma-
- © laysia, foreign body inhalation}—6. Chest x-ray was per-
PV = 1htoasn) = g formed on all suspected pneumonia patients. Nineteen
55 patients on which chest x-ray was not performed, 8 were
2= Bo+ P+ Pria ot Bon (10 asthma, 5 Rhinopharyngitis, 2 bronhitis and 4 other disease
patients. Table 10 gives the age and gender statistics of the
patient database.
TABLE 10
Age and gender statistics of the patients used in this study
Min Max <2 2-11 12-60 >60 Male  Female
Mean Age Age Age months months months months subjects subjects
41755145 1 191 3 28 30 20 43 38
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For deriving cough classification model using Logistic
Regression in the section 2.D Step 1, we randomly divided
our database into two groups, Training set and Testing set.
To validate the model we generated 200 different training

26
TABLE 11-continued

Contingency table for pneumonia diagnosis using WHO criteria vs

and testing dataset from the database of 81 subjects. Fach 5 Clincally diagnosed Pneumonia.
training set and testing set were mutually exclusive and had
56 and 25 subjects respectively. Sensitivity Specificity Accuracy
B. WHO Criteria for Pneumonia Diagnosis vs Clinical
DlagnOSIS . . Threshold for fast breathing used are WHO 46 23
Table 11 shows the contingency table for Pneumonia 10
. . . e se . <2 months - 60 BPM Criteria 4 8
diagnosis using WHO criteria and Clinically diagnosed
Pneumonia cases for our database of 81 subjects. 2-11 months - 50 BPM
12-60 months - 40
TABLE 11 >60 months - 20 BPM
15
Contingency table for pneumonia diagnosis using WHO criteria vs
Clinically diagnosed Pneumonia. BPM—Breaths per minute.
Sensitivity Specificity Accuracy C. Pneumonia Diagnosis Based on Pneumonic Cough Index
WHO criteria. 92 26 66.67 T . F : : :
able 12 shows the training and testing classification
[Cough OR Difficult Breathing & Clinically Confirmed 20 K . & K & K K
Fast breathing] Diagnosis results in separating cough events into two categories using
designed 4 logistic regression models given in table 9.
TABLE 12
Classification results for cough events into two categories (‘Pneumonic
cough’ and non-Pneumonic cough’) using different Logistic Regression models
as shown in table 3, following the method given in section 2.D Step 1. Selected
cough features used to develop the model were BSG, FF1, FF2, FF4, ZCR,
MFCC3 and MFCC6.
Training Dataset (374 = 9 cough Testing Dataset (166 + 9 cough
Features events from 56 subjects) events from 25 Subjects)
Models Sensitivity Specificity Accuracy  Sensitivity Specificity Accuracy
LR- 68.84 £ 24 69.12£24 68.94 £ 24 6528 6459 655
modell
LR- 787 24 79 £24 79«24 73.8+10 755+104 74355
model2
LR- 779 29 78 £29 78 £29 7549 72612 744 £5.7
model3
LR- 87.1=+2 8742 8722 83.5£85 80510 8235
model4
LR- 90 = 2.6 90.1 = 2.6 90 £ 2.6 8568 80112 83.5«5
model5
45  Table 13 gives the pneumonia classification results using
Pneumonic Cough Index. According to table 12, LR-Model5
gives the best classification results for cough events classi-
fication (mean sensitivity and specificity were 85.6+8% and
80.1x12% respectively). However in the pneumonia classi-
" fication task LR-Model4 performed better than LR-Model5.
It achieved the mean sensitivity and specificity of 86.2+9.6
and 84.3x15 respectively.
TABLE 13
Results for Pneumonic Cough Index based pneumonia diagnosis after
only selected cough features were used in the model training. Cough Features
selected were BI, FF1, FF2, Zer, MECC coefficients 4, 6 and 9.
Features Training Dataset (56 Subjects) Testing Dataset (25 Subjects)
Models PCI, Sensitivity Specificity Accuracy Sensitivity  Specificity Accuracy
LR- 04 833=+4 6586 7674 7T769+12 60516 70.6 £83
modell
LR- 0.38 84+ 32 81 +4 83 +3 R0.8x115 785x12 79.7+7.6
model2
LR- 04 87 +3.7 7+48 8343 845+9 70.8 £ 16 79«15

model3
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TABLE 13-continued

28

Results for Pneumonic Cough Index based pneumonia diagnosis after
only selected cough features were used in the model training. Cough Features
selected were BI, FF1, FF2, Zcr, MFCC coeflicients 4, 6 and 9.

Features Training Dataset (56 Subjects) Testing Dataset (25 Subjects)
Models  PCI,; Sensitivity Specificity Accuracy Sensitivity — Specificity Accuracy
LR- 04 90 £ 3 915+4 90.7+£29862+9.6 843=x15 852zx7
model4

LR- 04 923+28 88 £4 9062987488 779 +14 83663
model5

IV. Wet/Non-Wet Classification Results

A. Training and Testing Datasets

Total of 178 cough events from 46 subjects were ana-
lyzed. The male to female ratio of the subjects in database
was 1:1. The mean age of the subjects was 3 years and 1
month. A pediatrician, with clinical and research experience
of more than 20 years in the field of childhood illness with
specialty in chronic cough, asthma, and other respiratory
diseases, manually classified 178 cough events into Wet and
non-Wet after careful listening. We consider this manual
classification as the ‘reference standard’ against which
results of automatic classification by designed LR model
were compared.

Out of 178 cough events 82 were Wet and 96 were, as
classified by reference standard. We used 70% (124 cough
events) of the cough events for training and 30% (54 cough
events) for testing the model. Training and testing cough
events were randomly chosen using a random number
generator. To validate the model, we generated 200 different
training and testing dataset from the 178 cough events.

B. Classification Results

The mean sensitivity and specificity for Wet/non-wet
classification using LR-model was 74.8+9% and 69.9+9.4%
respectively for testing datasets, when all the cough features
were used to train the model. Mean sensitivity and speci-
ficity values jumped to 79£9% and 72.7+8.7% when only
selected cough features were used. In all 22 features were
selected out of 63 after the feature optimization. The
selected features were 1 each from BSG, Log E and Kurt; 2
from NGS; 3 from ZCR; 5 from formant frequency; and 9
from MFCC.

Table 14 shows the mean sensitivity, specificity, accuracy
and kappa results for training and testing datasets.

The kappa agreement between the LR-model and refer-
ence method was 0.45+0.12 when all the cough features
were used and 0.52+0.1 when only selected cough features
were used.

TABLE 14

MEAN = STD VALUES FOR SENSITIVITY, SPECIFICITY,
ACCURACY AND KAPPA, FOR 200 DESIGNED LR MODELS

Using all the cough Using selected cough

200 features features

Datasets Training Testing Training Testing
Sensitivity 100 = 0.1 748 £ 9 9593 +2 79+9
Specificity 100 =0 69.9 £ 9.4 834 +4 72.7 + 8.7
Accuracy 100 = 0.1 72,6 £ 6.1 88.7 £ 2.7 76.1 £35.5
Kappa 1=0 045 +£0.12 0.77 £0.05 052 +0.1
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FIG. 16 shows the histogram plots for the sensitivity and
specificity obtained using 200 training and testing datasets.

Table 15 shows the contingency table for the best LR-
model] among 200. It has the sensitivity of 90%, specificity
of 80% and a high kappa agreement of 0.71.

TABLE 15

CONTINGENCY TABLE FOR BEST LR MODEL (LR = 149)

Test Method
Non-
Wet Wet
Reference Wet 27 3 30
Standard Non- 5 20 25
Wet
32 23 35

A second pneumonia diagnosis method, according to a
further and preferred embodiment of an aspect of the inven-
tion will now be described.

V. 2. Material and Method 2" Pneumonia
Diagnosis Method

The overall approach of a preferred embodiment of the
present invention is summarised in FIG. 17. The method
consists of three main stages: the acquisition of data from
subjects, the development of features and the training of
pattern classifiers, and, the prospective validation and per-
formance evaluation of the technology. In Section 2A-2C we
provide details of these steps.

D. The Development of the Cough Sound Database

The clinical data acquisition environment for this work is
Respiratory Medicine Unit of the Sardjito Hospital, Gadjah
Mada University, Indonesia. Table 16 lists the inclusion and
exclusion criteria of subjects.

TABLE 16

Inclusion Criteria Exclusion Criteria

Patients with symptoms of chest
infection: At least 2 of

Advanced disease where recovery
is not expected eg terminal lung

Cough cancer

Sputum Droplet precautions
Increased breathlessness NW required
Temperature >37.5° No Consent

Consent

Patients suspected of acute respiratory illness such as
pneumonia, bronchiolitis, bronchitis, asthma, rhinopharyn-
gitis etc. were recruited for the study. An informed consent
was made using form approved by the human ethics com-
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mittees of Gadjah Mada University and The University of
Queensland. Patients were recruited within the first 12 hours
of their admission.

A pediatric clinician assessed the patient for the presented
symptoms. All the observations such as the presence of
cough, runny nose, fever, breathing difficulty, diarrhoea etc.
were documented in a standard sheet. The database also
contained routine demographic information and the results
of clinical (eg. chest auscultation, breathing rate, oxymetry,
temperature) as well as laboratory (eg: blood, sputum analy-
sis) investigations. The reference standard used for Pneu-
monia diagnosis in this discussion is the overall diagnosis
provided by physicians, on the basis of clinical presentation,
laboratory tests, chest X-ray and the clinical course of the
disease. In order to minimize the radiation exposure to
children, X-ray was performed only on subjects clinically
suspected of pneumonia, or if there was a clear clinical need
for it. Thus, not all subjects in our database had undergone
X-ray imaging.

After the initial medical assessment, sound recordings
were made in the natural environment of the respiratory
ward. We collected sound data records of 6-8 hr durations
from each patient, using bedside microphones (Rode® NT7
or Olympus® LS11, 44.1 kHz sampling rate). The distance
from the mouth to the microphone could vary between 40
cm to 70 cm depending on the position of the patient’s head.
The inventors’ objective has been to develop technology that
is robust against intensity variations, such that the distance
from the mouth to the recording device does not play any
significant role in the diagnosis.

We used a total of 91 patients (63 pneumonia and 28
non-pneumonia subjects) to develop and validate our tech-
nology. Diseases such as bronchiolitis, asthma, bronchitis,
pharyngitis, laryngomalacia are lumped within the non-
pneumonia group. Details of the subjects are given in FIG.
18. The overall dataset at our disposal was separated into
two non-overlapping groups: the Model Development Data-
set (D ;) and the Prospective Validation Dataset (D ,,).
These two datasets were completely independent of each
other. The sets D | ;and D, did not share either coughs or
any subjects. Patients were assigned to each group based on
the order of presentation to the respiratory clinic of the
hospital. D ,,; and D ,, consisted of N,,/~66 and N, =25
subjects respectively.

Sound data from each subject consisted of about 6-8 hrs
or continuous recordings. Cough sounds were manually
segmented after a careful listening process. There is no
accepted method for automatic identification of coughs and
the manual analysis is still used as the gold standard in
clinical work as well as in research literature. FIG. 19 shows
typical examples of (a) pneumonia-cough, (c) asthma-
cough, (e) bronchitis-cough and (g) bronchiolitis-cough
waveforms and their corresponding power spectrogram. A
clear characteristic difference between the pneumonia-
cough and other-coughs in duration and power spectrogram
magnitude can be seen.

E. Feature Extraction and Pattern Classifier Design

We used the Model Development Dataset D, for the
work described in this section. Let C, ; be the total number
of coughs events from the subjects in D , ;. The approach
taken in here uses a leave-one-out model building and
validation process to develop features and optimize model
parameters. Within this framework, our method can be
described in four major processing steps (see FIG. 17),
Step-1 to Step-4 as described below.

In the first step we compute a feature matrix. In the second
step we design automatic classifiers using the feature matrix
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from step 1 to classify cough sounds into ‘pneumonic
cough’ and ‘non-pneumonic cough’ classes. In the third step
we select an optimal classifier and in the fourth step we
define a new index called Pneumonic Cough Index (PCI) to
identify patients with pneumonia.

Step-1: Extraction and Augmentation of Cough Features

In this step, our first target is to extract features from
cough sounds to be used in the pneumonia diagnosis algo-
rithm. Mathematical features from each cough eventin D ,,,
were computed as follows:

[1]. Let x denotes a discrete time sound signal from an

arbitrary cough event.
[2]. Segment x into ‘n=3" equal size non-overlapping
sub-segments. In the literature'®, clinicians and scien-
tist alike have described cough sounds consisting of 3
phases, (i) initial opening burst, (ii) followed by noisy
airflow and last (iii) glottal closure. It has been shown
that these phases carry different significant information
specific to quality of cough. On this basis we divided
each cough segments into n=3 sub-segments. Let x,
represents the i sub-segment of x, where i=
,2,3,...,n

[3]. For each of the sub-segments x, compute the follow-
ing features: Bispectrum Score (BGS), Non-Gaussian-
ity score (NGS), the first four formant frequencies (FF),
log energy (Log E), zero crossing (ZCR), kurtosis
(Kurt), and twelve Mel-frequency cepstral coeflicients
(MFCC). Note that we do not make use of the 0%
coeflicient of MFCC, which represents energy, in the
signal x,,

[4]. Repeat steps (1)-(iii) forall C,,, cough eventsin D ;.

This process leads to a candidate cough feature matrix M,
of the size C,,xC, for each sub-segment x;. Where C,=63
represents cough based features and C, , is the total cough
events in database D .

In the simplest form of the diagnostic algorithm, we will
only be using cough-based features to diagnose pneumonia.
However, we recognize the existence of some simple clini-
cal measurements that can be used to improve our algo-
rithms at minimal cost in complexity. The WHO algorithm
for resource-poor areas, Table 17, uses the age and breathing
rates, and other researchers have used the existence of fever.

TABLE 17

Screening in criteria  Cough or difficult breathing
Criterion for Cough and fast breathing. Threshold for fast
Pneumonia breathing depends on the child’s age.
2-11 months - 50 Breaths Per Minute
12-60 months - 40 Breaths Per Minute
Cough and fast breathing with general danger signs
such as
Lower chest wall indrawing
Stridor in calm child

Criterion for Severe
Pneumonia or Very
Sever Pneumonia

While none of these alone or in combination have yielded
the desired diagnostic performance in remote areas, these
measurements have the potential to augment cough-derived
features. Inspired by the WHO algorithm that uses age as
one of the parameters, we used age in months as a candidate
parameter in our models. We also used the presence or
absence of fever as a binary variable. In the WHO algorithm,
breathing rate is used as the prime parameter in diagnosing
pneumonia. In our work, we propose a new measure (see
(1)), which we call the Breathing Index (Brl), to capture
breathing rate elevations in pneumonia.
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B {BR—20 if Age=60 months} oY

BR-40 otherwise

In (1) BR is breathing rate and Age is age of the patient
in months. While fever is a common symptom of pneumo-
nia, it is not specific to pneumonia. A similar observation
holds for the breathing rate. Table 18 shows the candidate
feature set F*={C, f, f,, . . ., f}, where C, represents
cough-derived features and the rest denotes augmented
features used in our models.

TABLE 18

Six different combinations of features used to form feature matrix in
section 2-B [Step 1]. Here a tick indicates the inclusion of thar feature
in the model design. Breathing index was calculated by subtracting
the breathing threshold from the recorded breathing rate.

Features Age (in  Presence  Breathing Cough
Combination months) of Fever Index Feature (#66)
F! (All cough features. 4

C;>

F’ (C,+ Be) v v

F* (C,+ Fever) 4 4
F{(C+ Age) v/ v

B (Cp+ Fever - Brl) 4 4 4
FS(Cp+ Age - v/ v/ v

Fever + Brl)

The final features in our algorithms will be drawn from
the group of candidate features. Details of the feature
selection, model development and validation will be
described in Step-2 below.

[Step 2] Feature Selection and Automatic classifier design—
The inventors used Logistic-regression model (LRM) as
the preferred pattern classifier however those skilled in
the art will appreciate that other classifier methods are
also applicable. LRM is a generalized linear model, which
uses several independent features to estimate the prob-
ability of a categorical event (dependent variable). In this
work, the dependent variable Y is assumed to be equal to
“one” (Y=1) for pneumonic cough and “zero” (Y=0) for
non-pneumonic cough. Cough events drawn from a sub-
ject with a diagnostic classification of pneumonia are
labelled pneumonic coughs and vice versa. A model is
derived using a regression function to estimate the prob-
ability Y given the independent cough features (i.e.
F={C, £}, £, . .., £}) as follows:

Prob(Y =1 |f1vf2vf2v---fF) = )

z=Po+Pih+Pfot ...+ Bufr (©)

In (2) and (3) I}, L, . . . 1 are the elements of feature
vector F* (independent variables), {3, is called the intercept
and B, B, and so on are called the regression coeflicient of
independent variables. To select the optimal decision thresh-
old A from Y (that the cough is pneumonic if Y is above A,
otherwise non-pneumonic) we used the Receiver-Operating
Curve (ROC) analysis.

We used a leave-1-out cross validation (LOV) technique
for the LRM design. As the name suggests, LOV technique
involves using data from all the patients except one to train
the model and cough events from one patient to validate the
model. This process was systematically repeated such that
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each patient in D, , was used as the validation data exactly

one time. At the end of this process, we end up in N,

different LRM models. To evaluate the performance of the

designed N, ; LRMs, performance measures such as Sen-
sitivity, Specificity, Accuracy, Positive Predicted Value

(PPV), Negative Predicted Value (NPV), Cohen’s Kappa

(K) statistic were computed.

(i) Feature Selection: Feature selection is a technique of
selecting a sub-set of relevant features for building a
robust learning model. Theoretically, optimal feature
selection requires exhaustive search of all possible subsets
of features. However, to do so for large number of features
it will be computationally intensive and impractical.
Therefore we searched for satisfactory set of features
using p-value. In LRM design a p-value is computed for
each feature and it indicates how significantly that feature
contributed in the development of the model. Important
features have low p-value. We used this property of LRM
to select a reasonable combination of features (indepen-
dent variables with low p-value) that facilitate the clas-
sification, in the model during the training phase. Com-
pute mean p-value for F features over N, , LRMs. Select
the features with mean p-value less than a threshold value
given by p,,,. Let C;7 be the sub-set of selected cough
features from C,and I, be the candidate features set
formed by augmenting features with selected cough fea-
tures.

(i) Robust LRM design: Once the subset F°_ is known, we
use those features and build a new set of LRMs once again
following another leave-one-out validations process. At
the end of this process, we have N, , number of LRMs
using F¢, as the input feature set.

[Step 3] Selecting a good model from N ,,; LRMs—From
the candidate LRMs that use the selected features F<, as
the input features, we selected one model as the best based
on the k-mean clustering algorithm. In the k-mean clus-
tering algorithm, target is to divide q data points in
d-dimensional space into k clusters, so that within the
cluster sum of squared distance from the centroid is
minimized. Problem in our hand is to select a good model
from the N ,, , models available to us. To do so we divided
N ., models in d-dimensional space into k=2 clusters, i.e.
high performance model cluster and low-performance
model cluster. We set space dimension d equal to model
parameters plus three performance measures (sensitivity,
specificity and kappa). Then from the cluster of the high
performance models, we selected that model which had
the lowest mean square error value with respect to the
centroid. Let M7 represent the selected LRM and AR 7
is the corresponding probability decision threshold (value
determined using ROC curves such that the classifier
performance is maximized) for a specific combination of
features.

Once R is chosen, we fix all the parameters of the
model and completely terminate the training process. The
model R is then used as the best model 1o classify each
individual cough event into ‘pneumonic-cough’ or ‘non-
pheumonic-cough’ groups.

[Step 4] Pneumonic Cough Index—In this step, for each
N,,/~06 patient in the D, we compute a Pneumonic
Cough Index (PCI) using the below definition.
Definition of Pneumonic Cough Index (PCI): Let ‘P’ be

the total number of coughs recorded and analysed from a

patient. And let ‘Q’ out of ‘P’ coughs are classified as



US 10,098,569 B2

33

pneumonic cough using selected LRM R in step 3. Then
the PCI index for the patient is computed as

PCI=Q/P Q)

Then using the ROC analysis we computed a threshold
PCl,, (optimized for high sensitivity while keeping accept-
able specificity) to classify patient into two classes, ‘Pneu-
monia’ and ‘non-Pneumonia’.

F. Testing of Selected LRM R and PCI on D o

Following the procedure described in section 2-B [Step 1]
and using the cough events sound data from N , =25 patients
in dataset D ,,,, compute the cough event feature matrix M,
D # of size C,,xC C,, is total cough events in D ,,, and
C 763 represents cough based features. Form M_D#* from
M,’D#" by augmenting clinical features with selected
cough features C;. Use selected LRM R in Section 2-B
[Step 3] to classify data in M”98 #¥ into classes ‘pneumonic
cough’ and ‘non-pneumonic cough’. Then using (4) compute
the PCI for each patient in D ,,. Applying PCl,,; computed
in section 2-B [step 4] to PCI and classify patients as
‘Pneumonia’ if PCI>PCI,, and ‘non-pneumonia’ otherwise.

Compare the results of automatic classification by PCI
with that of attending clinician and compute the perfor-
mance measures.

D. Database and Clinical Diagnosis

Sound recordings from N=91 patients (48 males and 43
females) were used. The mean age of the subjects was 3
years and 1 month (standard deviation 3 years and 11
months). The age range of the subjects varied from 1 month
to 15 years. Of the 91 subjects, 63 were Pneumonia patients
and 28 were non-pneumonia patients. Non-pneumonia
patients had diseases such as Asthma, Bronchitis, Rhin-
opharyngitis and others (wheezing, tonsilopharyngitis, heart
disease, foreign body inhalation). Chest X ray (CXR) was
performed on 65 patients to confirm the diagnosis. Of the 26
patients on whom CXR was not done, eight had been
clinically diagnosed as pneumonic and 17 as non-pneumonia
patients. FIG. 18 gives the distribution of age and disease
categories in the database.

E. Cough Sounds Characteristics

FIG. 4 shows a typical example of pneumonia-cough,
asthma-cough, bronchitis-cough and bronchiolitis-cough
waveforms and their corresponding power spectrogram. We
can see a clear characteristic difference between the pneu-
monia-cough and other-coughs in duration and power spec-
trogram magnitude. The pneumonia-cough is of short dura-
tion with widely spread power spectrum up-to 20 kHz. On
the contrary other coughs are of long duration with power
spectrum up-to 15 kHz. The mean duration of pneumonia-
cough (0.26%0.7s using n=401 coughs) was significantly
less (2-tailed t-test, p<0.005, t=-8.6786) than that of other
cough (0.32+0.08s using n=198 coughs). The cough sound
waveforms were generally clean with high signal-to-noise-
ratio (SNR). The mean SNR for the D ,,, was 15.8+5.6 db
(maximum=28.05 db and minimum=2.08 db) and that for
D, was 16.7x5 db (maximum=26.7 db and minimum=7.9
db).

F. Pneumonia Dagnosis Bsed on WHO Criteria

Table 19 shows the contingency table for Pneumonia
diagnosis using WHO criteria and clinically diagnosed
Pneumonia.
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Sensitivity Specificity Accuracy

WHO criteria.

[Cough and/or breathing difficulty]
Threshold for fast breathing used are
<2 months - 60 BPM

86% 22%

2-11 months - 50 RPM
12-60 months - 40
>60 months - 20 BPM

WHO guidelines for pneumonia diagnosis in community
settings are designed for children with age group of 2
months to 5 years'®. “Infants less than 2 months with signs
of pneumonia are referred promptly to the nearest health
facility because they are at high risk of suffering severe
illness or death”®, Therefore table 19 is generated using #68
subjects in our database, which falls in the age range 2
months to 5 years. WHO criteria achieved a high sensitivity
of 83% in picking clinically confirmed pneumonia cases,
however presented with a poor specificity of 47%.

G. Pneumonia Diagnosis using Designed Model on Train-
ing/Validation Dataset

From N=91 patients a total of C=599 cough events were
analysed. On the average 6.6+2 cough events per patients
were analysed (minimum=2 and maximum=12 per each
patient). In section 2-A, we divided N=91 patients into two
datasets D, (Training/Validation dataset) and D ,, (Pro-
spective study dataset). D, has data from N ,, ~66 patients
with C,, ;=440 cough events (average=6.7+2, minimum=2,
maximum=12). D, has data from N, =25 patients with
C,,~159 cough events (average=6.4x1, minimum=>5, maxi-
mum=10).

Feature Matrix: Following the method given in section
2-B [Step 1] we computed feature matrix M. We used n=3
to divide each cough segment into 3 sub-segments. Setting
n=3 gave 63 mathematical features from each cough event,
consisting of (36 MFCC)+(12 FF)+(3 each of BSG, NGS,
Log E, ZCR and Kurt). Augmenting clinical features with
cough features 6 cough event feature matrix M, were
created. Following LOV technique N, ~66 LRMs were
designed (since N,,,~66 patients in D ,, ;).

Pneumonic Cough Classification using LRM before fea-
ture selection: For F! feature combination (only mathemati-
cal features of cough), the mean training sensitivity and
specificity over 66 LRMs in classifying cough events into
Pneumonic and non-preumonic cough classes were 81+1%.
Validation sensitivity and specificity were 63% and 52%
respectively. When Brl was included as feature, sensitivity
and specificity of validation set jumped to 71% and 55%
respectively. And when all the features, Age, presence of
fever and Brl were included in train LRM along with
mathematical features of cough, sensitivity and specificity
further increased to 73% and 62% respective. Table 20 gives
the performance of the model in classifying cough events
into Pneumonic and non-pneumonic cough classes using
different combination of features.
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TABLE 20
Performance of the LRM muodels in classifying cough events into
‘pneumonic cough’ and ‘non-pneumonic cough’ classes on training/validation dataset
D,,; when all the features were used to train the model. F represents the different
feature combination.
Training Validation

Fe Sens Spec Acc PPV NPV K Sens Spec Acc PPV NPV K
F' (All cough 81+1% 81 1% 81=1% 90=+1% 68+1% 059=001 63% 32% 359% 73% 40% 0.13
features, Cp)

F (Cp+ Brl) 85+1% 85 =x1% 85=x1% 92+1% 73+2% 067=002 71% 35% 66% 77% 48% 026
F (C;+ Fever) 83+1% 83=x1% 83=x1% 91+1% 7T0+2% 0.62=001 68% 34% 63% 75% 45% 020
F? (Cr+Age) 85+1% 85 =x1% 85=x1% 9R2=+1% 73=+1% 068=002 70% 36% 65% 77% 47% 024
F? (Cp+ Fever + 87 1% 87x1% 87=x1% 93+1% 76+1% 071002 70% 39% 67% 78% 49% 028
Bil)

F¢ (Cr+ Age + 91+1% 9N=+1% 91=+1% 96=1% 8 +£2% 08002 73% 62% 70% 80% 53% 0.34

Fever + Brl)

Pneumonic Cough Classification using LRM after feature
selection: Following the procedure described in section 2-B
[Step-2] and using p-value, we selected features for each of
F¢.. Table 6 gives the details of the cough features selected
and the p,,. used for selection.

was selected and applied on PCI to classify patients into
‘Pneumonia’ and ‘non-Pneumonia’. Table 23 shows the PCI
based pneumonia/non-pneumonia classification results for 6
feature combinations F°,.

55 TABLE 23
TABLE 21
Performance of the selected LRM 31/ on train/validation dataset D,
30 cough features were selected from C,= 63 features after the feature in diagnosing pneumonia using Pneumonic Cough Index.
selection step.
Selected Dataset D,y
Features selected 30
LRM model PCI S S A PPV NPV K
P,used BSG NGS FF lLogE Kut ZCR MFCC fmode e OIS PPeC A
3 s 5 0/ 0/, 0, 0, 0,
0.23 5 1 3 5 0 3 19 b (5] 0.5 93% 90.5% 92%  95% B86% 0.83
9P (CpaB 05 9% 903% 92% 95%  86% 083
N3 (cf+ 0.3 91% 86% 89%  93% 82% 0.76
Table 22 gives the performance of the model after feature 33 ggyep
selection in classifying cough events into Pneumonic and AA(Cr+Age) 0> 9% O1% O1% 9%  83% 080
non-pneumonic cough classes.
TABLE 22
Performance of the LRM models in classifying cough events into
‘pueumonic cough’ and ‘non-pneumonic cough’ classes on training/validation dataset
D, when selected feamures were used to train the model.
Training Validation
Fe, Sens Spec Acc PPV NPV K Sens Spec Acce PPV NPV K
Fls CF) D+x1% 79+1% 79+x1% 8 =1% 64=1% 054001 69% 64% 68% 80% 350% 031
P2, (C7 + Brl) 82 +1% 83x1% 83 +1% 91 1% 70x1% 0.60+0.02 72% 69% 71% 83% 54%  0.39
FSS (Cfs + Fever) 82+1% 82=+1% 8=+1% 91=1% 69=1% 061002 72% 60% 68% 79% 51% 031
Fh; (CF +Age) 82+1% 82=x1% 8=+1% 91=1% 69+2% 071002 71% 67% 70% 8% 53% 0.36
P, (C# + Brl + Fever) 86 +1% 87x1% 8 +1% 93=x1% 75x1% 070001 77% 74% 76% B86% 60%  0.49
Fe, (C7 +Brl+ Age + Fever) 80 +1% 89x1% 8 =1% 94=1% 79=1% 075001 8% 73% 78% 86% 63% 051

According to Table 22 we see a general improvement in
model performance after the feature selection for all F°. The
validation sensitivity and specificity for F', where only
mathematical feature from cough events were used to train
the model, increased to 69% and 64% respectively with
K=0.31. Best sensitivity and specificity of 80% and 73%
respectively were achieved for F°,.

PCI based classification: From N, ~66 designed LRMs
for each F°, using data from D, , robust model R was
selected using k-mean clustering method as discussed in
section 2-B [Step 3]. The chosen model | and all its
parameters were fixed for use in step [4] of section 2-B.
Using the definition given in section 2-B [Step 4], PCI index
was computed for each patient. By ROC analysis a PCI,,
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TABLE 23-continued

Performance of the selected LRM 31/ on train/validation dataset D,
in diagnosing pneumonia using Pneumonic Cough Index.
Selected Dataset D,,;
LRM model PCL,, Semns Spec Acc PPV NPV K
NS5 (CF+Brl+ 0.5 93% 90.5% 92% 95.35% 86% 0.83
Fever)
91% 90.5% 91%  95% 83% 0.8

A8 cp+Bl+ 067
Age + Fever)
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All the feature combinations achieved a sensitivity and
specificity greater than 90% except for F>, which registered
a slightly lower specificity of 86%. F'_ which uses only
cough features has the sensitivity of 93% and specificity
90.5% with K=0.83.

H. Pneumonia Diagnosis using Designed Model on Prospec-
tive Study Dataset

The model R’ selected in section 2-B [Step 3], was
tested on completely new dataset D, consisted of N,,,=25
patients and C, =159 cough events. Model was tested for
both, performance in classifying cough events into pneu-
monic and non-pneumonic cough and in separating the
patients with pneumonia from non-pneumonic using PCI.
Table 24 shows the performance of the selected LRM R*
in classifying cough events into Pneumonic and non-pneu-
monic cough classes.

TABLE 24

Performance of the selected LRM 3 on prospective dataset D,, in
classifying cough events into classes
‘Pneumonic cough’ and *non-pneumonic cough’.

Prospective Dataset D,,,

Selected LRM modsl Sens  Spec Acc PPV NPV K

N <) 83% 58% T4% T79% 64% 042
NP2 (Cf +B) 82%  60% 74% 80% 64% 0.42
N3 (C/ + Fever) 82%  78% 81% 88% 69% 0.58
R (CF + Age) 84%  75% 81% 86% 71% 0.57
NS5 (Cf + Bl + Fever) 82%  69% T7% 83% 67% 0.50
NSO 88%  85% 87% 92% T78% 0.71

(CF + Brl + Age + Fever)

Table 25 shows the performance of model in classifying
patients into pneumonia and non-pneumonia.

TABLE 25

Performance of the selected LRM 3/ on prospective dataset D, in
diagnosing pneumonia using Pneumonic Cough Index.

Prospective Dataset D

Selected LRM model Sens Spec  Acc PPV NPV K
nA ) 94% 75% 8%  89% 8% 0.72
€N72 (CF+B) 82% 63%  76% 82% 63% 045
N3 (Cf + Fever) 94% 875%  92%  94%  88% 0.82
ANA (CF +Age) 94% 75%  88%  89%  86% 0.72
NS (C# + Brl + Fever) 88% 75%  84% 88%  75% 0.63
82%  100%  88% 100%  73% 0.75

N8 (CF + Bl + Age +
Fever)

For cough classification, model R/ (selected cough
features along with presence of fever, Age and Brl) achieved
the best classification with sensitivity=88% and specific-
ity=85%. R which used only cough features has sensitiv-
ity and specificity of 83% and 58% respectively. In sepa-
rating pneumonia and non-pneumonia patients, top 3
performing models were R, R7, R and R all with
kappa agreement greater than 0.7, substantial agreement.
R/ achieved a high sensitivity and specificity of 94% and
75% respectively.
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VL. 4. Discussion and Conclusion—2*” Pneumonia
Diagnosis Method

The preceding embodiment of the invention provides an
automated procedure to diagnose pneumonia using cough
sounds. The method is based on initially classifying indi-
vidual cough events into ‘pneumonic cough’ and ‘non-
pneumonic cough’ classes and then calculating a Pneumoic
Cough Index (PCT) over all the cough events recorded.
Working on 599 cough events from 91 pediatric patients
diagnosed with a range of respiratory diseases, we showed
the method is capable of classifying pneumonia at a sensi-
tivity >90% while holding the specificity at >85%.

As far as the inventors are aware this is the first attempt
in the world to develop an objective model for the pneu-
monia diagnosis centred about cough sounds. The results
indicate the feasibility of taking a cough-centred approach in
diagnosing pneumonia in resource-poor regions. Further-
more, using features derived from cough only we obtained
a sensitivity >90% at a specificity of 75%. Cough can be
recorded with non-contact instrumentation, and our algo-
rithms can be implemented on ubiquitious platforms such as
smart phones in a form ready to be used by a minimally
trained person. The device will not require physical contact
with the subject, making sterilization easy and requiring
minimal operator training for field use. The technology, in
the simplest version, will require between 5-10 cough
sounds and will automatically and immediately provide a
diagnosis. Such a system is expected to be a paradigm
shifting novelty in the field of pneumonia diagnosis in
remote regions.

The simplicity of proposed technology and potential low
cost implementation on ubiquitous devices make our
approach valuable in long term monitoring. It also will have
substantial strategic value in developing new vaccines as
well management strategies for childhood pneumonia. Clini-
cal trials of new pneumonia vaccines conducted in resource-
limited regions of the world require reliable tools to measure
the efficacy of intervention. The same is true for assessing
the effectiveness of any new pneumonia management strat-
egy targeting large populations. There are no field deploy-
able gold standards to diagnose pneumonia, especially the
early stage (non-severe) disease where even chest X-rays
file. The existing WHO algorithm is limited due to its low
diagnostic performance. While the algorithm serves a very
useful role in picking up potential cases of pneumonia, the
cost of doing so, the low specificity, makes it difficult to use
in assessing the validity of a new intervention.

Automated Cough Classifier Using Logistic
Regression

FIG. 20 shows the block diagram of the automated cough
classification process according to an embodiment of the
invention. It is divided into four stages, (A) data acquisition
process (B) creating a cough sound database and classifica-
tion into wet/dry classes by expert scorer (C) designing of
automatic classifier (D) testing of classifier on prospective
cough sound dataset. In Section II-A to Section 1I-D we
describe details of the method.

A. Data Acquisition

The clinical data acquisition environment for this work is
Respiratory Medicine Unit of the Sardjito Hospital, Gadjah
Mada University, Indonesia. Table 26 lists the inclusion and
exclusion criteria of subjects.
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TABLE 26

Inclusion and Exclusion Criteria for Subjects

Inclusion Criteria Exclusion Criteria

Advanced disease where
recovery is not expected eg

Patients with symptoms of chest
infection: At least 2 of

Cough terminal lung cancer
Sputum Droplet precautions
Increased breathlessness NIV required
Temperature >37.5° No Consent

Consent

All patients fulfilling the inclusion criteria were
approached. An informed consent was made using form
approved by the human ethics committees of Gadjah Mada
University and The University of Queensland. Patients were
recruited within the first 12 hours of their admission. After
the initial medical assessment sound recordings were made
for next 4-6 hours in the natural environment of the respi-
ratory ward.

Sound recordings were made using two systems,

1. Computerized data acquisition system—A high fidelity
system with a professional quality pre-amplifier and
A/D converter unit, (Model Mobile-Pre USB, M-Au-
dio, California, USA) and a matched pair of low-noise
microphones having a hypercardiod beam pattern
(Model NT3, RODE, Sydney, Australia). Adobe audi-
tion software version 2 was used to record the sound
data on to the laptop computer—See FIG. 1 for an
illustration of this type of arrangement.

2. Portable recording system—A high-end, light-weight
portable, 2-AA battery powered audio recorder (Olym-
pus LS-11) with two precision condenser microphones.

In both sound recording systems we used a sampling rate
of 44.1 khz with a 16 bit resolution (CD-quality recording).
The nominal distance from the microphone to the mouth of
the patient was 50 cm, but could vary from 40 cm to 70 cm
due to patient movements. For each patient, we also received
the final diagnosis as well as all the laboratory and clinical
examination results.

B. Cough Sound Dataset and Classification into Wet or Dry
by Expert Human Scorers

Let N be the number of patients whose sound recording is
used and C be total number of cough events from N patients.
These C cough events were manually segmented after
screening though 6-8 hours of the sound data of each patient.
There is no accepted method for automatic marking of start
and end of a cough event. Manual marking is still considered
the gold standard. After careful listening start and end of all
cough events were manually marked.

We divided N patients with C cough events into two
datasets, (i) DS1 (model design dataset) and (i1) DS2 (pro-
spective study dataset). The patients were divided into DS1
and DS2 based on the order of presentation to the respiratory
clinic of the hospital. Patients in datasets DS1 and DS2 were
mutually exclusive.

(1) DS1—counsisted of C1 cough events from N1 patients.
Cough events from this dataset were used to design the
optimal model.

11) DS2—consisted of C2 cough events from N2 patients.
Cough events from this dataset were used to test the
designed model. Cough events from DS2 were blind to
the process of model design.

Two expert scorers having experience of 15-20 years in

pediatric respiratory diseases then scored cough events from
two datasets into two classes, wet or dry. Scorers were
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blinded to the subject’s history and diagnosis. This manual

classification is considered as the reference standard against

which results of automatic classification are compared.

C. Design of Cough Sound Classifier
To design a system for automatic classification of cough

sounds we used cough events from DS1. Let DS11 be the
subset of DS1 containing those cough events on which both
scorers agreed on the class of cough sounds. We had C11
cough events in DS11. Use cough events in DS11 to design
automatic classifier model. This is a three step process.

[Step 1] Cough event Feature matrix computation: In this
step, feature vector containing ‘F’ mathematical features
is computed from each of C11 cough events and a cough
event feature matrix ‘M, of size, C11xF was formed.
To compute ‘F* features from a cough event use below
steps.

(1) Let x denotes a discrete time sound signal from a cough
event.

(ii) Normalize x by dividing it by absolute maximum value.

(iil) Segment x into ‘n’ equal size non-overlapping sub-
segments. Let x’ represents the i” sub-segment of x, where
i=1,2,3,...,n

(iv) Compute following features for each sub-segment and
form feature vector containing F features: Bispectrum
Score (BGS), Non-gaussianity score (NGS), formant fre-
quencies (FF), Pitch (P), log energy (Log E), zero cross-
ing (ZCR), kurtosis (Kurt), and twelve mel-frequency
cepstral coeflicients (MFCC).

(v) Repeat steps (1)-(iii) for all C11 cough events and form
cough event feature matrix M5, of size C11xF.

[Step 2] Automatic classifier design: In a preferred embodi-
ment of the presently described aspect of the invention we
used a Logistic-regression model (LRM) as the pattern
classifier. LRM is a generalized linear model, which uses
several independent predictors to estimate the probability
of a categorical event (dependent variable). In this work,
the dependent variable Y is assumed to be equal to “one”
(Y=1) for wet cough and “zero” (Y=0) for dry cough. A
model is derived using regression function to estimate the
probability Y=1 (i.e cough event belong to category of
‘wet cough’) given the independent variables (i.e F fea-
tures) as follows:

¢ (1

ProblY =g o 5s.tp) = o7

z=Po+Pih+ B+ ...+ Bufr

In (1) and (2) f}, £, . . . {- are the elements of feature
vector (independent variables), fi,, is called the intercept and
B,s P, and so on are called the regression coefficient of
independent variables. To select the optimal decision thresh-
old A from Y (that the cough is wet if Y is above A otherwise
dry) we used the Receiver-Operating Curve (ROC) analysis.

Use data in matrix M, (Cl1 observations from F
independent variables) and adopt leave-1-out cross valida-
tion (LOV) technique for LRM design. As the name sug-
gests, LOV technique involves using data from all cough
events except one to train the model and one cough event to
validate the model. This process was systematically repeated
C11 times such that each cough event in DS11 was used as
the validation data once. This resulted in L,,; number of
LRMs.

To evaluate the performance of the designed L,,, per-
formance measures such as Sensitivity, Specificity, Accu-
racy, Positive Predicted Value (PPV), Negative Predicted
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Value (NPV), Cohen’s Kappa (K) statistic were computed.

Please see appendix A2 on how to interpret K values.
Design logistic regression model (LRM) for
(1) Feature Selection: Feature selection is a technique of

selecting a sub-set of relevant features for building a
robust learning model. Theoretically, optimal feature
selection requires exhaustive search of all possible
subsets of features. However, to do so for large number
of features it will be computationally intensive and
impractical. Therefore we searched for satisfactory set
of features using p-value. In LRM design a p-value is
computed for each feature and it indicates how signifi-
cantly that feature contributed in development of the
model. Important features have low p-value. We used
this property of LRM to select a reasonable combina-
tion of features (independent variables with low
p-value) that facilitate the classification, in the model
during the training phase. Compute mean p-value for
‘P features over C11 LRMs. Select the features with
mean p-value less than p,,.. Let F_ be the sub-set of
selected features from F.

(i1) Robust LRM design: Create a matrix M',q,, of size
Cl1xF, from My,,. Matrix M4, is a cough event
feature matrix with only selected features F, from C11
cough events in DS11. Using My, and adopting
LOV, retrain C11 LRMs.

[Step 3] Selecting a good model from L..,;; LRMs: From
L.y, LRMs we selected one model as the best, using the
k-mean clustering algorithm® to test on prospective study
dataset DS2. In the k-mean clustering algorithm, target is
to divide q data points in d-dimensional space into k
clusters, so that within the cluster sum of squared distance
from the centroid is minimized.

Problem in our hand is to select a good model from the
Ly, models available to us. To do so we divided L.,
models in d-dimensional space into k=2 clusters, i.e. high
performance model cluster and low-performance model
cluster. We set space dimension d equal to model parameters
plus three performance measures (sensitivity, specificity and
kappa). Then from the cluster of the high performance
models, we selected that model which had the lowest mean
square error value with respect to the centroid. Let B rep-
resent the selected LRM and AR is the corresponding
probability decision threshold (value determined using ROC
curves such that the classifier performance is maximized).
Once R is chosen, we fix all the parameters of the model
and use it for classifying cough sounds in the prospective
dataset DS2.
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cough events in DS2 and ‘F” is feature vector. Form M'j,
from M, by selecting only robust F_ features. Use selected
LRM R to classify data in M',, into classes wet or dry.
Decision process of wet/dry class from the output of R is as
follows:

Let the Output of the R to a Given Cough Input is YR .
Then, the Cough is Classified as Wet if YR =AR and Dry
Otherwise.

Compare the results of automatic classification by
R with that of expert scorers and compute the performance
measures described in section C [Step 2]. All the algorithms
were developed using software programming language
MATLAB version 7.14.0.739 (R2012a).

Cough Sound Datasets and Agreement Between Expert
Scorers

The inventors used sound recording data from N=78
patients (41 were male and 37 were female). The mean age
of the subjects was 2 years and 11 month. The age range of
the subjects varied from 1 month to 15 years and having
diseases such as asthma, pneumonia, bronchitis and rhin-
opharyngitis. Table 27 gives the demographic and clinical
details of the patients.

TABLE 27

Demographic and Clinical Details of the Subject

GENDER Male 41
Female 37

AGE Neonatal 2
<12 months 31
<60 months 29
>=60 months 16

DIAGNOSIS Pneumonia 34
Pneumonia + other 21
Bronchitis 8
Asthma
Rhinopharyngitis 5
Asthma + Rhinopharyngitis 1
Others 6

From N=78 patients a total of C=536 cough events were
analyzed. On the average 7 cough events per patients were
analyzed (minimum=2 and maximum=13). Dataset DS1 has
C1=385 cough events from N1=60 patients and dataset DS2
has C2=151 cough events from N2=18 patients.

Table 28 shows the contingency table between two scor-
ers in classifying cough sounds from DS1 and DS2, into two
classes wet and dry.

TABLE 28

Contingency table between human scorers for classifying coughs into

wet'Y. K = 0.56 and % agreement = 80.5% for DS1 and K = 0.54 and

% agreement = 77.5 for DS2.

Dataset DS11 Dataset DS2

Scorer 1 Scorer 1
WET DRY WET DRY
Scorer 2 WET 82 55 60% Scorer 2 WET 47 23 67%
DRY 20 228 92% DRY 11 70 86.4%
80.4% 80.6% 310 81%  75.3% 117

D. Testing of Selected LRM R

Following the procedure described in section C [Step 1]
and using the cough events from dataset DS2, compute the
cough event feature matrix M,q, of size C2xF. C2 is total

65

In DS1 out of 385 cough events, scorers agreed C11=310
times (80.5%) on the classes of cough events which were
used to form subset DS11. In dataset DS2 they agreed 117
times out of 151 (77.5%). The kappa agreement between
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Scorer 1 and Scorer 2 is 0.55 for DS1 and 0.54 for DS2. Of
the 310 cough events in DS11, 82 belonged to wet class and
228 belonged to dry class. The DS11 cough events were then
used to design LRM models described in section II-C.

E. Cough Sound Characteristics in Our Databases

The mean duration of dry cough in DS11 was 260£77 ms
(computed using 228 dry coughs) and that of wet cough was
238+54 ms (computed using 82 wet coughs). FIG. 21 shows
a typical example of dry cough waveform and wet cough
waveform from two patients, ids #35 & #38 respectively.
The cough sound waveforms were generally clean with high
signal-to-noise-ratio (SNR). The mean signal to noise ratio
for the DS11 was 15.2+5.5 db (maximum=28.65 db and
minimum=2.9 db) and that for DS2 was 18.6+4.5 db (maxi-

44
Setting n=3 led to a feature vector F of length 66 consisting
of following features (nx12 MFCC)+(nx4 FF)+([nx[BGS,
NGS, P, Log E, Zcr, Kurt]). From C11=310 cough events
and F=66 features, cough event feature matrix M., was
created.
F. Automatic Classification using LRM

Feature Matrix and LRM performance during training
stage: Following LOV technique, L.,;;=310 LRMs were
designed.

The mean training sensitivity and specificity for the 310
LRMs were 92+1% and 93+0.5% respectively. Validation
sensitivity and specificity for these models were 62% and
84% respectively. Table 4-(A) gives the detailed classifica-
tion results when all the F=66 features were used to train the
LRMs.

TABLE 29

LRM performance before and after the feature selection. Statistics provided

in the table are mean + standard deviation. 95% confidence interval for mean of the

training dataset is provide at bottom. For scorer 1 and scorer 2 sample size is C1 =
385 cough events from N1 = 60 patients in dataset DS1. Out of 385 cough events

scorers had wet/dry consensus on C11 = 310 cough events.

Sensitivity Specificity Accuracy PPV NPV K
(A) When all the features were used to develop LRM
Consensus Training 91.76 £0.68  92.65 £ 0.45 9245 =05 81.80 = 1 9690 + 0.3 0.8125 = 0.1
of scorer 1 [91.69-91.84] [92.6-92.7] [92.36-92.47]  [81.68-81.91] [96.87-96.93] [0.8112-0.8138]
& scorer 2 Validation 62 84 78 59 86 0.46
Scorer 1 Training 87.15 095 8749 +089 8740090 7153 +1.84 9497 x0.40 0.6977 = 0.02
wet/dry [86.9-87.4] [87.26-87.72]  [87.17-87.63] [71-72] [94.87-95.07] [0.69-0.70]
class Validation 53 78 71 47 82 0.3
Scorer 2 Training 81.96 +1.01  8224+097 8214098 7183137 89.18=+0.78 0.6224 + 0.01
wet/dry [81.7-82.23]  [81.98-82.49] [81.89-82.4] [71.48-72.19] [88.98-89.38]  [0.6173-0.6276]
class Validation 45 67 59 43 69 0.12
(B) When selected all the features were used to develop LRM

Consensus Training 87.36 £0.61 87.82 £ 043 87.70 £ 0.46 7207 £0.87 9507 £0.25 0.7041 = 0.01
of scorer 1 [87.29-87.43] [87.77-87.87] [87.65-87.75] [71.98-72.17] [95.05-95.10]  [0.7029-0.7053]
& scorer 2 Validation 81 33 32 63 92 0.58
Scorer 1 Training 8275 +0.57 83.06 £052 8298052 6378118  93.03 £0.27 0.60 £ 0.01
wet/dry [82.60-82.89] [82.92-83.19] [82.84-83.11] [63.47-64.08] [92.96-93.1(] [0.59-0.60]
class Validation 76 79 78 57 90 0.5
Scorer 2 Training 75.66 £ 057 7592058 7583 =057 6344096 8495 +0.61 0.49 = 0.01
wet/dry [7.5.51-75.81]  [75.77-76.07]  [75.68-75.98] [63.19-63.69] [84.79-85.11] [0.4916-0.4975]
class Validation 72 73 72 59 82 043

mum=27.8 db and minimum=11.1 db). FIGS. 23A and 22B
are histograms of SNR for the cough sound in DS11 and
DS2.

Start and end of each coughs were carefully marked by a
human operator after listening to cough sounds as shown in
the FIG. 21. Following the method given in section I1-C-
[Step 1] we computed feature matrix My, ,. We used n=3 to
divide each cough segment into 3 sub-segments. In the
literature, clinicians and scientist alike have described cough
sounds consisting of 3 phases, (i) initial opening burst, (i)
followed by noisy airflow and last (3) glottal closure®**°. It
has been shown that these phases carry different significant
information specific to quality of cough, wet or dry. On this
basis we divided each cough segments into 3 sub-segments.
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Following the process described in section I1-B [Step 2]
and using p,,,=0.06, we selected F =31 features. FIG. 23
shows the mean ‘p-value’ associated with F=66 features
computed over C11=310 LRMs. All the features which have
mean ‘p-value’ less than p,,=0.06 were selected. The
selected features were 1 each from Bispectrum score, kur-
tosis, and number of zero-crossing, 2 each from non-gaussi-
anity score and log-energy, 5 from formant frequencies, and
19 from mel-frequency cepstral coeflicients. Table 30 gives

details of the feature selected for designing the final LRM.
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TABLE 30
F = 66 features were computed from each cough segment by using n = 3 at
section II-C [Step 1]. ‘¥ indicates that feature was selected for designing the final
model at section II-C [Step 2].
BSG NGS FF1 FF2 FF3 FF4
Featuress 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3
Selected v v /7 7/ v v 4
Pitch LogE Kurt ZCR MFCCO MFCC1
Featuress 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3
Selected v / 4 's v 4
MECC2 MFCC3 MFCC4 MECCS MFCC6 MFCC7
Featuress 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3
Selected v 7/ v v /S 7/ 4 v /7
MFCC8 MFCC9 MFCC10 MFCC11
Features 1 2 3 1 2 3 1 2 3 1 2 3
Selected v v 4 v 4 4 v
According to this table MFCC based features were most TABLE 31
dominant. Out of 31 selected features, 19 features were
contributed from different MFCC components. After MFCC Performance of % on dataset DS2 prospective study dataset.
. . . 30
formant frequencies made second most dominant contribu-
. . Sensitivity Specificity A PPV NPV K
tion with 5 features. Moreover except for 4” formant fre- ensiiivity pectliclty - Acouracy
quency and pitch based features, which were completely Against individual scorer
omitted, all other features contributed with features from when tested on all the cough events (151) from DS2
g 35
at-least one sub-segment towards building of final LRM
model Scorer 1 77.5% 76% 76% 54%  90% 047
. Scorer 2 75% 64% 67% 43%  87% 031
When only selected features F, were used to re-train ’ ’ ’ ’ ’
Tested on only those events
LRMs, mean training sensitivity and spemﬁcny were 40 when both Scorer 1 and Scorer 2 agreed on class
recorded as 87+1% and 88+0.5% respectively and validation
e . e, . o, 0, 0, 550, 0/
sensitivity and specificity were 81% and 83%. The valida- 84% 76% 78% % 9% 051
tion kappa agreement between the LRM and scorers was
0.46 when all the features were used to train LRM and it 45  When Scorer 1, wet/dry classification was used as refer-

increased to 0.58 when only selected features were used.
Table 29-(B) gives the detailed training and validation
results after feature selection.

Selection of LRM (R ): From L,,=310 designed LRMs
using data from DS11, optimal model B was selected using
k-mean clustering method as discussed in section II-C-[Step
3]. Models were clustered into two groups, high perfor-
mance model and low performance models based on model
parameters and performance measures. Of 310 models, 202
were clustered in high performance model group and 108
into low performance model group. LRM model #26 has the
lowest mean square error value with respect to centroid of
the high performance models. This model 8 was chosen
and all its parameters were fixed for future use. R was
tested on prospective dataset DS2.

Performance of R on prospective dataset DS2: Table 31
gives the classification results of R against expert scorers.
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ence standard, R has the sensitivity of 77.5%, specificity of
76% and kappa agreement of 0.47. For the Scorer 2, results
were sensitivity 75%, specificity 64% and kappa 0.31. When
model R was tested on only those events, in which Scorer
1 and Scorer 2 agreed on classification (117 cough events),
sensitivity jumped to 84% and kappa value to 0.51. Table 32
shows the contingency table.

TABLE 32

Contingency table for selected LRM tested on dataset DS2. K = 0.51.

Scorers
w nw
LRM W 26 21 55%
W 5 65 93%

78%

LRM results when matched for Age and Gender: Table 33
shows the performance of the LRM on DS11 and DS2 when
matched for age and gender.
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TABLE 33

48

LRM validation results for dataset DS11 and prospective dataset DS2 with

age and gender matched.

Sensitivity Specificity Accuracy PPV

NPV

X

(A)

Validation results for dataset DS11. All the features were used to train the LRM

Age <=60 months, Male
(#121 cough events)

Age <=60 months, Female
(#145 cough events)

Age >60 months, Male
(#20 cough events)

Age >60 months, Female
(#24 cough events)

59% 83% 76% 57%

58% 88% 80% 63%

89% 64% 5% 67%

100% 83% 83% 20%

84%

85%

87.5%

100%

0.41

0.47

0.51

0.28

Validation results for dataset DS11. Selected features were used to train the LRM

Age <=60 months, Male
(#121 cough events)

Age <=60 months, Female
(#145 cough events)

Age >60 months, Male
(#20 cough events)

Age >60 months, Female
(#24 cough events)

73.5% 78% T7% 57%

84% 87% 86% 70%

89% 64% 5% 67%

100% 91% 92% 33%

®)
Prospective Study dataset DS2

88%

94%

87.5%

100%

0.47

0.67

0.51

0.47

Age <=60 months, Male 92% 87.5% 89%  78.5%
(#36 cough events)

Age <=60 months, Female
(#27 cough events)

Age >60 months, Male
(#30 cough events)

Age >60 months, Female

(#24 cough events)

87.5% 95% 92.5% 87.5%

50% 54% 53% 14%

86% 1% 5% 54.5%

95%

95%

87.5%

92%

0.02

0.48

Due to limited availability of data we considered only 4
divisions; (i) male with age<=60 months, (ii) female with
age<=60 months, (iii) male with age>60 months and (iv)
female with age>60 months. According to this table during
the model designing stage, generally no significance differ-
ence was seen in the model validation performance across
four divisions in comparison to when no division was
considered, table 29 & table 33(A). Similar to this on the
prospective dataset DS2, selected model R performed well
across all division (table 31 & table 33(B)), except in the 3™
division (male with age>60) where performance were very
poor.

Embodiments of the present invention encompass an
automated, objective method to classify cough sounds in to
wet and dry categories. As far as the inventors are aware
know, this is the first attempt to develop objective technol-
ogy for the dry/wet classification of pediatric cough sounds,
especially in diseases such as pneumonia. The results pre-
sented herein are based on 536 cough events from 78
subjects, compared to existing work which use no more than
30 coughs in their descriptive analyses. For these reasons no
other work has been available to directly compare the results
against.

The reference method used for the assessment of our
technology is the subjective classification of cough sounds
into wet/dry classes by two pediatric respiratory physicians
from different countries. These scorers were blinded to the
actual clinical diagnosis of the subjects. In an event-by-
event cough classification, the two experts agreed with each
other at a Moderate Level (kappa value of x=0.54). In’,
inter-clinician agreement for wet/dry cough is reported as
k=0.88. However it should be noted that, in® clinicians
assessed wetness of cough at the patient level but not at
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individual cough level. When we computed the agreement
between scorers at the patient level, the kappa value
increased to k=0.66 (Substantial Agreement). These num-
bers further illustrate the subjective nature of dry/wet clas-
sification.

Our classifier technology was trained on coughs from the
training set (set DS1) using only events where both scorers
reached consensus. As the output of the training process we
identified a good Logistic Regression Model (R ) and fixed
its parameters. The model was then tested on the Prospective
Set (Set DS2) in several different ways. The highest sensi-
tivity and specificity (84% and 76%) of classification were
achieved when we tested R against consensus events within
DS2. It is interesting to note that these numbers were
consistently higher than what we got by testing against
individual classification outcomes of each scorer.

Another salient feature of our method is that it has a high
negative predictive value (NPV=93%), when scorer consen-
sus data is used as the ground truth. This means that if the
model classifies a cough as non-wet (dry), it is most likely
that the two expert scorers would independently reach the
same conclusion. However, the positive predictive value of
our method compared to human scorers is lower
(PPV=55%). Thus, a sizable fraction of coughs classified by
the model as wet ends up being consensus-classified as dry
by human scorers. This phenomenon appears to be explained
by the results presented by Chang et. al® which found that
expert human scorers underscore wet coughs. In’ they sys-
tematically compared subjective dry/wet classifications of
expert clinicians with bronchoscopic indications of airway
mucus. They reported that clinician’s classification of dry
cough do not necessarily indicate the absence of secretions.
Certain situations in airways, for instance small amounts of
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secretions, may not be reflected in cough sounds at a
sufficient magnitude to be detected by a human observer.
One of the possible reasons for a lower PPV value found in
our method can be this weakness in the gold standard,
human scorers, used to generate our performance statistics.
This hypothesis needs to be carefully validated against
bronchoscopic findings in the future.

The ability to correctly detect airway mucus can be
particularly important in the management of suppurative
lung diseases®”. Cough is an early symptom of diseases
such as pneumonia, bronchitis and bronchiolitis. The accu-
rate assessment of this symptom is a crucial factor in
diagnosing acute diseases or the monitoring of chronic
symptoms and treatment efficacy. It is known that in chil-
dren, wet coughs are more likely to be associated with lower
respiratory tract infections®. The subjective classification of
wet coughs has low sensitivity as a method of detecting
airway mucus, even in the hands of expert clinicians.
Accurate, objective technology for the classification of dry/
wet coughs is currently unavailable either at the commercial
or research levels. To the best of our knowledge, this work
is the first attempt in the world to develop such technology.

We present the first ever approach to automate dry-wet
classification of coughs. The results that have been presented
herein can be improved by systematically optimizing the
parameters and fine tuning the training processes of the
classifier. The heuristic model selection process that has
been discussed makes the reported results pessimistic esti-
mates. The inventors also believe that the feature set can be
improved and the classification accuracy of the method can
be further increased. However before an optimization
attempt, issue we need to resolve is to improve the ‘gold
standard’ used in the clinical diagnosis. A carefully con-
trolled bronchoscopy study will be best suited as the gold
standard.

Another possible limiting factor to this study is the
biasedness of the cough sound database towards dry coughs;
almost 70% cough sounds are dry as perceived by expert
human scorers. However, with all these factors, embodi-
ments of the present invention can currently classify wet and
dry coughs with high sensitivity (84%) and specificity (76%)
and with a good agreement (k=0.51) with the expert human
scorers.

In light of the above it will be realized that methods
according to embodiments of the invention described herein
can classify the cough sounds into dry and wet classes with
high accuracy and good agreement with pediatricians. To the
best of the inventors’ knowledge it is the first known method
for wet/dry classification, presented with complete training
and testing results on significantly large cough samples. It is
also the first effort to automate the wet/dry classification in
pediatric population with range of respiratory infectious
diseases. It carries the potential to develop as a useful
clinical tool for long term cough monitoring and in the
assessment of treatment efficacy or in characterizing the
lower respiratory tract infections. It will be essentially useful
in clinical or research studies where temporal patterns of
cough quality (wet/dry) from hour to hour basis are needed.

The methods described herein may be simultaneously
implemented with other potential technologies such as
microwave imaging and ultrasound imaging that may be
capable of detecting consolidations and mucus in lungs.

Explanations of some of the terms used in explaining the
previous embodiment are as follows:
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[A2]. Kappa statistic is widely used in situations where the
agreement between two techniques should be compared.
Below are the guidelines for interpreting the Kappa
values.

Kappa Interpretation

<0 less than chance agreement
0.01-0.20 Slight agreement

0.21-0.40 Fair agreement

0.41-0.60 Moderate agreement
0.61-0.80 Substantial agreement
0.81-1 Almost perfect agreement

[A3]. Definition of the statistical measures used to evaluate
the performance of the LRM.
True Positive (TP)—Wet cough correctly identified as

‘WET” by LRM.
False Positive (FP)—Dry cough incorrectly identified as
‘WET” by LRM.
True Negative (TN)}—Dry cough correctly identified as
‘DRY by LRM.
False Negative (FN)—Wet cough incorrectly identified as
‘DRY” by LRM.
TP+ TN 10
AUy = T TP IN ¥ N
e 7P 11
Sensitivity= ————
TP+ FN
. ) 12
Specificity= TN FP

A preferred embodiment of one aspect of the invention
comprises a method which is capable of extracting cough
sounds from a recording by defining the beginning and the
end of the cough segments. A set of different features were
computed from the sound signal and used as an input to a
decision engine, for example an adaptive neural network-
based pattern recognition algorithm or a logistic regression
model. In one embodiment the proposed method achieved
segmentation sensitivity and specificity of about 95%. This
method can be used as the front-end of cough analysis
system; hence the quantitative and qualitative information
from a larger number of cough sounds in a recording can be
analyzed automatically.

According to a preferred embodiment of a further aspect
of the invention a method of operating a computational
device to process a sound recording of a patient for diagnosis
of a particular disease state of the patient is provided. For
example, as discussed in detail herein, the disease state may
comprise pneumonia.
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Any embodiment of the invention is meant to be illustra-
tive only and is not meant to be limiting to the invention.
Therefore, it should be appreciated that various other
changes and modifications can be made to any embodiment
described without departing from the spirit and scope of the
invention.

In the present specification and claims, the word “com-
prising” and its related and derivative terms, including
“comprises” and “comprise”, are to be interpreted in an
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inclusive sense as including each of the stated integers but
without excluding the inclusion of one or more further
integers.

The invention claimed is:

1. A method of operating a computational device to
process patient sounds for diagnosing a respiratory disease,
the method comprising:

having a sound receiving device configured to receive the

patient sounds from a patient and form a corresponding
digitized sound signal;
computing feature vectors for each of a plurality of
sub-blocks of the digitized sound signal including two
or more of: Mel-frequency cepstral coeflicients
(MFCCs), entropy features, Zero Crossing Rate, and
Non-Gaussianity;

operating a trained cough detection pattern classifier to
respond to the feature vectors to produce a cough
detection pattern classifier output signal;

filtering said output signal to produce a smoothed output

signal;
thresholding the smoothed output signal to identify can-
didate cough segments in the digitized sound signal;

classifying candidate cough segments to be cough seg-
ments based upon their duration being longer than a
minimum cough length and shorter than a maximum
cough length;

forming a plurality of sub-segments of each of the cough

segments and computing feature vectors for each of the
sub-segments, these feature vectors including two or
more of: Mel-frequency cepstral coefficients (MFCCs),
entropy features, Zero Crossing Rate, and Non-Gaussi-
anity features;

applying said feature vectors of the plurality of sub-

segments to a trained diseased cough pattern classifier
to classify each of the cough segments as being one of
diseased and non-diseased for a particular respiratory
disease;

computing a diseased cough index indicating a proportion

of cough segments classified as diseased relative to all
of the cough segments;

deeming the patient to be suffering from the particular

respiratory disease based on the diseased cough index;
and

presenting a diagnosis of the particular respiratory disease

on a display under control of the computational device.

2. A method according to claim 1, wherein the forming a
plurality of sub-segments of the cough segments comprises
forming three sub-segments.

3. A computational device including at least one elec-
tronic processor in communication with an electronic
memory containing instructions for the processor to carry
out a method according to claim 1.

4. A computational device according to claim 3, wherein
the computational device comprises a mobile telephone that
is programmed to carry out said method.

5. A method according to claim 1, wherein the computing
feature vectors for each of a plurality of sub-blocks of the
digitized sound signal includes extracting any one of the
following groups of features:

MFCCs and Formant Frequency and Zero Crossing Rate

and Shannon Entropy and Non-Gaussianity features; or

Zero Crossing Rate and Shannon Entropy and Non-

Gaussianity features; or
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MFCCs and Zero Crossing Rate and Formant frequency

and Non-Gaussianity features.

6. A method according to claim 1, wherein the trained
cough detection pattern classifier comprises an artificial
neural network.

7. A method according to claim 6, wherein the artificial
neural network comprises a time delay neural network
(TDNN).

8. A method according to claim 7, wherein the TDNN has
a hidden layer between an output layer and an input layer
with 10 to 50 neurons in the hidden layer.

9. A method according to claim 1, further comprising
applying higher order statistical analysis to the cough seg-
ments for further classification of the cough segments.

10. A method according to claim 9, wherein the higher
order statistical analysis comprises calculating a bispectrum.

11. A method according to claim 1, wherein the forming
a plurality of sub-segments of each of the cough segments
and computing feature vectors for each of the sub-segments
further comprises:

determining one or more of: Bispectrum Index (BSG),

Formants Frequencies (FF), Log energy (Log E), and

Kurtosis (Kurt) features for each of the cough sub-
segments.

12. A method according to claim 11, wherein the trained
diseased cough pattern classifier comprises any one of: a
logistic regression model; an artificial neural network; a
Bayes classifier; a hidden Markov model; and a support
vector machine.

13. A method according to claim 12,

wherein the trained diseased cough pattern classifier has

been trained with a training set that includes non-
pneumonic sounds recorded from patients suffering
from one or more of the following complaints: Asthma,
Bronchitis, Rhinopharyngitis, ~wheezing, tonsi-
lopharanzitis, heart disease, larangomalaysia, malaria,
and foreign body inhalation.

14. A method according to claim 1, wherein the trained
diseased cough pattern classifier comprises any one of: a
logistic regression model; an artificial neural network; a
Bayes classifier; a hidden Markov model; and a support
vector machine.

15. A method according to claim 14,

wherein the trained diseased cough pattern classifier has

been trained with a training set that includes non-
preumonic sounds recorded from patients suffering
from one or more of the following complaints: Asthma,
Bronchitis, Rhinopharyngitis, wheezing, tonsi-
lopharanzitis, heart disease, larangomalaysia, malaria,
and foreign body inhalation.

16. A method according to claim 1, wherein the particular
respiratory disease comprises pneumonia.

17. A method according to claim 16, wherein the diseased
cough index is a pneumonic cough index.

18. A method according to claim 1, wherein the presenting
of the diagnosis of the disease related state on the display
comprises presenting a diagnosis of pneumonia.

19. A method according to claim 1, wherein the patient
sounds are acquired with one or more microphones that are
removed from physical contact with the patient.
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