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Summary

Over four million people die every year from chronic respiratory diseases such as asthma
and chronic obstructive pulmonary disease (COPD). There is no cure currently available
for these diseases; however, they may be controlled using inhaled medication which
directly targets the airways to relieve symptoms. Medication is usually administered to
asthma and COPD patients using inhaler devices. Patients are required to inhale through
the inhaler device in order to deliver medication to the airways. Despite the proven
clinical efficacy of inhaler devices, up to 80% of patients make critical user technique
errors which significantly reduce the amount of medication delivered to the patient. Poor
adherence to correct user technique is associated with increased hospitalisations and
healthcare costs. Inhaler user technique is currently assessed using checklists from
healthcare professionals during treatment. However, they are subjective and have been
reported to generate inaccurate assessments of patient inhaler user technique. Therefore,
there is an urgent clinical need for objective methods to assess patients’ inhaler user
technique during clinical consultation and remotely over the course of treatment.

In this thesis, audio-based signal processing methods were developed to objectively
assess patient inhaler user technique. Audio recordings of patients using inhaler devices
were obtained using microphones attached and distant to different inhalers to simulate
attachable and wearable monitoring devices. A range of temporal and spectral features
were extracted from the inhaler audio recordings to automatically assess critical events
of inhaler use. A new novel method of objectively assessing patient inhaler user technique
is introduced for the first time. Furthermore, this thesis also investigates the potential of
employing audio-based methods to monitor patients’ clinical response to treatment,
providing promising insights into new potential clinical measures in respiratory medicine.
The central aim of this research was to investigate the clinical applicability of audio-based

signal processing methods to assess critical steps of patient inhaler use.



The main findings of the studies detailed in this thesis suggest that temporal and
spectral audio-based features of inhaler inhalation sounds can be used to objectively
estimate pertinent clinical measures of inhalation technigque such as the peak inspiratory
flow rate (PIFR), inspiratory capacity and ramp time of inhalation. Furthermore, there
exists a relationship between audio-based measures of the PIFR of inhaler inhalations and
lung function. This may allow healthcare professionals to intervene before the onset of
an exacerbation. Moreover, these audio-based signal processing methods can accurately
detect the release of medication during inhaler use. It was shown that the audio-based
methods presented in this thesis provide more accurate assessment of patient inhaler user
technique than standard subjective clinical checklists. This highlights the need to
implement these new audio-based objective measures of user technique assessment into
clinical practice.

In conclusion, the original contribution to knowledge in this thesis lies in the
development of audio-based signal processing methods to provide objective assessment
of patient inhaler user technique. This thesis builds on previous research by advancing
signal processing methods to assess user technique in a range of different inhalers and
providing new clinical measures in the treatment of chronic respiratory diseases. The
main findings of this thesis establish the acoustic properties of inhaler sounds and provide
significant value for future research in the field of audio-based inhaler monitoring
systems. The audio-based methods described in the studies in this thesis can provide
healthcare professionals with more accurate objective information regarding patient
inhaler user technique. This information can be used to give patients feedback regarding
their inhaler user technique which can improve the clinical efficacy of inhaler medication,
reduce healthcare costs and enhance precision medicine in the treatment of chronic

respiratory diseases.



Acknowledgements

I would like to give a special mention to a number of people without whom this thesis
would not have been possible.

Prof. Richard Reilly for giving me the opportunity to join his lab and to undertake a
PhD. Your academic guidance and enthusiasm for research is so inspiring and | cannot
thank you enough for all of your support over the last four years. Although, next time we
go to a Toto concert together, let’s catch the early train!

Prof. Richard Costello for his guidance and advice over the last number of years. Your
clinical expertise and your love for what you do is so inspirational and it was a pleasure
to work with you. All of the INCA team at Beaumont Hospital are a credit to your work
ethic and leadership in spearheading such an amazing project.

Mr. Frank Keane and Vitalograph Ltd. for giving me the opportunity to work in a
research area that | have grown to be very passionate about and for part funding this
research.

Dr. Yaniv Zigel for his academic guidance over the last year. It was an absolute
pleasure to work with you. Your guidance has improved my skills as a researcher greatly
and | very much enjoyed discussing music and countless ideas for new research projects
with you for hours upon end. Any researcher would be lucky to have such an incredible
mentor like you. I will always remember to “keep it simple”!

Dr. Martin Holmes for helping me settle in to my PhD when I first joined the lab and
for reviewing this thesis and the publications. It was great to work with you and | wish
you the very best of luck in the future.

Mrs. Elaine MacHale, Dr. Imran Sulaiman, Ms. Aoife Sartini Bhreathnach, Ms.
Philippa MacHale, Ms. Clarice Egan, Dr. Breda Cushen and all of the INCA team at
Beaumont Hospital, Dublin, Ireland. You are an amazing group of people and it was an

absolute pleasure to be a part of such a great project.



Mr. Denis Drennan for his advice and friendship over the last number of years. You’re
a true friend, thanks for everything man!

Dr. Céline De Looze for reviewing this thesis along with her academic advice and
support over the past few years. Your dedication to research and determination is so
motivating and it was a pleasure sitting beside you in the lab. Special thanks for the PhD
survival Kit, this thesis would not have been possible without it!

All patients and participants who gave their time to participate in the studies reported
in this thesis. | am extremely grateful to you all.

The Irish Research Council and Enterprise Ireland who kindly part funded this
research.

Students whom | had the pleasure of working with; Helena Lacalle Muls, Tom
McCartan, Fintan Hughes, Johnny McNulty and Isadora De Melo Oliveira. Thank you
for your hard work and dedication in assisting with this research.

Everyone in the Neural Lab at the Trinity Centre for Bioengineering (Gio, Niamh,
Alejandro, Brendan, Saskia, Mick, Isabelle, Jim, Ciara, Shruti, Clodagh, Michael and
Eugene). It was great to be among such a friendly group of people and | wish you all the
best in the future.

My fellow musicians, thank you for your support also. Playing music helped me to be
creative and keep motivated over the last number of years.

A special mention to Mam, Eliz, Eugene, Lisa, Adam, Catherine, David, Aaron, Ella,
Grandad and all of my family and friends, thank you for everything. This thesis would
not have been possible without your love and support. This thesis is dedicated to you all.

Finally, I’d like to give a special mention to my Dad. You gave me the guidance and

strength to achieve everything | have in life. You are my hero and always will be.

TERENCE TAYLOR, MAY 2018

Vi



Publications Arising from this Thesis

Peer Reviewed Journal Articles

e Taylor T E, Zigel Y, Egan C, Hughes F, Costello R W and Reilly R B 2018
Objective Assessment of Patient Inhaler User Technique Using an Audio-Based
Classification Approach. Scientific Reports 8 2164.

e Taylor T E, Lacalle Muls H, Costello R W and Reilly R B 2018 Estimation of
Inhalation Flow Profile Using Audio-Based Methods to Assess Inhaler
Medication Adherence. PLoS One 13 e0191330.

e Taylor T E, Zigel Y, De Looze Céline, Sulaiman I, Costello R W and Reilly R B
2018 Advances in Audio-Based Systems to Monitor Patient Adherence and
Inhaler Drug Delivery. Chest 153 710-722.

e Taylor T E, De Looze C, MacHale P, Holmes M S, Sulaiman I, Costello R W
and Reilly R B 2016 Characterization of Patient Inhaler Inhalation Sounds Using
Non-Contact and Tracheal Microphones. Biomedical Physics & Engineering
Express 2(5):055021.

e Taylor T E, Holmes M S, Sulaiman I, Costello R W and Reilly R B 2016
Monitoring Inhaler Inhalations Using an Acoustic Sensor Proximal to Inhaler

Devices. Journal of Aerosol Medicine and Pulmonary Drug Delivery 29 439-46.

vii



Peer Reviewed Conference Papers

Taylor T E, Holmes M S, Sulaiman I, Costello R W and Reilly R B 2015
Influence of gender and anthropometric features on inspiratory inhaler acoustics
and peak inspiratory flow rate. 37th Annual International Conference of the IEEE
EMBS, Milan, Italy. 25th— 29th August 2015.

Taylor T E, Holmes M S, Sulaiman I, Costello R W and Reilly R B 2014 An
acoustic method to automatically detect pressurized metered dose inhaler
actuations. 36th Annual International Conference of the IEEE EMBS, Chicago,
USA. 26" — 30th August 2014.

McCartan T, Taylor T E, Sulaiman I, Costello R W and Reilly R B 2016 Changes
in inhaler inhalation acoustic features during induced bronchoconstriction: A Pilot
Study. 38th Annual International Conference of the IEEE EMBS, Orlando, USA.
16th — 20th August 2016.

Lacalle Muls H, Taylor T E, Costello R W and Reilly R B 2016 Objective
measurement of inhaler inhalation flow profile using acoustic methods. In: The
Annual Congress of the Spanish Society of Biomedical Engineering (CASEIB),
Valencia, Spain. 23"-25" November 2016.

Conference Poster Presentations

Taylor T E, Lacalle Muls H, Costello R W and Reilly R B 2016 Remote
monitoring of Ellipta inhalation profile using an acoustic recording device. Irish
Thoracic Society Meeting 2016, Dublin, Ireland. 18"-19" November 2016.
Taylor T E, Egan C, Costello R W and Reilly R B 2016 Remote monitoring of
peak inspiratory flow rate in the pressurized metered dose inhaler using an
acoustic recording device. Irish Thoracic Society Meeting 2016, Dublin, Ireland.
18™M-19" November 2016.

Taylor T E, Holmes M S, Sulaiman I, Costello R W and Reilly R B 2016 Effects
of lung function and anthropometric features on inhaler inhalation sounds: a step
towards personalizing acoustic monitoring of inhalation technique. American
Thoracic Society International Conference 2016, San Francisco, California, USA.
13™-18" May 2016.

viii



Taylor T E, Holmes M S, Sulaiman I, Costello R W and Reilly R B 2015 Acoustic
features of inhaler inhalation sounds are repeatable across a range of peak
inspiratory flow rates: An opportunity to monitor respiratory health
longitudinally. 20th International Congress on Aerosols in Medicine and
Pulmonary Drug Delivery, Munich, Germany. 30" May — 3™ June 2015.

Taylor T E, Holmes M S, Sulaiman I, Costello R W and Reilly R B 2015
Objective measurement of peak inspiratory flow rate (PIFR) in the Diskus,
Turbuhaler and Evohaler using non-contact acoustic methods. 20th International
Congress on Aerosols in Medicine and Pulmonary Drug Delivery, Munich,
Germany. 30" May — 3™ June 2015.

Taylor T E, Holmes M S, Sulaiman I, Costello R W and Reilly R B 2014 An
acoustic method to automatically detect pressurized metered dose inhaler
actuations. 36th Annual International Conference of the IEEE EMBS, Chicago,
USA. 26" — 30th August 2014.

Taylor T E, Holmes M S, Sulaiman I, Costello R W and Reilly R B 2014
Identification of pressurized metered dose inhaler drug actuations using the
continuous wavelet transform. 20th Annual Bioengineering in Ireland (BINI)
Conference, Castletroy, Co. Limerick, Ireland. 24th — 25th January 2014.
Taylor T E, Holmes M S, Sulaiman I, Costello R W and Reilly R B 2014 An
acoustic method to automatically detect pressurized metered dose inhaler
actuations. Trinity Centre for Bioengineering (TCBE) Winter Symposium, Dublin,
Ireland. December 2014.



Table of Contents

DIECIATALION ...ttt b i
SUIMMAIY ..ttt et st et e e h e s be et e e se e s be e st e e aeesbeestease e beesteaneesteennesreenteeneens iii
ACKNOWIEAGEMENES ...ttt e e re e e e e e enee s %
Publications Arising from this TheSIS ........ccciiiiiiieiiie e vii
Table OF CONTENES ... bbb X
LISE OF FIQUIES ...ttt bbbttt XVi
LISt OF TADIES. ...ttt XiX
Glossary of ADDIEVIALIONS. .........couiiiiiii i XXi
Chapter 1. INEFOAUCTION ........oviiiiiieie s 1
Lol ASTMA bbb 1
1.2 Chronic Obstructive Pulmonary Disease (COPD) ........ccccoovrerieneneneneseneeiens 3
I R o 11 (0] 11 (Y RSSR O 4

1.3 INN@led THEIAPY ..ocueieieieieee e 5
1.3.1  Pressurised metered dose inhaler (DMDI) ........ccooiiiiieiiiciicie e 6
1.3.2  Dry powder inhaler (DPI) ......ccoooiiiiiiie e 7

L4 AGNEIENCE ... 9
1.5 Research Goal and Collaborations ............cccceeeiiiiiiiiiiiccec e 11
1.6 TNESIS OULHING .....oiiiiiiiiceee e 12
Chapter 2. LIterature REVIEW ..o 14
2.1  Patient Adherence to Pressurised Metered Dose Inhaler User Technique........ 14



2.2 Patient Adherence to Dry Powder Inhaler User Technique..........c.ccocvvvennneee. 17

2.3 Factors Associated with Poor Inhaler Adherence.............ccccoovviiiiiiiicienn 22
2.3.1  PAtient TACTOIS ..o 22
2.3.2  Treatment faCtOrS ........ccviiiiiieieeee e 23
2.3.3  Healthcare professional factors............c.ccovviiiiiiiiiiiiic e, 24

2.4 Current Methods of Monitoring Inhaler Adherence .........ccccoceevviieiiiieinnen, 24
2.4.1  Monitoring temporal adNerenCe..........cccevverieiieseee e 24
2.4.2  Monitoring user technique adherence..........cccooevveve i 26
2.4.3  Electronic monitoring devices (EMDS) .........cccevvveveiiiiiene e 29

2.5  Audio-Based Systems to Objectively Monitor Inhaler Adherence.................. 31
2.5.1 Inhaler Compliance Assessment (INCA) deviCe........c.ccoevvviieieeiieieennnn, 33
2.5.2  Inhaler audio recording OVEIVIEW ..........ccccoiiiieieeeiieie e 35

2.6 Acoustic Properties of Breath SOUNGS...........cocoviiiiinieieienesc e, 37
2.6.1  Generation of breath SOUNAS ..........cccooiiiiiiiiii e, 38
2.6.2  Normal chest wall breath Sounds...........ccccoviiiiniiiii e, 40
2.6.3  Normal tracheal breath Sounds ..., 42
2.6.4  Acoustic sensors used to record breath SOUNdS...........ccccovvvreinenincnnnen, 43
2.6.5  Audio analysis of asthma breath SouNds............cccceevviiiiienenienere e, 45
2.6.6  Audio analysis of COPD breath sounds ............ccccecviieiieiciiieseece e, 47

2.7 Automatic Classification of Breath SOUNS ..........ccccooeiiriiiiiinic e 48
2.7.1  Pre-PrOCESSING....cccvieiiieiie ittt e sttt e ete et e s et e e e e e e e be e s e e e teesneeanes 50
2.7.2  FEAUre XEraCtiON .........cooiiiiiiiiieiee e 50
2.7.3  Classification Methods...........ccoeiiiiiiiiiiiee e, 53
2.7.4  PerfOrmanCe MEASUIES ..........cuiieierieriiitesie st st 53

2.8 Automatic Detection and Classification of Inhaler Sounds.............c.cccveeneeee. 58

2.9  Estimation of Respiratory FIOw Parameters ...........ccooevveveiiienesieseene e 60

2.10 Respiratory Flow Estimation Using Audio-Based Methods ...............c........ 62

Xi



2.10.1 Inhaler inhalation flow estimation using audio-based methods................ 72
2.11 Quantification of Inhaler Drug Delivery Using Audio-Based Methods....... 74
2,12 Audio-Based Aherence MEASUIES..........ccuerieeerierenieseesieeeesreesiesseesseeneas 76

2.12.1 Comparing audio-based adherence measures to current clinical standard of

ASSESSIMENT ...ttt 78
2.13 Providing Objective Feedback on Patient Inhaler Adherence.............c........ 78
2.14 Chapter CONCIUSTON.......cciiieieiie e 81

Chapter 3.  Research Questions and HYpOthesis .........cccocvviiiiiniininienese e 83

3.1 Employing Non-Contact Audio-Based Methods to Monitor Inhalation
Technique iN INNAIEr DEVICES. .......ccuviieiieieeiere e 84

3.2 Audio-Based Objective Measurement of Peak Inspiratory Flow Rate during

Patient Inhaler Use and its Application to Detecting Changes in Lung Function....... 85

3.3  Estimation of Inhalation Flow Profile from a Dry Powder Inhaler Using Audio-
BaSed IMENOUS ...t e 85

3.4 Development and Validation of an Audio-Based Algorithm to Objectively
Assess Patient Pressurised Metered Dose Inhaler User Technique ... 86

Chapter4. Employing Non-Contact Audio-Based Methods to Monitor Inhalation
Technique iN INNAIEr DEVICES. .......cuvieiiee e 88

4.1  Investigation into the Relationship between Inhalation Audio-Based Features

and Peak INSpiratory FIOW Rate .........c.cocveiiiiiiicc e 89
411 INEROTUCTION ..o 89
4.1.2  MEINOUS ... 90
A.1.3  RESUILS oottt nn 96
A 14 DISCUSSION ...veiiiiiiitiiesie sttt sttt sttt b e bbbt 101

4.2 Quantifying the Effects of the User and the Inhaler Device on Inhaler Inhalation

AUAIO-BaSEU FEATUIES ..ottt 103
4,21 INEFOTUCTION ..ottt 103
4.2.2  MEINOUS ... 104
4.2.3  RESUILS ..o 106

xii



O B 1ol U (1] o] [ R SR 108

4.3 Chapter CONCIUSION ......cviiiiiiiiieieeee e 110
Chapter 5.  Audio-Based Objective Measurement of Peak Inspiratory Flow Rate during
Patient Inhaler Use and its Application to Detecting Changes in Lung Function........ 112

5.1 Characterisation of Patient Inhaler Inhalation Sounds Using Non-Contact and

Tracheal MICrOPNONES .........ooviiieece e 113
511 INErOQUCTION.....couiiiiiiiciiiteees e 113
5.1.2  IMENOMS ... e 114
5.1.3  RESUIS. ..ot 121
5.1.4  DISCUSSION ...cuuiiiiiiiieete sttt ettt sttt bbbttt 125

5.2 Investigation into the Relationship between Audio-Based Features of Inhaler

Inhalation Sounds and Lung Function During and After Bronchoconstriction........ 128
521 INErOTUCTION ...ttt 128
522 MEhOUS ... 129
5.2.3  RESUIS. ..ottt 133
5.2.4  DISCUSSION ...ttt ettt 135

5.3 Chapter CONCIUSION ........cciiiiiiiieiieiee e 137

Chapter 6.  Estimation of Inhalation Flow Profile from a Dry Powder Inhaler Using
AUdIO-Based MEhOUS .........ooiiiiiiiiie s 139

0.1 INEFOTUCTION ... 140

0.2 IMEENOUS....c.eiiieiieeeee s 141
6.2.1  PATICIPANTS.....ciuiiiiiiieite e 141
6.2.2  Inhaler audio recording SELUP ......ccovvverieiiieiie e 142
6.2.3  Participant recording protoCol ...........cccoeeiiiiiiiiiiiiciie e 143
6.2.4  Audio and flow signal pre-proCessing .........ccvvvevuverieiieesieeeieesieeseesnens 143
6.2.5  Audio-based feature eXtraCtion ...........ccocovvreiiriiicieic e 144
6.2.6  Flow-sound regression MOel ..........cccoveiiiiiiiiiie e 145
6.2.7  Effect of noise on audio-based flow estimation.............cc.ccocvvviiiiennn. 147

Xiii



0.3 RESUILS ..o e 147
0.4 DISCUSSION.....eeiitiiitieeitee sttt ettt e e et e et e e sbe et e e et e e e ae e saeeanbeeareas 153
6.5 Chapter CONCIUSION .......oiuiiiiiie e e 155

Chapter 7.  Development and Validation of an Audio-Based Algorithm to Objectively

Assess Patient Pressurised Metered Dose Inhaler User Technique ..........ccccccvvcveieennene 156

7.1 Investigating the Use of Time-Frequency Audio-Based Features to

Automatically Detect Pressurised Metered Dose Inhaler Actuations........................ 157
0 S R | 11T 11 4 o o USRS 157
0 O |V 1= 1 o o PSSR 158
713 RESUILS .ottt n e 163
0 O I T 1ot U 11 o o PSSR 165

7.2 An Audio-Based Signal Processing Algorithm to Objectively Assess Patient

Pressurised Metered Dose Inhaler User TeChNIQUE .........ccevveveiieiicie e 166
7.2.1  INEFOAUCTION ..ot 166
7.2.2  MEINOGS ..o 168
7.2.3  RESUIS ..o 180
7.2.4  DISCUSSION ..ottt bbbttt 187

7.3 Chapter CONCIUSION ......c.oiiiiiiiieic e e 190

Chapter 8. General DISCUSSION........c.eoviiiirieiiiiieese e 192

8.1 THESIS SUMIMANY ....viiiiiiiieiee bbb 192

8.2 Main Findings of the TheSIS .........cooiiiiiiiiiees e 193

8.3 Limitations 0f RESEAICH ........cccoiiiiiiiiice e 202

8.4  Clinical Impact 0f RESEAICH .........ccccviiiiiiiiiie e 206

8.5  Future Research DIreCIONS ..........cooviiiieiiieiesie et 207

8.6 FINal CONCIUSION.......ciiiiiiiiie e 213

RETEIBINCES ... 214
F AN o] o 1=] o [ Tod - PSPPSR 231
Appendix A: Chapter 4 Supplementary Material.............ccoocoiviiiiiiiniiceee 231

Xiv



Appendix B: Chapter 6 Supplementary Material
Appendix C: Chapter 7 Supplementary Material

Appendix D: Chapter 8 Supplementary Material

XV



List of Figures

Figure 1.1. Hllustration of the pathophysiology of asthma (A.D.A.M, 2007). .................. 2
Figure 1.2. lllustration of the pathophysiology of COPD (Houghton, 2013). .................. 4
Figure 1.3. Pressurised metered dose inhaler (pMDI). ......cccooiiiiiiiniiiiiceec e 6
Figure 1.4. Examples of dry powder inhalers (DPIS).........cccooiiiiiiiniiiiieeec e 9
Figure 2.1. Hllustration of a DPI inhalation flow profile. ..........c.ccocooviiiiiice 19
Figure 2.2. DPI inhalation flow profiles from two different inhalation manoeuvres......20
Figure 2.3. Examples of inhaler electronic monitoring devices...........cccoceveririninnnnnns 31
Figure 2.4. Block diagram of an audio-based inhaler monitoring system. ............c.c...... 32
Figure 2.5. Inhaler Compliance Assessment (INCA) device. .........cccevevievveiciieceennn, 33

Figure 2.6. Example of a typical Diskus DPI INCA recording audio time domain signal
(linear representation of sound pressure) and corresponding spectrogram..................... 34

Figure 2.7. Anatomy of the upper and lower respiratory tract (Teva Respiratory, 2014).

Figure 2.8. Block diagram of audio-based classification. .............cccccccccvvieiiviiciieceennnne 50
Figure 2.9. Block diagram of automatic inhaler sound detection algorithm (Holmes et al.,
10 SO SSP 59
Figure 2.10. Area of semi-ellipse from which the volume or IC of an inhaler inhalation
CAN DB BSLIMALET. ..o 73

Figure 2.11. NGI cascade impactor used for in-vitro inhaler drug delivery testing [Copley

Scientific Limited, Nottingham, UK]..........cccoiiiiiiiieiiee e 75
Figure 4.1. Inhaler Recording Experimental SEtUP. .........ccccoviriiininiiiicie e 91
Figure 4.2. Averaged power spectral density estimates of inhaler inhalation sounds from
(o g Lol o= U (ol o=V | S PSTPP 94
Figure 4.3. PIFR versus Pave regression PlotS. ... 98
Figure 4.4. Average CoV of inhalation audio-based features. ..........c.ccccooevivevviiieinenne 99

XVi



Figure 4.5. Boxplot of R? highlighting repeatability of peak frequencies of inhaler
inhalation power Spectral eNSItY. .........ccocoiiieiiiei e 100
Figure 4.6. Average Pawe values (z std. error) of inhaler inhalations for male and female
[0 (o0 oL TP PP 108
Figure 5.1. Pictures of patient inhaler recording experimental setup. ............cc.ceveneee. 115
Figure 5.2. Audio time domain signals and spectrograms of inhaler inhalation sounds.

Figure 5.3. Linear relationship between PIFR and the Shannon entropy (H) of non-contact
inhalation sounds from patient CONOIT. ..........ccooiiiiiiiii e 123
Figure 5.4. Power spectral density estimates of three inhalations across and within
O AL ] TSSOSO 124
Figure 5.5. Median (+ standard error) of Pearson’s linear correlation coefficient r values
of intra and inter-patient PSD profile correlations in the non-contact and tracheal
INhalation aUAIO SIGNAIS. ......ooiiiiii s 125
Figure 5.6. Changes in lung function, inhaler PIFR and audio-based features of inhaler

inhalations during bronchial challenge test for responsive and non-responisve patients.

...................................................................................................................................... 134
Figure 6.1. Inhaler recording SEIUP. ......co.oiiiiiiiieiee et 142
Figure 6.2. Example of inhaler inhalation audio and flow signals. ...............cccccocve.e. 145
Figure 6.3. Examples of actual and estimated inhaler inhalation flow profiles............ 149
Figure 6.4. Average audio-based flow eStimation errors. .........ccccceeevenereneneninceenen, 150

Figure 6.5. Average flow estimation accuracy (+ standard error) averaged across all flow
ranges for each PartiCipant. ...........cccooi i 151
Figure 6.6. Boxplots representing the median, interquartile range and 1.5xinterquartile
range of regression COBTFICIENTS. ........ccoiiiiiiii e 152

Figure 6.7. Average accuracy (%) = standard error (shaded region) of inhalation flow

profile parameter estimation across all flow rates at different SNR levels. ................. 152
Figure 7.1. pMDI recording SEUP. ......cvecivieiiiieiiieiie ettt sre e e 158
Figure 7.2. Audio signal of a patient using a pMDI. .........ccccoiiiiiiiiicie e 159
Figure 7.3. The continuous wavelet transform of a pMDI audio signal. ..................... 162
Figure 7.4. Flow chart of actuation sound event detection algorithm. ..............c.c........ 163

Figure 7.5. Example of a patient pMDI recording highlighting the detected actuation
oY= | TP TP U PP PRR PRI 164

XVii



Figure 7.6. Inhaler audio recording setup. Evohaler pMDI with the Flo-Tone attached to

the MOULNPIECE. ... 169
Figure 7.7. Overview of audio-based classification of inhaler sound events from patient
L0 [o [ T0 R =Tolo] o | [T RS SS 171
Figure 7.8. Feature projection visualisation and feature selection results. ................... 176
Figure 7.9. The relationship between PIFR and Prof1. ....cocoeeeereneiniie e 182

Figure 7.10. Audio-based inhaler inhalation flow estimation performance within different
SNR TBVEIS. ..ot bbbt 183
Figure 7.11. Bland Altman plot showing the relationship between the reference and
estimated PIFR and VOIUME MEASUIES. .........coiiiriirieieieniese s 184
Figure 7.12. Example of patient inhaler audio signals before and after tuition regarding
user technique from a clinical FeVIEWET. ..........ccoviiiiicii e 186
Figure 8.1. Power spectral density estimates of inhalation sounds at low, medium and
high flow rates in (A) Ellipta DPI and (B) Evohaler pMDI.........cccccooiiiiiiiniiiiee, 203
Figure 8.2. Typical examples of inhaler audio signals using attachable and non-contact
MICTOPNONE SELUPS. .vevveveete ettt ettt ettt e e et e et et este e esaeesteeseesteesreaneesreeras 205
Figure 8.3. Current and future inhaler audio recording devicCes...........cccccceverirvnnnnnnn. 208
Figure 8.4. Monthly INCA patient adherence summary reports that have been used in

(ol T g Tor: L o] = Yo o =TSSR 210

Xviii



List of Tables

Table 2.1. Steps required to correctly use a pressurised metered dose inhaler (pMDI). 15
Table 2.2. Studies reporting common user technique errors associated with the pMDI. 16
Table 2.3. Steps required to correctly use a dry powder inhaler (DPI). ........ccccccvevenee. 18
Table 2.4. Studies reporting common user technique errors associated with the DPI. .. 21
Table 2.5. List of studies involving automatic classification of respiratory sounds....... 55
Table 2.6. List of studies involving respiratory flow estimation using audio-based signal
ProCESSING MELNOUS. ....ccuviieiecie et ra e nre e reenne e 64
Table 2.7. Summary of advantages and disadvantages of current methods of monitoring
patient inhaler a0NEIENCE. ... 80
Table 4.1. Summary of participant demographics and baseline lung function data....... 97
Table 4.2. Correlation scores (R?) between PIFR and audio-based features. ................. 97
Table 4.3. Participant anthropometric information (mean + standard deviation)......... 104
Table 4.4. Statistical analyses of non-contact and tracheal inspiratory inhaler sounds with
gender, height, weight and BMI. ..........c.cccooiiiiiiiiiee e 107
Table 5.1. Patient demographics and baseline spirometric measurements................... 122
Table 5.2. Adjusted R? correlation values between audio-based features and PIFR of
INhAlEr INNAIALIONS. ......cvieeii et ae e nneas 122
Table 5.3. Patient information (n=8) and baseline lung function (mean * standard
[0 (A VZ T 140 o) PRSPPI 130
Table 5.4. Regression results (R? values) detailing the correlation between changes in
lung function (AFEV 1%) and audio features (AAF%) for responsive patients (n=4)..133
Table 5.5. Regression results (R? values) detaling the correlation between changes in lung
function (AFEV1%) and audio features (AAF%) for non-responsive patients (n=4)...134
Table 6.1. Participant information and baseline lung function (mean + standard
(0 L=V = V[0 1) PSSR 148

XiX



Table 6.2. Mean (x standard deviation) of flow parameter values from recorded inhalation
flow signals averaged across all partiCipants. ...........ccocooeverininienieicee s 148
Table 7.1. Actuation sound event detection algorithm performance results. ................ 164
Table 7.2. Performance measures of quadratic discriminant analysis and artificial neural
network classification on patient inhaler audio testing dataset. ...........c.cccccoenirinennnn 181
Table 7.3. Cohen’s kappa statistic (k) measuring level of agreement between the inhaler
user technique checklist, labelled inhaler audio events and detected inhaler audio events

according to the audio-based algorithm. ..........c.cccooveiiiii e 185

XX



Glossary of Abbreviations

ACT
ANN
AQLQ
ATS
a.u.
BA
BCT
BMI
CFC
COPD
CORSA
CoV
CWT

dB
dBA
DCT
DPI

")

fo
Fas
Fso
Fs
Foo
Fs

Asthma Control Test

Artificial Neural Network

Asthma Quality of Life Questionnaire

American Thoracic Society

Acrbitrary Units

Bronchoconstrictor Agent

Bronchial Challenge Test

Body Mass Index

Chlorofluorocarbon

Chronic Obstructive Pulmonary Disease

Computerised Respiratory Sound Analysis

Coefficient of Variation

Continuous Wavelet Transform

Diameter

Decibel

Decibel (A-weighted)

Discrete Cosine Transform

Dry Powder Inhaler

Estimated Flow Rate

Fundamental Frequency

Frequency below which 25% of total spectral power lies
Frequency below which 50% of total spectral power lies
Frequency below which 75% of total spectral power lies
Frequency below which 99% of total spectral power lies
Sampling Frequency

XXi



FEF50
FEV1
FIVC
FFT
Frmax
FPF
FSR
FVC
GLS
GMM

HFA
HFI
HMM
IC
IFR
INCA

KFD
LABA
LPC
MAD
MEMS
MFCC
NC
NGI
NPV

Pave
Pror1
pA
pE
p!

Forced Expiratory Flow at 50% Vital Capacity

Forced Expiratory Volume in 1 Second

Forced Inspiratory Vital Capacity

Fast Fourier Transform

Frequency of Maximum Power

Fine Particle Fraction

Force Sensitive Resistor

Forced Vital Capacity

Generalised Least Squares

Gaussian Mixture Model

Shannon entropy

Hydrofluoroalkane

Highest Frequency during Inspiratory breath phase

Hidden Markov Model

Inspiratory Capacity

Inspiratory Flow Rate

Inhaler Compliance Assessment

Performance Measure

Cohen’s Kappa Statistic

Katz Fractal Dimension

Long-Acting Beta-Agonist

Linear Predictive Coding

Mean Absolute Deviation

Microelectromechanical System

Mel Frequency Cepstral Coefficient

Non-Contact microphone

Next Generation Cascade Impactor

Negative Predictive Value

Pressure change inside of a dry powder inhaler during inhalation
Average Power

Summation of power of fundamental frequency and first harmonic
Positive predictive value of Actuation sound event detection
Positive predictive value of Exhalation sound event detection

Positive predictive value of Inhalation sound event detection

XXIii



Pxx
pdf
PEFR
PET
PIFR
PIFRsim
PIFR
pMDI
PPV
PSD
QDA
r

R

RZ
RCSI
RIP
RMS
SABA

SA
gE

gl
SNR
STFT
SVM

TED

WAV
WHO

Welch Power Spectral Density

Probability Density Function

Peak Expiratory Flow Rate

Polyethylene Terephthalate

Peak Inspiratory Flow Rate

Peak Inspiratory Flow Fate of inhalation (not at maximum effort)
Estimated Peak Inspiratory Flow Rate
Pressurised Metered Dose Inhaler

Positive Predictive Value

Power Spectral Density

Quadratic Discriminant Analysis

Pearson’s Linear Correlation Coefficient
Airflow resistance of inhaler

Coefficient of Determination

The Royal College of Surgeons in Ireland
Respiratory Inductance Plethysmography
Root Mean Square of amplitude

Short-Acting Beta-Agonist

Seconds

Sensitivity of Actuation sound event detection
Sensitivity of Exhalation sound event detection
Sensitivity of Inhalation sound event detection
Signal to Noise Ratio

Short Time Fourier Transform

Support Vector Machine

Tracheal microphone

Total Emitted Dose

Volts

Waveform Audio File Format

World Health Organisation

Zero Crossing Rate

Xxiii






Chapter 1. Introduction

Chronic respiratory diseases affect the airways and involve airflow obstruction and the
destruction of lung parenchyma (Houghton, 2013). These diseases include asthma,
chronic obstructive pulmonary disease (COPD), sleep apnoea and pulmonary
hypertension. Chronic respiratory disease places a significant burden on a person’s
quality of life. Hundreds of millions of people are affected by these diseases worldwide
causing over four million deaths per annum (Cruz et al., 2007). In the European Union
(E.U), over 600,000 people die from respiratory diseases every year (van Boven et al.,
2017). As well as this, a significant economic burden is caused from chronic respiratory
diseases in terms of direct medical costs (e.g. hospital admissions) and indirect medical
costs (e.g. lost time at work) (Masoli et al., 2004). Two of the most prevalent chronic
respiratory diseases are asthma and COPD. There is currently no cure for these diseases
but they may be controlled using inhaler devices to administer medication to patients.
Inhalers can improve symptom control and prevent exacerbations (sudden worsening of
symptoms) from occurring (Bosnic-Anticevich et al., 2017). However, the initiation,
implementation and persistence of prescribed inhaled medication is imperative for the

long term treatment of asthma and COPD (Vrijens et al., 2016).

1.1 Asthma

Asthma is characterised by chronic inflammation of the airways. The small airways
can become narrow, constricted and inflamed causing symptoms such as shortness of
breath, chest tightness, cough and wheeze which can vary over time (Normansell and
Kew, 2016). The airway obstruction caused by chronic inflammation is mostly reversible

in asthma patients. If not treated effectively, symptoms can increase in severity causing
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Figure 1.1. lllustration of the pathophysiology of asthma (A.D.A.M, 2007).

an “attack” or exacerbation which can be potentially life threatening to patients. Figure
1.1 illustrates the basic pathophysiology of asthma (A.D.A.M, 2007).

Over 300 million people are affected by asthma worldwide and it is estimated that a
further 100 million will be affected by 2025 (Normansell and Kew, 2016; Zeki, 2014). It
is the most common chronic disease suffered by children with over 6.8 million children
affected in the United States (U.S) alone. It is the most common chronic respiratory
disease in adults with over 250,000 people affected in Ireland (Asthma Society of Ireland,
2017; Health Service Executive, 2017a). Over 250,000 people die from asthma every year
(Bateman et al., 2008). Ireland has the fourth highest prevalence of asthma worldwide
(Health Service Executive, 2017a).

The causes of asthma are not fully understood. Some of the risk factors associated with
asthma include (Ferkol and Schraufnagel, 2014);

e Genetic predisposition

e Environmental allergens

e Air pollutants

e Dietary factors

e Abnormal immunological responses

Asthma causes a significant economic burden making up 1-2% of health care budgets
in developed countries (Masoli et al., 2004). More than 80% of healthcare resources are
used by 20% of asthma patents (Szefler et al., 2011). The total cost of asthma to the U.S



economy is reported to be over $50 billion per annum between direct and indirect costs
associated with the disease (Szefler et al., 2011). In Europe, the estimated average cost
for a child with asthma ranges from €883 to €2,202 per annum with costs of €632 to
€2,745 per annum for adults (Price et al., 2013). Costs can be significantly higher in
uncontrolled patients (Accordini et al., 2013). Much of this economic burden is associated
with patients not taking their inhaler or using their inhaler with incorrect user technique
(Normansell and Kew, 2016).

1.2 Chronic Obstructive Pulmonary Disease (COPD)

COPD is a preventable, progressive disease that is characterised by airflow limitation
that is not fully reversible and is associated with an abnormal inflammatory response of
the lungs to noxious particles or gases (Pauwels and Rabe, 2004; Bateman et al., 2008).
The main site of obstruction is reported to be in the smaller airways. The airways become
inflamed in response to noxious particles or gases such as tobacco smoke (Hanania and
Sharafkhaneh, 2011). The most common symptoms include shortness of breath, cough
and sputum production (GOLD, 2017). COPD is an umbrella term that is used to describe
a number of chronic respiratory diseases such as emphysema and chronic bronchitis that
cause limitations in lung airflow (WHO, 2015). Emphysema involves gradual destruction
of the alveoli in the lungs while chronic bronchitis involves inflammation of the
bronchioles and can result in chronic cough (Cruz et al., 2007). Differentiating between
asthma and COPD can sometimes be challenging in clinical practice as symptoms may
overlap, change or exist in parallel (Toy et al., 2011). Figure 1.2 illustrates the
pathophysiology of COPD differentiating between emphysema and chronic bronchitis
(Houghton, 2013).

COPD affects 210 million people worldwide (Cruz et al., 2007). It is the fourth
leading cause of death worldwide and is predicted to be the third leading cause of death
by 2020 (WHO, 2015; Decramer et al., 2012). The prevalence of COPD in Europe is
estimated to be 4-10% with 110,000 people affected in Ireland alone (Miravitlles et al.,
2016; Health Service Executive, 2017b). Exacerbations are common among COPD
patients, particularly in more severe patients, which involve rapid impairment of lung

function, disease progression and decreased quality of life (Price et al., 2011).
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Figure 1.2. lllustration of the pathophysiology of COPD (Houghton, 2013).

Smoking is responsible for 75% of COPD cases and is the number one risk factor
associated with the disease (Ait-Khaled et al., 2001). It has been reported that 15-25% of
smokers will be affected by COPD at some point in their life (Houghton, 2013). Other
main risk factors associated with COPD include (Ferkol and Schraufnagel, 2014);

e Indoor smoke

e Occupational gasses and particles

e Outdoor pollutants

e Asthma

As with asthma, COPD causes a significant economic burden. In the U.S, COPD is
the fourth leading cause of death and accounts for 1.5 million emergency room visits.
There are 636,000 hospitalisations every year costing a total of $42.6 billion, $11.3 billion
of which is directly associated with hospital care (Dalal et al., 2011). Direct costs of
COPD are estimated to be $1,500 per patient per annum. In, Europe, annual healthcare
costs associated with COPD are reported to be €48.4 billion with costs projected to
continually increase to 2020 (Ford et al., 2014; European Respiratory Society, 2017).

1.2.1 Spirometry

Many patients may go undiagnosed, particularly in COPD, until the disease
progresses into advanced stages (Price et al., 2011). Spirometry is the preferred clinical



test to diagnose chronic respiratory diseases such as asthma and COPD. Spirometry is
defined as “a physiological test that measures how an individual inhales or exhales
volumes of air as a function of time” (Miller et al., 2005). Patients are instructed to
perform tidal breathing through a pneumotachograph mouthpiece before performing
forced inhalation and exhalation manoeuvres. The forced expiratory volume in one
second (FEV1), forced vital capacity (FVC), the ration between FEV1 and FVC and the
percentage of predicted FEV1 (FEV1%) are used to characterise airflow limitation in
patients. Predicted values are based on the patient’s age, BMI, sex and race. Patients with
moderate COPD tend to have FEV1% values of between 50%-80% with severe COPD
values between 30%-50% (GOLD, 2017). FEV1/FVC values less than 0.7, particularly
after the administration of a bronchodilator, can signify the presence of COPD (Pauwels
and Rabe, 2004; Celli, 2000). Reversible airflow obstruction can be diagnosed by
assessing lung function measurements before and after the administration of a

bronchodilator. This can assist in the diagnosis of asthma (Horak et al., 2016).

1.3 Inhaled Therapy

Asthma and COPD are usually treated with medication administered through
inhalation. Inhalation therapy is the preferred choice over other forms of therapy, such as
oral or nasal administration, for a number of reasons. Inhaled medications directly target
the airways which is critical for relieving symptoms of asthma and COPD. The speed of
onset is significantly quicker than oral administration and the therapeutic effect may last
longer also (Hajian et al., 2016; Lavorini, 2013; Everard, 2003). Adverse side-effects are
limited with inhaled therapy as they require significantly smaller doses to relieve
symptoms in comparison to oral medication (Rodriguez-Martinez et al., 2016; Hajian et
al., 2016).

There are a range of inhaled medications available which can be categorised into
bronchodilators and corticosteroids. They are also sometimes referred to rescue/reliever
(bronchodilators) and  preventative/controller  (corticosteroids)  medications.
Bronchodilators usually come in the form of short-acting beta-agonists (SABA) such as
salbutamol and long-acting beta-agonists (LABA) such as salmeterol. These medications
are used to relieve symptoms of respiratory disease by opening or dilating the airways.
The LABA medications are also used in combination with corticosteroids (such as
fluticasone propionate/salmeterol) to dilate the airways and reduce inflammation over a



longer period of time (Normansell and Kew, 2016). A range of specific combinations of
medication are available for asthma and COPD patients depending on the severity of the
disease.

Inhaled medication is administered to patients using inhaler devices of which there
are three main types; pressurised metered dose inhaler (pMDI), dry powder inhaler (DPI),
soft mist nebulizers (Backman et al., 2014). The most common inhaler devices used in

clinical practice are pMDIs and DPIs and so will be the primary focus of this research.

1.3.1 Pressurised metered dose inhaler (pMDI)

The pMDI is the most commonly used inhaler worldwide with total worldwide sales
in excess of $2 billion per annum (Lavorini, 2013; Virchow et al., 2008). It is a handheld,
cheap, multi-dose, portable device that is available for a number of medications (Lavorini,
2013). Approximately 40% of the aerosol particles in pMDIs are in the respirable range
(Lavorini, 2013). The pMDI consists of a pressurised canister which contains the

medication, a metering valve and support casing as shown in Figure 1.3.

Drug canister —» . ©

pMDI casing

Mouthpiece

Figure 1.3. Pressurised metered dose inhaler (pMDI).
Adapted from (MPR, 2017; A.D.A.M, 2017).

The medication is suspended or dissolved in a propellant within the pressurised
canister. Propellants are volatile substances that are gaseous at ambient temperature and
pressure but liquidise when cooled. Originally, chlorofluorocarbon (CFC) propellants
were used in pMDlIs but have been phased out in recent years due to the consensus that
they damage the 0-zone layer. For this reason, hydrofluoroalkane (HFA) propellants have
been introduced as a replacement for CFCs (Rau, 2006).

When the user actuates (presses down) the canister, the propellant/medication

solution/suspension is fired from the inhaler where the propellant then evaporates



immediately leaving only the medication to be inhaled by the patient. The metering valve
ensures a known consistent volume of propellant/medication is dispensed from the inhaler
(Roche and Dekhuijzen, 2016). The HFA pMDIs contain ethanol so they tend to generate
a warmer temperature aerosol plume (approximately 8°C) (Lavorini et al., 2014). The
aerosol plume generated from HFA pMDIs generate slower velocity upon actuation also
compared to CFCs. This reduces the cold freon effect sometimes experienced by patients
whereby patients cease their inhalation prematurely due to the cold sensation exhibited
from the aerosol plume hitting the back of the throat during actuation (Crompton, 1982;
Gabrio et al., 1999).

As with all inhalers, pMDI requires a number of specific steps in order for the patient
to receive maximum therapeutic effect from the inhaler. The most critical step when using
any inhaler is the inhalation event. When using a pMDI, patients are instructed to actuate
the canister of the pMDI as they begin a “slow” and “deep” inhalation (Chrystyn and
Price, 2009). Patients are required to inhale steadily below 90 L/min in order to ensure
the medication reaches the lower airways (Al-Showair et al., 2007a; Ammari and
Chrystyn, 2013). The flow rate of inhalation directly affects the velocity of the aerosol
particles. Inhaling too fast may increase the probability of the aerosol particles being
deposited in the oropharynx and larynx rather than the lower airways (Laube et al., 2011).

1.3.2 Dry powder inhaler (DPI)

The DPI is also a handheld, multi-dose device that delivers medication to the airways
via an inhalation. DPIs are also available for a range of medications. As the name
suggests, the medication is in dry powder form and, therefore, they do not require any
propellant gases to deliver medication. DPIs are breath-actuated devices meaning that
they do not require the patient to physically actuate the inhaler during inhalation. This
highlights a major advantage of DPIs over pMDiIs. It has been reported that patients make
fewer user technique errors that prohibit maximum drug delivery when using DPIs in
comparison to pMDIs. For this reason, DPIs are becoming more and more popular in
clinical practice (Melzer et al., 2017).

The medication in DPIs is usually formulated with a carrier such as lactose (Plaza
Moral and Giner Donaire, 2016). In order to remove the powder from the mouthpiece and
to deliver the medication efficiently to the lower airways, the patient must inhale “fast”,

“hard and as deep as possible” (Chrystyn and Price, 2009). A fast and hard inhalation is



required to generate sufficient turbulent energy to break up and de-agglomerate the
powder into an aerosol of suitable particle size to reach the lower airways (<5 pum). The
turbulent energy within the DPI is caused from the pressure drop associated with the
patient’s inhalation flow rate and the DPI’s internal resistance to airflow. This

relationship can be represented as follows;

VP =F xR (1.1)

where P is the pressure change inside the DPI, F is the inhalation flow rate and R is the
DPI resistance to airflow (Chrystyn and Price, 2009; Azouz and Chrystyn, 2012).

DPI resistance to airflow varies across different DPI designs, therefore, it is not suitable
to compare patient inhalation flow rate across DPI devices. The turbulent energy
generated within the device during inhalation is of more significance. Patients may be
able to achieve significantly higher inhalation flow rate in certain DPIs compared to
others.

Figure 1.4 presents the main components of a range of DPIs including the Diskus,
Ellipta and Turbuhaler. DPIs also require a number of specific steps in order for patients
to receive maximum clinical benefit from the inhaler. There are many different designs
and brands of DPI devices, all with different airflow resistance levels and different
mechanisms to prepare the medication dose for inhalation. According to the literature, the
“optimal” inhalation flow rate of inhalation may change across different DPI device
designs, therefore, the minimum inhalation flow rate required to generate sufficient
turbulent energy within the device can be considered. The recommended minimum peak
inspiratory flow rate (PIFR) of inhalation for DPIs is reported to be 30 L/min (Azouz and
Chrystyn, 2012). However, total lung dose from DPIs is not only dependent on inhalation
flow rate, it is also dependent on the inspiratory capacity (IC) and acceleration (ramp or
rise time) of inhalation (Haughney et al., 2010; Dorosz et al., 2016). Failure to generate
the rapid, forceful and deep inhalation required to de-aggregate the dose particles can lead
to medication being deposited in the oropharynx from where it may be swallowed by the

patient and have little therapeutic effect (Haughney et al., 2010).
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Figure 1.4. Examples of dry powder inhalers (DPIs).
(A) Diskus [GlaxoSmithKline, London, UK], (B) Ellipta [GlaxoSmithKline, London, UK] and
(C) Turbuhaler [AstraZeneca, S6dertélje, Sweden].

e

0

Y&

1.4 Adherence

Adherence is a term used to describe “the extent to which a person’s behaviour —
taking medication, following a diet, and/or executing lifestyle changes, corresponds with
agreed recommendations from a healthcare provider” (WHO, 2003). Adherence is also
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referred to as “compliance”, “persistence” or “concordance” in the literature (Pritchard
and Nicholls, 2015; Blaschke et al., 2012). In terms of inhaler use, adherence is composed
of temporal adherence (when the patient used their inhaler) and user technique adherence
(how the patient used their inhaler). Adherence to inhaler medication is imperative for the
long term management of chronic respiratory diseases (Toy et al., 2011).

Poor adherence to inhaled medication is a complex problem and is a major clinical
concern in the treatment of chronic respiratory diseases. Adherence in asthma and COPD

is poorer compared to other diseases such as diabetes, depression, hypertension and



osteoporosis (Sanduzzi et al., 2014). According to a Cochrane review, up to 80% of
asthma patients do not use their inhaler with correct user technique (Normansell and Kew,
2016). COPD adherence has not improved in the last 40 years, with studies reporting over
50% of COPD patients having poor inhaler adherence (Sanchis et al., 2016; Molimard et
al., 2016). In terms of inhaler user technique adherence, patients often make critical errors
while using their inhaler which prohibits them from receiving the maximum available
medication dose. Critical errors can be defined as those resulting in little or no medication
reaching the lungs and resulting in poor disease outcomes (Batterink et al., 2012; Price et
al., 2017). It is important to understand what critical errors are most common amongst
patients, what are the consequences of these critical errors in terms of clinical outcomes
and how can they be objectively monitored to improve patients’ inhaler user technique.

Poor inhaler adherence leads to poor disease control in asthma patients, particularly
with uncontrolled asthma (Price et al., 2017; Horak et al., 2016; Giraud et al., 2011). It is
also associated with poor disease control in COPD patients (Lee et al., 2014). It was
previously reported that COPD patients are twice as likely to be hospitalised if they do
not use their inhaler correctly (Molimard et al., 2016). Mortality rates have been reported
to double in COPD when patients are non-adherent to their inhaler medication (Vestbo et
al., 2009). Another previous study reported that COPD patients tend to have poor pMDI
user technique during an exacerbation (Broeders et al., 2004). This highlights that some
patients may not be able to use their inhaler correctly when they need it the most. Poor
inhalation technique in DPIs is associated with increased rate of exacerbations in asthma
patients (with 32%-38% making this critical error) (Price et al., 2017). Furthermore,
patients may not feel an improvement in their respiratory health if they are non-adherent
to their inhaler medication. Healthcare professionals may increase the dose of inhaler
medications as they may attribute poor disease control with the pharmacological
properties of the medication rather than adherence (Bonini and Usmani, 2015; Bateman
et al., 2008). This can increase healthcare costs even though it may not be completely
necessary.

A substantial economic burden which affects patients, providers and the healthcare
system is caused due to poor adherence. In the U.S, over $50 billion is spent on inhalers
every year with $7-15 billion wasted due to poor adherence (Fink and Rubin, 2005;
Normansell and Kew, 2016). Poor adherence increases healthcare costs from increasing
the number of hospitalisations. Approximately 275 million medical visits are wasted each

year due to poor patient adherence (Schappert and Rechtsteiner, 2008). Poor inhalation
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technique is associated with increased healthcare costs in Europe also. It was reported
that poor inhalation technique in inhalers was associated with costs of €782 million across
Spain, Sweden and the UK (Lewis et al., 2016). The estimated revenue loss to the
pharmaceutical industry is an estimated $637 billion due to poor adherence (Capgemini
Consulting, 2016).

Improving patient inhaler adherence can reduce the risk of exacerbations and improve
respiratory health. Therefore, there is an urgent clinical need to provide healthcare
professionals with objective information regarding patient inhaler adherence (both
temporal and user technique) (Davis et al., 2017). Sensor-based inhaler monitoring
technologies have shown promising opportunities to collect pertinent data regarding when
(temporal adherence) and where patients use their inhalers (Kikidis et al., 2016; Chan et
al., 2013; Su et al., 2017). The global market for “smart” inhalers and sensor-enabled
monitoring technologies is on the rise and it is estimated that it will be a $3.56 billion
industry by 2024 (Grand View Research, 2016). However, many of the monitoring
devices available cannot objectively assess patient user technique adherence (how
patients use their inhaler). In previous research, the Inhaler Compliance Assessment
(INCA) system highlighted the potential in employing audio-based methods to obtain
objective information regarding both temporal and user technique adherence as well as
quantifying the amount of drug delivered to patients using the Diskus DPI (Holmes et al.,
2014a; Sulaiman et al., 2017). The system employed audio-based signal processing
methods to automatically classify inhaler events such as inhalation, drug preparation and
exhalation sounds. By assessing the timing and the order of these inhaler sound events,
objective assessment of patient user technique is possible. This allows healthcare
professionals to personalise treatment to the patients’ needs with the goal of improving
their adherence and their beliefs towards their medication. However, little is known
regarding the use of audio-based methods to objectively assess patient user technique in
pMDlIs and other DPIs such as the Ellipta and Turbuhaler. Furthermore, there is lack of
research to date on how audio-based methods of inhaler use can be used to observe

patients’ clinical response to treatment.

1.5 Research Goal and Collaborations

The research goal of this thesis was to develop audio-based signal processing methods
to allow investigation into patient adherence to correct inhaler user technique. In order
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for new adherence measures to be introduced into respiratory medicine, new signal
processing methods are needed to extract pertinent clinical information of patient inhaler
use. Based on the existing literature, previous audio-based methods of objectively
assessing patient inhaler user technique were examined in significant detail. The specific
aims and hypothesis are presented in further detail in Chapter 3. Studies to further
improve the scientific depth and applicability of these methods to a range of different
inhaler devices were conducted as part of this thesis.

This research involved a close collaboration between the Trinity Centre for
Bioengineering in Trinity College Dublin and healthcare professionals in the Royal
College of Surgeons in Ireland (RCSI), Beaumont Hospital, Dublin, Ireland and in the
Bon Secours Hospital, Dublin, Ireland. This collaboration enabled the collection of
clinical data from patients with chronic respiratory diseases, enhanced the design of
patient-focused experiments and ensured that studies were performed in line with current
ethical guidelines. This research also involved collaboration with the engineering team at
Vitalograph Ireland Ltd., Ennis, Co. Clare, Ireland who manufactured and provided

spirometers and INCA audio recording devices for acquiring inhaler flow and audio data.

1.6 Thesis Outline

This thesis is organised into a series of studies. Chapter 2 reviews the literature
associated with the prevalence and consequences of poor adherence to correct pMDI and
DPI user technique amongst asthma and COPD patients. It also focuses on the existing
literature on audio-based methods of detecting and classifying respiratory sounds and
estimating respiratory flow rate. Chapter 2 reviews the literature on audio-based methods
of monitoring inhaler adherence and the clinical impact it has on the treatment of asthma
and COPD. Chapter 3 introduces the main aim and hypothesis of this thesis and the
specific research questions that were addressed.

The studies described in Chapter 4 investigate the use of audio-based methods to
estimate PIFR in pMDIs and DPIs as well as investigating the acoustic properties of
inhaler inhalation sounds and how they may significantly differ across inhaler devices.
The first study described in Chapter 5 focuses on employing audio-based methods to
estimate PIFR in asthma and COPD patients. It also investigates the spectral properties
of inhalation sounds across patients which may assist future audio-based algorithmic
development for monitoring patient inhaler adherence. The second study reported in

12



Chapter 5 investigates the relationship between audio-based features of inhaler inhalation
sounds and patient lung function during and after an induced exacerbation with the aim
of remotely monitoring lung function during treatment through audio analysis of inhaler
inhalation sounds. The study described in Chapter 6 focuses on the development of a
method to estimate the inhalation flow profile (which allows for measuring PIFR, IC and
other flow parameters that directly influence inhaler drug delivery) from the Ellipta DPI
using audio-based features from just one inhalation audio signal for calibration. The final
two studies of the thesis described in Chapter 7 focus on the development of an audio-
based signal processing algorithm to automatically objectively assess pMDI user
technique in asthma and COPD patients. The second study in Chapter 7 also compares
the performance of the developed audio-based methods of assessing inhaler user
technique with a subjective clinical checklist method.

Finally, Chapter 8 presents a discussion of the main findings reported in this thesis
along with a discussion of the clinical impact of this research. In addition, the limitations
of this research, followed by recommendations for future studies in this research area are

also discussed in order to further enhance audio-based inhaler monitoring systems.
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Chapter 2. Literature Review

2.1 Patient Adherence to Pressurised Metered Dose Inhaler

User Technique

Although the pMDI is the most commonly used inhaler device worldwide and generates
high dose consistency, there are some major disadvantages in terms of using pMDIs in
clinical practice. The main disadvantage with pMDIs is that many patients do not use
them with correct user technique which greatly impairs clinical outcomes for patients
(Crompton, 2004). The specific user technique steps regarding how to correctly use a
pMDI are given in Table 2.1 (Laube et al., 2011). The device requires the patient to
physically actuate the inhaler canister to receive medication; therefore, they are not
breath-actuated. Good coordination between actuation and inhalation (also referred to as
actuation coordination) is critical (see step 8 in Table 2.1) in ensuring maximum drug
deposition in the lower airways which makes it challenging to use for many patients
(Sanchis et al., 2016). Moreover, the pMDI propellant fires the medication from the
inhaler rapidly, therefore the patient is only required to guide the medication with a low
flow rate inhalation (Murphy, 2016). The pMDI has minimal resistance to air flow which
may allow patients to inhale too fast in relation to the recommended flow rate of 90 L/min
(Azouz et al., 2014). This causes high oropharyngeal deposition which reduces
therapeutic effect (Lavorini, 2013). Also, many pMDIs do not have dose counters, making
it very challenging for patients to keep a record of the number of doses administered
(Chrystyn and Price, 2009).

Many studies have reported on patient pMDI user technique and they all lead to the

same consensus that many asthma and COPD patients cannot use pMDIs with correct
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Table 2.1. Steps required to correctly use a pressurised metered dose inhaler (pMDI).

Step

Number

1

2
3
4
5

10

11

12
13

Instruction

Shake four or five times (if suspension formulation)
Take the cap off

Prime the inhaler (refer to the patient information leaflet)
Exhale slowly, as far as comfortable (to empty the lungs)
Hold the inhaler in an upright position

Immediately place the inhaler in the mouth between the
teeth, with the tongue flat under the mouthpiece

Ensure that the lips have formed a good seal with the
mouthpiece

Start to inhale slowly, through the mouth and at the same
time press the canister to actuate a dose

Maintain a slow and deep inhalation, through the mouth,
until the lungs are full of air. This should take an adult
4-5 seconds

At the end of the inhalation, take the inhaler out of the
mouth and close the lips

Continue to hold the breath for as long as possible, or up
to 10 seconds before breathing out

Breathe normally

If another dose is required, repeat steps 412

user technique. As there are a number of critical steps to perform, patients are prone to

make at least one mistake during inhaler use. According to Restrepo et al. (2008), 90%

of patients use their pMDI with poor user technique (Restrepo et al., 2008). However,

some errors are more critical than others in terms of impeding drug delivery to the patient.

Studies have reported that 43.8% of patients made critical errors that impeded drug

delivery (Molimard et al., 2016). This is quite alarming as it suggests that these patients

did not receive the full clinical benefit from their inhaler medication. Also, patients are

more likely to make critical errors when using the pMDI as opposed to any other inhaler
device (Batterink et al., 2012; Sanchis et al., 2016; Melzer et al., 2017). Table 2.2 lists a

number of studies that reported several critical errors associated with pMDIs. The top
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Table 2.2. Studies reporting common user technique errors associated with the pMDI.

No. Most Common Errors (% of patients
Author ) ]
Patients making error)

_ e Inhalation too fast (47.2%)
(Price etal., 2017) 760 e Poor actuation coordination (34.7%)
e Head not tilted upward (34.1%)

e Inhalation too fast (100%)
(Jhaetal., 2017) 105 e Poor actuation coordination (100%)
e Insufficient breath hold (90%)

_ e Insufficient breath hold (46%)
(Sanchis et al., 2016) 23,296 e Poor actuation coordination (45%)
e Inhalation too fast (44%)

e Insufficient breath hold (53%)
(Melani et al., 2011) 1,633 e Inhalation too fast (52%)
e No exhalation before inhalation
(50%)

e Inhalation too fast (37%)
(Molimard, 2005) 3,811 e Didn’t shake inhaler (33.5%)
e No exhalation before inhalation
(28.9%)

e Insufficient breath hold (44%)
3,955 ¢ Inhalation too fast (34%)
2002) e Not inhaling to total inspiratory
capacity (23%)

(Giraud and Roche,

e Poor actuation coordination (27%)
(McFadden Jr, 1995) 955 e Insufficient breath hold (26%)

e Inhalation too fast (19%)

e Poor actuation coordination (73%)
(Crompton, 1982) 1,038 e Multiple actuations (17%)

e Inhaled through nose (12%)

three most common critical errors observed in each study are listed also. It is clear from
Table 2.2 that inhaling too fast and poor actuation coordination are both very common
critical errors patients make when using a pMDI. A fast inhalation (PIFR over 90 L/min)
increases the velocity of the aerosol particles and increases the impaction of particles
where the airflow changes direction (such as at the back of the throat). Therefore, the

amount of drug penetrating the lower airways is significantly reduced (Murphy, 2016;
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Haughney et al., 2010; Pirozynski and Sosnowski, 2016). Poor coordination leads to
excess deposition in the oropharynx (Giraud and Roche, 2002). More specifically, even
actuating towards the end of an inhalation can reduce the penetration of drug to the lower
airways due to the reduced volume of inhalation (Pirozynski and Sosnowski, 2016).
Actuating the inhaler multiple times can reduce the delivered dose per actuation also
(Murphy, 2016). Reduced volume of inhalation can also come as a consequence of not
exhaling to empty the lungs before inhaling. Consequently, there was a clinical need to
introduce new inhaler device designs such as DPIs to address these issues. However, DPIs

have their own clinical disadvantages.

2.2 Patient Adherence to Dry Powder Inhaler User

Technique

Although DPIs eliminate the issue of actuation coordination observed in pMDIs and
are breath-actuated, there are still some concerns regarding DPI use in clinical practice
also. The clinical efficacy of DPIs is heavily reliant on the patient’s inhalation manoeuvre.
The specific steps regarding how to correctly use a DPI are listed in Table 2.3 (Laube et
al., 2011). The patient’s inhalation flow profile (how the inhalation flow rate changes
over time) affects the clinical performance of DPIs (Dorosz et al., 2016). There are a
number of flow parameters that can be computed from the inhalation flow profile from
DPIs. Figure 2.1 presents an illustration of an inhalation flow profile from a DPI. The
PIFR corresponds to the maximum point on the flow profile curve. The IC corresponds
to the volume of air inhaled in litres which is computed as the area under the flow profile
curve. The ramp time (or rise time) refers to the time taken to reach the PIFR. In DPIs,
the medication leaves the inhaler mouthpiece almost instantly at the onset of an
inhalation. Therefore, it is essential for the patient to inhale as fast and as hard as possible
(with sufficiently high PIFR and IC values with short ramp time) to receive the maximum
dose available.
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Table 2.3. Steps required to correctly use a dry powder inhaler (DPI).

Step
Number
1
2

Instruction

Take the cap off (some do not have a cap)

Follow the dose preparation instructions in the patient
information leaflet

Do not point the mouthpiece downwards once a dose has
been prepared for inhalation because the dose could fall
out

Exhale slowly, as far as comfortable (to empty the lungs).
Do not exhale into the DPI

Start to inhale forcefully through the mouth from the very
beginning. Do not gradually build up the speed of
inhalation

Continue inhaling until the lungs are full

At the end of the inhalation take the inhaler out of the
mouth and close the lips. Continue to hold the breath for
as long as possible, or up to 10 seconds

Breathe normally

If another dose is required, repeat steps 1-8
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Figure 2.1. Hlustration of a DPI inhalation flow profile.

The plot demonstrates flow parameters including peak inspiratory flow rate (PIFR) which
corresponds to the peak flow rate of the flow profile curve, the inspiratory capacity (IC)
which corresponds to the area under the curve (shaded region) and the ramp time which
corresponds to the time at which PIFR is achieved.

Figure 2.2 presents examples of two inhalation flow profiles through a DPI (Chrystyn
and Price, 2009; Haughney et al., 2010). In Figure 2.2, both inhalation profiles generate
the same PIFR, however, it is clear that the inhalation demonstrated by Profile 2 is more
ideal due to a more rapid onset (short ramp time) and, therefore, will deliver more of the
available dose to the patient. Improper inhalation technique in DPIs can lead to over 50%
of the drug being deposited in the throat (de Boer et al., 2016). Some patients may not be
physically able achieve the required inhalation flow parameters, particularly children
under the age of 5 years and COPD patients with impaired lung function (Bonini and
Usmani, 2015; Fink and Rubin, 2005). DPIs can be challenging to administer to non-
cooperating patients. Also, the drug output is reported to be less accurate and reproducible
compared to other devices (Melani, 2007). Exhaling into the mouthpiece of the DPI may
significantly reduce the dose available to the patient (Holmes et al., 2014b; Fink and

Rubin, 2005). This issue is non-existent in pMDIs.
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Figure 2.2. DPI inhalation flow profiles from two different inhalation manoeuvres.
The plot presents patient inhalation profiles that are usual (Flow Profile 1) vs. ideal (Flow
Profile 2) for DPI dose emission. Actual shape will vary with the device used (adapted from
(Chrystyn and Price, 2009; Haughney et al., 2010)).

New DPI devices are being developed regularly as the medication market for DPIs
continues to rise (Chrystyn and Niederlaender, 2012). However, new medication
formulations have to be optimised to the inhaler design. Certain formulations may be
tailored to high resistance or low resistance DPIs depending on the properties of the drug
carrier agglomerate and mixtures. Therefore, using the same formulation of medication
in different DPIs may generate different clinical outcomes (Lavorini et al., 2014).

Many patients make critical errors when using DPIs also. A study by Melani et al.
(2011) reported that patients made more critical errors using DPIs than pMDIs (Melani
et al., 2011). Table 2.4 lists a number of studies that reported several critical errors
associated with DPIs. The top three most common critical errors observed in each study
are listed also.

It is clear from Table 2.4 that there exists a significant clinical problem with DPIs in
that patients cannot generate sufficient inhalation effort to receive the available dose.
Insufficient inspiratory effort increases the size of the emitted particles (which reduces
lower airway deposition) and can lead to a build-up of medication at the mouthpiece of
the inhaler where the medication is wasted (Sulaiman et al., 2017; Virchow et al., 2008).
Not only do patients find it challenging to generate the required inhalation flow rate, they
also struggle to generate sufficient inspiratory volume also. Insufficient inspiratory

volume can be a result from not emptying the lungs by exhaling to residual capacity
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Table 2.4. Studies reporting common user technique errors associated with the DPI.

No. Most Common Errors (% of patients
Author DPI Used _ _
Patients making error)
Insufficient inhalation flow rate
(Price et al., ) (38.4%)
2017) Diskus 826 Head not tilted upward (34.6%)
No exhalation before inhalation
(32.4%)
Insufficient drug preparation
(Price et al., Turbuhal (48.8%)
urbuhaler i 0
2017) 2,074 Head pqt tllt_ed upV\_/ard (34.3%)
Insufficient inhalation flow rate
(32.1%)
No exhalation before inhalation
(Jhaetal., DPI . (87.7%)
Insufficient breath hold (82.2%)
2017) (General) Insufficient inhalation flow rate
(79.5%)
. No exhalation before inhalation
Sanchis et DPI
( 27,040 (46%)
al., 2016) (General) Insufficient breath hold (37%)
Incorrect drug preparation (29%)
Insufficient breath hold (32%)
(Melani et ) Not inhaling to total inspiratory
al., 2011) L2 :
Exhaling into the mouthpiece
(22%)
Insufficient breath hold (28%)
(Melani et Insufficient inhalation flow rate
Turbuhaler 1,633 (22%)
al., 2011)

Not inhaling to total inspiratory
capacity (22%)

before inhalation. Moreover, patients with severe COPD may not be able to generate the
required inhalation manoeuvre due to the obstructive pathophysiology of their disease. It
has been reported that exhalation before inhalation in DPIs is associated with an increase
in PIFR and may also improve drug delivery as a result (Kondo et al., 2015). Insufficient

breath hold is also a common critical user technique error amongst patients. A recent
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study by Horvath et al. (2017) reported that a breath hold of even just five seconds during
DPI use can increase drug deposition in the airways by 11.3-26.5% (Horvéth et al., 2017).

2.3 Factors Associated with Poor Inhaler Adherence

There are a range of factors associated as to why poor adherence is so prevalent
amongst patients. These factors can be divided into a number of categories; patient,

treatment and healthcare professional factors (Bourbeau and Bartlett, 2008; Ari, 2015).

2.3.1 Patient factors

As previously mentioned, patient satisfaction with their device influences inhaler
adherence and clinical outcomes of inhaled therapy (Small et al., 2011; Mékel et al.,
2013). However, it has been reported that patients may be still prone to incorrect user
technique even if they are satisfied with their device (Jahedi et al., 2016). Patients’ beliefs
in their medication can play a significant role in adherence (Conn et al., 2007). This may
relate to the patient not believing the medication has any clinical effect, or that they do
not have confidence in their healthcare professional. Some patients believe that they use
their inhaler with correct user technique when in reality they do not (Jahedi et al., 2016).
In a study by Giraud and Roche (2002), it was reported that 85% of patients with poor
user technique using a pMDI believed they had correct user technique (Giraud and Roche,
2002). A patient’s memory of the correct steps to use an inhaler device may diminish over
time also (Crompton et al., 2006; Ammari et al., 2017). Cognitive ability may influence
patients becoming non-adherent (Moran et al., 2017; Baird et al., 2017). Studies have
reported that performance in the minimental test (MMT) was significantly correlated with
inhalation technique (r=0.48, p=0.032) (Allen and Ragab, 2002). This is also likely linked
with age, as age has also been reported to be a significant influence on inhaler adherence
in several studies (Jarvis et al., 2007; Giraud and Roche, 2002; Melani et al., 2011;
Lurslurchachai et al., 2014). Comorbidities such as visual and hearing loss are also
associated with poor inhaler adherence (Ammari et al., 2017).

Patient’s health literacy levels influence adherence in both pMDIs and DPIs (O'Conor
et al., 2015). Health literacy can be defined as the “degree to which individuals have the
capacity to obtain, process and understand basic health information and services needed

to make appropriate health decisions” (Kindig et al., 2004). It has been previously

22



reported that elderly patients tend to have low levels of knowledge regarding their
respiratory disease (Ozturk et al., 2015). Education/literacy levels have shown to be a
significant factor on inhaler user technique with illiterate patients making more errors

than postgraduate/professionally qualified patients (Arora et al., 2014).

2.3.2 Treatment factors

There exists almost 200 different designs of inhalers across pMDIs ,DPIs and soft
mist nebulizers, each with their own different specific steps required to deliver the
medication efficiently (Braido et al., 2016a). Selecting a suitable inhaler device is a
critical step in treating asthma and COPD. However, there is a lack of consensus on the
standards for selecting appropriate inhaler devices for patients (Bonini and Usmani, 2015;
Haughney et al., 2010). Factors that should be considered include the patient’s preference
of device, the availability and cost of the device and the medication, the age of the patient
and their ability to use the device as well as the healthcare professional’s preference on
what should be administered (Dolovich et al., 2005; Hajian et al., 2016; Restrepo et al.,
2008). As previously discussed, there are advantages and disadvantages to using either a
pMDI or a DPI in the treatment of asthma and COPD. The patient’s ability to use the
inhaler with correct user technique is critical when selecting an inhaler device as it has
been previously reported that the choice of inhaler can be a predictor of poor adherence
in patients (Jha et al., 2017).

Patients are rarely prescribed just one inhaler (Fink and Rubin, 2005). Usually
multiple different inhalers are prescribed for different medications which influences
adherence (Bonini and Usmani, 2015; Chrystyn et al., 2014). However, combination
medication inhalers are becoming more popular which should decrease the number of
inhalers prescribed to patients. If patients are prescribed multiple inhalers, the devices
should require similar inhalation techniques. It has been reported that patients using
multiple inhalers with similar inhalation techniques are less likely to have an exacerbation
(Bosnic-Anticevich et al., 2017). The dosing regimen a patient is put on by their
healthcare professional is important also. Increasing the dosage per day can have an
adverse effect on adherence (Sanduzzi et al., 2014; Toy et al., 2011), with the majority

of patients preferring a single dose per day system (Tamura and Ohta, 2007).
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2.3.3 Healthcare professional factors

How healthcare professionals educate patients on correct inhaler user technique is
crucial in ensuring patients understand how to use their inhaler device (Chrystyn and
Price, 2009). It has been reported that it takes three clear step-by-step demonstrations for
patients to understand how to use an inhaler device (Rottier and Rubin, 2013; Takaku et
al., 2017). However, in some cases, patients are not given sufficient information by their
healthcare professional (Sanduzzi et al., 2014). It has been widely reported that many
healthcare professionals cannot perform all steps of inhaler use correctly themselves. As
many as 33-67% of healthcare professionals are unable to adequately perform all critical
inhaler steps (Fink and Rubin, 2005; Broeders et al., 2009). Also, many patients visit
more than one healthcare professional so opinion on inhaler use may change accordingly
and become confusing for patients (Bender et al., 1997). Therefore, by standardising
adherence assessment using objective methods, it may improve treatment for respiratory

disease by educating patients as well as healthcare professionals on inhaler adherence.

2.4 Current Methods of Monitoring Inhaler Adherence

As previously mentioned, adherence consists of temporal adherence and user
technique adherence. There are a range of subjective and objective methods of monitoring

inhaler temporal and user technique adherence.

2.4.1 Monitoring temporal adherence

2.4.1.1 Subjective methods

Monitoring temporal adherence heavily relies on self-reported diaries from patients.
This is a simple and low cost method however they can be widely inaccurate. Patients
may intentionally or unintentionally report better adherence than their true adherence and
so this will impede healthcare professionals from obtaining reliable data (Pritchard and
Nicholls, 2015; Micallef et al., 2014). The dose counters on the inhalers can give an
indication of temporal adherence i.e. was the inhaler used or not. However, they cannot
give exact time stamps of when the inhaler was used nor can they distinguish trends in

patient temporal adherence.
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2.4.1.2 Objective methods

Objective methods of monitoring temporal adherence include canister weighing for
pMDIs. The weight of the pMDI canister is measured upon prescribing the inhaler to the
patient. The canister is then weighed when the patient returns at a later date and the
difference in weight can give a measure of temporal adherence (Howard et al., 2014).
Although this method is relatively simple to implement, it still requires a professional and
it is not capable of detecting canister dumping (also referred to as dose dumping)
(Pritchard and Nicholls, 2015). Dose dumping refers to a patient emptying or dumping
the medication before they visit their healthcare professional.

Pharmacy records on medication refills, the type of medication and the amount of
medication prescribed can give a measure of temporal adherence. However, this also
cannot detect dose dumping and it may not be useful for certain inhalers if certain inhalers
are available over the counter (Pritchard and Nicholls, 2015).

Biochemical monitoring involves analysing blood, urine or secretions to measure
drug level (Ari, 2015). However, this method is invasive, expensive and is not available
for all medications (Vitolins et al., 2000). It also cannot distinguish trends in patient
adherence. The method may overestimate adherence due to the “toothbrush effect” which
involves patients improving their adherence just prior to a scheduled healthcare visit
(Pritchard and Nicholls, 2015).

Electronic monitoring devices (EMDs) have been developed for inhalers in recent
years to obtain more objective data regarding patient temporal adherence. There are a
range of EMDs available to monitor temporal adherence.

The Doser? is an attachable device [Meditrack Inc., Massachusetts, USA] that records
time stamps of when pMDI actuations occurred (i.e. when the inhaler was used). As many
pMDlIs do not have dose counters, the Doser can remind patients to take their inhaler and
inform them when the canister is nearly empty. However a disadvantage of the Doser is
that it does not allow for the data to be transferred to a computer and so healthcare
professionals cannot monitor trends over time in patient adherence (Howard et al., 2014).

More advanced EMDs have been introduced for pMDIs such as the Smart Inhaler
Tracker? [Nexus 6, Auckland, New Zealand] which is shaped similar to a pMDI and

records time stamps of when actuations occurred. The device can also set reminders for

L https://www.doser.com/
2 http://www.smartinhaler.com/
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patients to use the inhaler. Other generations of this device were developed including the
SmartTrack and SmartTouch AV which provide better display screens and allow for
smartphone interaction. They can also detect if the canister was inserted or removed from
the inhaler (Howard et al., 2014). Data can be transferred from the device for post-
analyses.

Other devices such as the Spiroscout® [Propeller Health, Wisconsin, USA] also
include additional GPS sensors to allow healthcare professionals analyse when and where
patients used their inhalers. This may be clinically beneficial to know if there are high
risk locations that may trigger an asthma attack in a patient (Pritchard and Nicholls, 2015).
Data can be transferred from the device for post-analyses also.

In terms of DPIs, EMDs such as the Diskus Adherence Logger (DAL) [University of
Pennsylvania, Pennsylvania, USA] and SmartDisk* [Adherium Ltd., Aukland, New
Sealand] are attachable devices that record drug preparation in the Diskus DPI (The DAL
uses a magnetic sensor and the SmartDisk uses a switch when the inhaler is blistered or
activated to record drug preparation). Data can be transferred from the device for post-
analyses. However, none of the above mentioned EMDs record any information on

inhalation technique and other critical steps of inhaler user technigue.

2.4.2 Monitoring user technique adherence

2.4.2.1 Subjective methods

Checklists are the clinical standard for assessing user technique based on visual
assessment from a healthcare professional in clinical practice. They are used to calculate
a “score” of patient user technique based on a healthcare professional visual assessing
each critical step of inhaler use. Newly refined checklists have reported promising results
in training patients on user technique (Mac Hale et al., 2014). However, checklists only
consider adherence at one point in time and give equal rating to all errors (Sulaiman et
al., 2017). Patients tend to perform better when being monitored in a clinical setting,
therefore, this visual assessment does not give a clear indication of how patients use their
inhalers in real life outside of the clinical setting. Furthermore, given that some healthcare

professionals do not have sufficient knowledge of the correct critical steps during inhaler

3 https://www.propellerhealth.com/
4 http://www.smartinhaler.com/portfolio/smartdisk/

26



use (Broeders et al., 2009), this method of assessment is prone to error and over
estimation of adherence. Opinion on inhaler technique will change from person to person
so this will generate variability and uncertainty regarding standard clinical assessment of
inhaler user technique. Many studies have used checklists to measure user technique
(Batterink et al., 2012; Ozturk et al., 2015). Checklists based on visual assessment are
heavily subjective and it may be challenging to measure specific critical errors using this
method. For example, determining whether a patient inhaled at the correct flow rate in
any inhaler may be quite challenging for healthcare professionals based on visual
assessment. There is a clinical need for more objective methods to monitor inhaler user
technique remotely in the treatment of chronic respiratory diseases.

Training devices have been developed to help patients improve their user technique.
These devices are generally cheap and can give patients feedback on some aspects of their
technique. The Clement Clarke In-Check Flo-Tone® [Clement Clarke International Ltd,
Harlow, UK] is an add-on mouthpiece for pMDIs. A plastic reed is situated on top of the
Flo-Tone which generates an audible sound once the patient inhales at approximately 30-
60 L/min (clinically optimal flow rate for pMDIs) (Ammari et al., 2017). Patients are
instructed to inhale slowly and steadily until they hear the whistle from the Flo-Tone.
When the whistle becomes audible, patients are to actuate their inhaler while keeping the
inhalation whistle sound constant and steady. Although the Flo-Tone gives the user an
audible signal upon inhalation, it may be difficult to interpret if the patient inhales too
fast. The device does not give feedback on actuation coordination. However, studies have
reported an improvement in patient pMDI inhalation technique using the Flo-Tone
(Ammari et al., 2017). The Flo-Tone does not record any data so it does not allow for
remote monitoring of pMDI user technique. The Flo-Tone devices were originally
developed for training use only on placebo inhalers but the company have recently
introduced Flo-Tone CR which can be used with real active pMDIs.

The 2Tone Trainer® [Canday Medical, Newmarket, UK] is a device that is shaped
similar to a pMDI but does not attach to a real placebo or active inhaler (Lavorini et al.,
2010). The device contains two reeds which generate audible sounds giving the patient
audible feedback on their inhalation technique (correct or too fast inhalation) (Al-Showair
etal., 2007b). As with the Flo-Tone, the 2Tone Trainer does not record any data and does

not give objective feedback on actuation coordination.

5 http://www.flo-tone.com/
® http://www.2tonetrainer.net/

27



2.4.2.2 Objective methods

Other training devices are available that offer more objective measurements of user
technique for both pMDIs and DPIs.

The Mag-Flo’ [Fyne Dynamics Ltd., Harlow, UK] can be used with both pMDIs and
DPIs. The device consists of a magnetic flow sensor to measure inhalation flow rate.
When the patient inhales at a correct flow rate it switches on a battery powered green light
to give patients visual feedback on their inhalation technique (Lavorini et al., 2010). Data
cannot be transferred from the device for post-analyses.

The Clement Clarke In-Check Dial® [Clement Clarke International Ltd, Harlow, UK]
is a device that is used to objectively measure PIFR of inhaler inhalations. The In-Check
Dial can simulate the airflow resistance of a number of different pMDI and DPI devices
which assists healthcare professionals in choosing a suitable inhaler device for patients
(Chrystyn, 2003). The In-Check Dial was employed in a study which showed that elderly
patients generate lower inhalation flow rate in the Turbuhaler DPI (Kawamatawong et
al., 2017). However, the device cannot be used with real inhalers, it can only measure
PIFR and cannot be used to remotely record data on real life inhaler use. Data cannot be
transferred from the device for post-analyses.

The Turbutest [Astra Draco, Lund, Sweden] is a training device used to train patients
on inhalation technique for the Turbuhaler DPI. The device consists of a replica
Turbuhaler connected to an electronic sensor that measures PIFR. The patient receives
visual feedback through a number of lights that indicate if they inhaled at a clinically
acceptable flow range. The device also detects if the patient prepared the drug correctly
(Lavorini et al., 2010). Data cannot be transferred from the device for post-analyses.

The Vitalograph Aerosol Inhalation Monitor (AIM)® [Vitalograph Ltd., Co. Clare,
Ireland] monitors inhalation flow rate, actuation coordination and breath hold for pMDls.
It is an electronic desktop device that gives patients visual feedback regarding their
inhalation technique. When using the AIM device, the patient is required to keep a needle
gauge within a certain flow range. The AIM device cannot be used with real pMDIs
remotely and data cannot be transferred from the device for post-analyses.

A recent study introduced an image processing method of assessing inhalation
technique in DPIs such as the Turbuhaler and the Handihaler (Liang et al., 2016). The

7 http://www.fyne-dynamics.com/
8 https://www.haag-streit.com/clement-clarke/
% https://vitalograph.ie/
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method consisted of placing a dark cloth over the air inlets of the inhalers and quantifying
the efficiency of inhalation based on the resulting image of the dry powder on the cloth
after inhalation. However, there is currently no device that can employ this method to
remotely monitor inhalation technique.

The main disadvantage with all of the previously discussed devices is that they cannot
monitor both temporal and user technique adherence outside of the clinical setting. As
previously discussed, patient user technique differs in real life environments in
comparison to clinical settings. There is a clinical need for attachable EMDs that can
monitor real life inhaler use remotely. This would allow healthcare professionals to
longitudinally monitor patient adherence and perhaps intervene if adherence declines over
time. Unfortunately, there are limited devices available that can monitor both temporal

and user technique adherence.

2.4.3 Electronic monitoring devices (EMDs)

There has been a surge in popularity in EMDs that can monitor adherence remotely
(Kikidis et al., 2016; Pritchard and Nicholls, 2015; Howard et al., 2014). EMDs offer
much more in-depth pertinent information on patient behaviours outside of the clinical
setting in terms of when, how and where patients use their inhaler.

The MDILog'® [Westmed, Colorado, USA] is an attachable device for the pMDI. It
can record time stamps of actuations by using a mechanical beam with a strain gauge.
Inhalations through a pMDI are recorded using a heated thermistor which allows for
monitoring actuation coordination. The device can also record if a patient shakes the
inhaler through a movable magnet within the device. The device was previously used in
studies to monitor adherence in children (Spaulding et al., 2012; McQuaid et al., 2003).
However, it does not record inhalation flow rate and does not give feedback on overall
inhalation technique (inhalation flow rate and actuation coordination) (Howard et al.,
2014). Data can be transferred from the device for post-analyses. However, the device is
no longer available for clinical use.

The SmartMist [Aradigm Corporation, California, USA] is a device which
encompasses nearly all of the pMDI. The device actuates the inhaler automatically once

an inhalation flow rate of approximately 25-60 L/min is generated by the user. The device

10 http://westmedinc.com/
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actuates the pMDI canister using a small plunger upon inhalation. It records time stamps
of actuations and inhalations also. Data can be transferred from the device for post-
analyses. It can also provide feedback to the patient informing them if their user technique
was sufficient or not (Howard et al., 2014). However, the size of the device is a major
disadvantage and it was also discontinued (Pritchard and Nicholls, 2015).

The pMDI Datalogger is small attachable device for pMDIs that can record time
stamps of actuations and inhalations. It consists of an ultrasonic sensor to detect
actuations, a flow sensor to detect inhalations and an accelerometer to detect if the inhaler
was shaken (Kikidis et al., 2016). It can give feedback on inhalation flow rate and
actuation coordination. However, the device does not contain on-board memory and
needs to be connected to a computer to operate.

The Amiko! [Amiko, Milan, Italy] device was recently developed as an attachable
device and was tested on a range of DPIs. The device can detect drug preparation, estimate
inhalation PIFR and volume, and measure the orientation of the DPI (Braido et al.,
2016b). The device cannot record inhalation flow profile. No information has been
reported on whether the Amiko device is compatible with pMDIs. Also, no information
regarding the sensors within the device is reported from the study. Details were not given
also on whether the data can be transferred from the device to a computer for post-
analyses. Based on the literature, the device has yet to be tested on real asthma and COPD
patients.

Figure 2.3 displays some examples of inhaler electronic monitoring devices. There is
a need for more clinically available monitoring systems with integrated sensing
capabilities to monitor user technique in pMDIs and DPIs. Having the capability to obtain
data on real life inhaler use can help healthcare professionals personalise respiratory
treatment to the patient. This may help patients change their attitude towards their
medication and grow more confident in their inhaler use. However, there remains a clear
lack of portable and attachable devices to record when and how patients use their pMDIs
and DPIs.

1 http://amiko.io/
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Figure 2.3. Examples of inhaler electronic monitoring devices.
(A) MDILog (Apter et al., 2001), (B) SmartMist (Muchéo and Silva Filho, 2010), (C) pMDI
Datalogger (Ditcham et al., 2014), (D) Amiko (Braido et al., 2016b).

2.5 Audio-Based Systems to Objectively Monitor Inhaler

Adherence

Recent advances in the development of audio-based systems have shown promising
opportunities to monitor patient adherence (both time of use and user technique) (D'Arcy
et al., 2014; Holmes et al., 2014a; Sulaiman et al., 2016e). A major clinical advantage
that audio-based inhaler monitoring systems have over other sensor-based inhaler
monitoring technologies is the capability of objectively assessing patient user technique
remotely. By applying signal processing methods to audio recordings of patients using
their inhaler, it is possible to detect inhaler sound events (inhalation, drug preparation and
exhalation sounds) which can be used to objectively assess patient user technique. This
allows patients to receive personalised objective feedback regarding their adherence from

healthcare professionals to help improve the efficacy of treatment.
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Audio-based inhaler monitoring systems can be divided into three main sections;

1. Audio data acquisition system
2. Signal processing of audio data

3. Calculation and presentation of objective adherence measures

The audio data acquisition system refers to how the audio recordings of inhaler use are
obtained. This is through the use of an inhaler audio recording device. The signal
processing methods applied to inhaler audio recordings can be divided into three stages;
i) automatic detection and classification of inhaler sounds (inhalation, exhalation and drug
preparation sounds), ii) estimation of inhalation flow parameters and iii) estimation of
pulmonary drug delivery. The calculation and presentation of objective adherence
measures section can be divided into two stages; i) calculation of adherence measures
and ii) presentation of adherence measures to the patient. This can be visually illustrated

in the block diagram presented in Figure 2.4 (Taylor et al., 2018b).
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Figure 2.4. Block diagram of an audio-based inhaler monitoring system.

The first section of audio-based inhaler monitoring systems is the audio data
acquisition system. The main audio-based inhaler monitoring system that will be
discussed in this section will be the Inhaler Compliance Assessment (INCA) system
which, according to the literature, is the only audio-based inhaler monitoring system
currently employed in clinical practice to measure both temporal and user technique
adherence. The INCA system applies signal processing methods to inhaler audio
recordings in order to calculate an objective measure of adherence that accounts for both
temporal adherence and user technique adherence. It has been used to introduce new
standards of adherence assessment and has proven to improve inhaler adherence by
providing patients with objective feedback (Sulaiman et al., 2016¢; Sulaiman et al.,

2018). The system is currently being implemented in multi-centre clinical trials across
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Ireland, recruiting over 1,000 patients in six major hospitals and 77 pharmacies (D'Arcy
et al., 2014; O’Dwyer et al., 2016; Sulaiman et al., 2016a; Sulaiman et al., 2016d;
Mokoka et al., 2017).

2.5.1 Inhaler Compliance Assessment (INCA) device

The INCA audio-based monitoring system acquires data using an audio recording
device (referred to as the INCA device in this thesis). The INCA device (Figure 2.5) is a
non-invasive attachable device designed specifically for the Diskus DPI. Figure 2.5
illustrates the location of the device when attached to a Diskus DPI. The device was
originally designed and developed at the Trinity Centre for Bioengineering, Trinity
College Dublin, Ireland and was licensed in 2011 to Vitalograph Ltd. to manufacture. The
device consists of a microelectromechanical systems (MEMS) microphone, on-board
memory, an LED to indicate device activation and a battery to power the components.
The device is activated using a magnetic reed switch within the device which aligns with
a magnet situated inside the inhaler casing when the inhaler is opened. The INCA device
begins to record audio when the Diskus DPI is fully opened and ceases recording when
the inhaler is closed or left open for 90 seconds. Recordings are then each saved onto the
device from where they can be transferred to a computer via USB for further analysis.

Audio signals are sampled at 8 kHz with 8 bits per sample resolution and are stored
as mono WAV files. The device also records a time stamp of each audio recording which

allows for accurate measurement of temporal adherence. Usually patients are prescribed

A B

INCA

. Microphone
Device P

Figure 2.5. Inhaler Compliance Assessment (INCA) device.
(A) INCA device attached to a Diskus DPI and (B) the INCA device opened without casing
and the battery removed ((A) adapted from (Seheult et al., 2014b)).
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to use the Seretide (preventative medication) Diskus inhaler twice a day for one month
before returning for a clinical consultation. As a result, the INCA device was designed to
store up to 60 recordings (two uses per day for 30 days), each of 90 second duration.

Figure 2.6 presents an example of a typical audio recording of an asthma patient using a
Diskus DPI recorded from the INCA device. It illustrates the patient preparing the drug
(blister), then exhaling to empty the lungs followed by an inhalation. It is evident from
Figure 2.6 that INCA audio recordings of inhaler use may contain important information
regarding inhaler user technique. However, for each patient there may be up to 90 minutes
of inhaler audio recordings at each clinical visit (60 recordings x 90 second duration).
This makes it very challenging and time-consuming for healthcare professionals to
aurally review or over-read each audio recording in order to assess inhaler user technique.
Consequently, there is a need for automatic detection and classification algorithms to
determine what events occurred in each inhaler audio recording and to interpret these

inhaler events to assess patient user technique.
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Figure 2.6. Example of a typical Diskus DPI INCA recording audio time domain signal
(linear representation of sound pressure) and corresponding spectrogram.
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2.5.2 Inhaler audio recording overview

The recorded inhaler audio signal, x(t), is composed of three main sound source
types: the inhaler device, s(t), the human breathing, b(t), and added noise, n(t).

Therefore, the inhaler audio signal may be represented as;
x(t) = s(t) + b(t) + n(t) (2.1)

2.5.2.1 Inhaler drug preparation sounds (blister/actuation)

Drug preparation sounds are associated with the medication being prepared or
released from the inhaler. In DPIs (Diskus, Turbuhaler and Ellipta), this is usually
interpreted as a "click” sound. In relation to the Diskus DPI, it is sometimes referred to as
a “blister” sound. In terms of pMDIs, the drug preparation sound is associated with
medication being dispensed from the pressurised canister (also referred to as actuation).
This is usually interpreted as a short "spray-like" sound. Drug preparation sounds are
generated form the inhaler sound source, are usually short in duration (100-150 ms) and

generate high power across a range of frequencies.

2.5.2.2 Inhaler inhalation sounds

Inhaler inhalation sounds are associated with the patient attempting to inhale the
medication from the inhaler. These sounds are generated from both inhaler device and
human breathing sound sources simultaneously. Inhaler inhalations consist of both
inhaler-based sounds (turbulence within the device) and human breathing sounds
(physiological inhalation sound of human breathing without the influence of the inhaler).
As a patient inhales, air passes through the device, causing turbulent energy that produces
sound. The turbulent energy arises from the unsteady air interacting with different sharp
edges or boundaries within the inhaler causing an edge effect (Howe, 1978). Acoustic
power is proportional to the eighth-power of flow velocity, and this reduces to a sixth-
power relationship in the presence of solid boundaries (Lighthill, 1952; Curle, 1955).
Because of the different mechanical shape and functioning of each inhaler device, it is
hypothesised that the acoustic properties of inhaler inhalation sounds may differ in
temporal and spectral domains. In DPIs, the inhaler inhalation sound may be more
prominent than the human breathing sound due to higher airflow resistance which results
in increased turbulence within the inhaler device. It may be hypothesised from Figure 2.6
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that DPI inhalation sounds contain power over a broad range of frequencies. In pMDls,
one may hypothesise that inhalation sounds are much quieter than in DPIs, because of
lower air-flow resistance, causing the human breathing sound to be more prominent.
There is a correlation between the inhaler-based sounds and the human breathing sounds
during inhalation, because these two sound sources are acoustically connected together
(patient having their mouth/lips sealed around the inhaler mouthpiece). Therefore, even
though inhaler inhalation sounds may be influenced by the inhaler design, the patient’s
physiological breath sound and also their interaction with the device may influence the

acoustic properties of the inhalation sound.

2.5.2.3 Inhaler exhalation sounds

During inhaler use, an exhalation sound is expected before and after inhalation. An
exhalation sound before inhalation signifies the patient emptying their lungs before
inhaling the medication. An exhalation sound after inhalation signifies the patient
exhaling after holding their breath. Exhalations should be directed away from the inhaler
device. Exhalation sounds are not influenced by the inhaler device and are generated
solely from the human breathing source. Consequently, the spectral and temporal
properties of exhalation sounds may vary across patients.

2.5.2.4 Inhaler background/interference noises

Noise within an inhaler audio recording can be divided into two main types:
background noise and interferences. The background noise contains continuous sounds
such as air-conditioning or fan sounds. In a relatively short recording session (10-90 sec),
and under the assumption that the user (patient) is in one place (environment) during
inhaler use, the background noise can be assumed to be stationary (statistical properties
are constant in time). The interferences are transient noises such as speech, the user
fumbling with the inhaler (unwanted inhaler sounds) and other short-time noises. These
noises contain irrelevant information regarding inhaler usage, and should be neglected or
filtered out.

The second section of audio-based inhaler monitoring systems is the signal processing
of audio data. The automatic detection and classification of inhaler events is the first stage
of this section. This involves extracting pertinent features from the audio signal that may

characterise each inhaler event (inhalation, exhalation and drug preparation) and applying
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different detection and classification methods to these features to identify how the patient
used their inhaler.

As it is of significant importance to analyse and classify inhalation and exhalation
sounds during inhaler use, it is important to review the acoustic properties of breath
sounds (inhalation and exhalation). Section 2.6 reviews how breath sounds are generated
and what types of audio-based features of breath sounds have been reported in the
literature to objectively analyse breath sounds of asthma and COPD patients. Section 2.7
reviews the literature on automatically detecting and classifying breath sounds and how
these methods may be applied to automatically analysing inhaler sounds to assess patient
adherence.

2.6 Acoustic Properties of Breath Sounds

The primary purpose of analysing breath sounds using audio signal processing
methods is to extract pertinent features that can be used to detect and classify breath
sounds in different applications and to quantify physiological changes occurring in the
lungs. This offers more objective assessment of breath sounds as opposed to the use of
the stethoscope which can be quite subjective. Although the analytical methods of signal
processing are developed primarily independent of their application, interpretation of
their results in relation to biological data, such as breath sounds, requires a thorough
understanding of the physiological system involved (Moussavi, 2006). Therefore, the
following sections discuss how breath sounds are generated in the airways and how such
sounds relate to the audio-based features obtained using signal processing methodology.

Another key aspect in the objective analysis of breath sounds is the choice and
placement position of acoustic sensor employed to obtain the sounds. In order to detect
breath sounds and to quantify physiological changes occurring in the upper and lower
airways using audio-based methods, the most appropriate acoustic sensor must be
selected and positioned in an appropriate anatomical site. The majority of literature on
the acoustic properties of breath sounds has reported use of contact acoustic sensors. Non-
contact microphones are also becoming more popular for other clinical applications such
as assessing sleep patterns and monitoring inhaler inhalation technique (Dafna et al.,
2015, 2013; Holmes et al., 2013c). However, little is known on the acoustic properties of

non-contact inhaler sounds. It is important to understand the fundamental properties of
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contact breath sounds and how they may relate to inhaler sounds using non-contact
Sensors.

The choice of audio-based features is also of vital importance when automatically
classifying and analysing breath sounds. Changes in audio-based features during chronic
respiratory diseases such as asthma and COPD can provide empirical objective evidence
of physiological variations in the lungs, allowing clinicians to monitor disease
progression and investigate treatment outcomes. Normal breath sounds can be defined as
the sounds generated during respiration that are free from adventitious (abnormal)
components (i.e. crackles, wheezes etc.). As inhaler inhalation and exhalation sounds
(recorded using non-contact microphones) generally do not contain continuous
adventitious sounds and can be categorised as normal breath sounds, this review will only
focus on normal breath sounds. However, a brief explanation of continuous adventitious
sounds will be reported.

The primary objectives of this review in Section 2.6 are

1. To investigate how normal breath sounds are generated and what the acoustic
properties of these respiratory sounds are.

2. To review the most popular types of acoustic sensors employed in the literature
to record breath sounds and the most popular location for recording breath sounds.

3. To review what audio-based features have been previously employed to
objectively quantify physiological changes occurring due to chronic respiratory

diseases, primarily in normal breath sounds.

2.6.1 Generation of breath sounds

Breath sounds are generated by air flowing through the airways during breathing.
There are two types of airflow; laminar and turbulent. Laminar flow usually occurs when
the airflow has low velocity and passes through narrow tubes or airways. Here the flow
is orderly and in smooth parallel layers (Batchelor, 2000). This is dependent on the
resistance of the tube which is associated with the diameter. As the diameter of the tube
(or airway) increases, the resistance drops accordingly. Turbulent flow occurs when the
airflow is at higher velocities and passes through tubes with higher resistance (through
airways with irregular walls or lower diameter) (Moussavi, 2006). Airflow patterns can

be measured using a dimensionless quantity known as the Reynolds number which is the
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ratio of inertial forces to the ratio viscous forces. It can be calculated using the following
equation for fluid passing through a straight pipe;

pud
Reynolds number = T (2.2)

where p is the density of the fluid,

u is the velocity of the fluid,

d is the diameter of the tube,

u is the viscosity of the fluid.

A Reynolds number below 2000 represents laminar flow where a value above 4000
indicates turbulent flow. A value between 2000-4000 represents transitional flow
(between laminar and turbulent).

The acoustic energy of breath sounds increases with turbulent energy. Figure 2.7

illustrates the anatomy of the upper and lower respiratory tract (Teva Respiratory, 2014).
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Figure 2.7. Anatomy of the upper and lower respiratory tract (Teva Respiratory, 2014).

It may seem from Figure 2.7 that the resistance of the trachea is much lower than that
of the lower airway bronchi as the diameter is significantly larger, therefore generates less
acoustic energy. However, the resistance of the lower airways acts in parallel, therefore
the net lower airway resistance is much lower to that of the trachea (Moussavi, 2006).

Furthermore, there is less of a low pass filtering effect on the trachea due to less tissue
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filtering the breath sounds. Hence, breath sounds recorded over the trachea are generally
louder than chest wall sounds due to higher turbulent energy in normal breath sounds.

2.6.2 Normal chest wall breath sounds

Chest wall or lung sounds are those which originate in the lungs and are heard through
the chest wall. They arise from turbulence generated in the lower airways. However,
turbulence is a density-dependent phenomenon which may alter the acoustic properties
of normal lung sounds (Pasterkamp and Sanchez, 1996; Pasterkamp et al., 1997;
Austrheim and Kraman, 1985). They are soft low frequency murmurs that can be heard
as air enters and leaves the airways. Chest wall sounds can be recorded from locations on
both the anterior and posterior chest wall. In comparison to tracheal sounds, chest wall
sounds have a lower signal-to-noise ratio and are susceptible to heart and muscle sounds.
Nonetheless, researchers have investigated the possibility of using chest wall sounds as a
diagnostic tool in demarcating normal and abnormal breath sounds.

Inspiratory lung sounds are hypothesised to originate in the lobar and segmental
airways, while the expiratory lung sounds are generated in more proximal larger central
airway locations (Pasterkamp et al., 1997; Malmberg et al., 1995). Inhalations have been
reported as having a higher pitch, longer duration and greater intensity in comparison
with exhalations (Gavriely et al., 1995; Pasterkamp et al., 1997).

Chest wall sound energy peaks below 100 Hz and then drops off significantly between
100-200 Hz (Gavriely et al., 1995). However, it can still be detected at or above 1,000 Hz
in quiet recording environments (Pasterkamp et al., 1996). Unlike bronchial sounds, chest
wall sounds have a relatively flat spectral profile without any discrete peaks (Pasterkamp
et al., 1997). Chest wall sound intensity is dependent on a number of factors such as the
individual subject and the location of recording on the chest wall. Chest wall sounds are
also highly dependent and closely correlated with airflow rate which will be discussed
more thoroughly in Section 2.10.

A number of factors may have the potential to influence chest wall breath sounds.
Pasterkamp et al. (1996) investigated differences in lung sound spectra in 10 new-born
infants, nine children between 6 to 8 years old and 10 adults between 25 to 37 years old.
They reported that the new-born infant breath sounds contained less power below 300 Hz
in comparison with the other two groups. This resulted in higher frequencies at which

25%, 50% and 75% of the spectral power lies (Fzs, Fso, F7s and Fog) in the infant group
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(Pasterkamp et al., 1996). Other studies have reported that infants have higher median
frequencies (Fso) while breathing in comparison with older children and adults (Kanga
and Kraman, 1986; Hidalgo et al., 1991). Reasons for this may lie in the fact that infants
have a thinner chest wall which may result in less filtering of high frequency lung breath
sounds. Smaller sized lungs and narrower airways may also contribute to high frequency
components of the acoustic signal, and as previously mentioned, subject height is also a
factor. Gross et al. (2000) recorded lung sounds from 162 subjects and computed a ratio
(Q) of relative power in two frequency bands, 330 to 600 Hz and 60 to 330 Hz (Gross et
al., 2000). Using linear regression methods, they reported a small but significant
correlation (R?=0.1, p<0.05) between Q and age. For both men and women, an increase
in the relative power was observed with a corresponding increase in age in the 330-600
Hz frequency band (Gross et al., 2000). Importantly however, they concluded that the
percentage changes observed in Q (5%) were too small to be clinically relevant.

Differences in the frequency spectra of chest wall breath sounds have been observed
between healthy males and females (Gavriely et al., 1995). It was reported that females
had higher maximal frequencies (Fmax) in comparison with males. Inspiratory Fmax values
were 12-19% higher in females in comparison with males (767+246 Hz versus 667+246
Hz, p<0.001) at all chest wall recording locations. Expiratory Fmax values were 32%
higher in females only at the right anterior chest in the mid clavicular line in the second
intercostal space. The results of this study therefore suggest that healthy females generate
more power at higher frequencies during breathing in comparison to healthy males.
Moreover, it suggests that the position of peak frequencies in the spectral profile of breath
sounds is different across individuals. Another study also found significant differences in
the normal chest wall breath sounds of healthy people, with a larger proportion of higher
frequencies observed in females in comparison with males (Gross et al., 2000).

The results of the aforementioned studies would indicate that although normal chest
wall breath sounds are consistent among individuals, height, gender and age are important
factors that influence the frequency content of the sounds. Such considerations must be
taken into account when applying audio signal processing methods to analyse breath

sounds recorded from the chest wall.
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2.6.3 Normal tracheal breath sounds

Tracheal sounds are a subset of bronchial sounds that attract a lot of interest in the
field of respiratory audio-based monitoring. They can easily be recorded and are known
to contain important information regarding upper airway obstructions. Tracheal sounds
are typically recorded from locations on the suprasternal notch or the lateral neck. Sounds
recorded from these locations are considered “pure” and less filtered, as the quantity of
lung tissue that the sounds pass through before reaching an acoustic sensor is small, in
comparison with other chest based respiratory sounds (Pasterkamp et al., 1997).
Therefore, they generate a higher signal-to-noise-ratio than chest wall sounds.

The generation of tracheal breath sounds is related to the flow of turbulent air in the
upper airways, including pharynx, glottis and subglottic regions (Pasterkamp et al., 1997).
An early study on bronchial sounds reported that they were produced in airways with
diameters of 4 mm or larger, and that the glottis also plays a role in generating these
sounds (Fahr, 1927). Beck et al. (2005) explains that it is vibration of the tracheal wall
that is detected when a surface sensor is used. The tracheal wall vibrates due to pressure
forces acting on the inside surface. The quantity of tracheal wall motion is determined by
the magnitude and frequency content of the pressure force, but also by the mass, elasticity
and resistance of the wall (Beck et al., 2005).

A strong relationship exists between airflow rate and tracheal sound audio features
which will be discussed more thoroughly in Section 2.10. An important point to note
however, is that although airflow rate will affect sound intensity, Beck et al. (2005)
reported that the airflow rate does not affect the pattern and position of resonance peaks
in the tracheal spectral curve.

Tracheal sounds cover a broad energy spectrum, starting from below 100 Hz and
going up to more than 1,500 Hz in some cases (Pasterkamp et al., 1997). A drop off in
power has been reported to occur above 850 Hz (Gavriely et al., 1981). The spectral
profile of tracheal sounds has many peaks and troughs, and these are known to be related
to subject height and gas density (Sanchez and Pasterkamp, 1993; Pasterkamp and
Sanchez, 1996). The implications for this are that the peaks and troughs seen in the
spectral profile of tracheal breath sounds are dependent on resonances created in the
airways. In a study on tracheal breath sounds at standardised airflow rates, it was reported
that children, having short tracheal lengths, had significantly louder sounds and higher

quartile and spectral edge frequencies in comparison to adults with longer tracheas
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(Sanchez and Pasterkamp, 1993). These significant differences in loudness and frequency
may imply that the length of the trachea is involved in the generation of tracheal sounds.

Tracheal sounds have been studied in great detail in relation to upper airway
obstruction. The main hypothesis adopted by researchers is that the narrowing of the
upper airways may cause alterations in the acoustic signal and that this may be quantified
using acoustic features. Greater sound power at high frequencies is frequently associated
with upper airway obstructions (Pasterkamp and Sanchez, 1992). Inversely, it has been
reported that a decrease in power in low frequencies may highlight upper airway
obstruction (Pasterkamp et al., 1997). Tracheal sound intensity has been related to
physiological changes in the trachea, the principal bronchi and their lobal segmental
branches. The degree of narrowing in the central bronchi can be closely related to the
loudness and pitch of abnormal inspiratory sounds (Forgacs, 1971). This has been
employed previously to distinguish changes in the spectral profile due to airway
obstruction (Malmberg et al., 1995). The clinical implications for this are that acoustics
may be employed as a tool to objectively study airway obstruction.

Use of tracheal sounds for clinical applications is dependent on their intra-subject
repeatability. Sanchez and Vizcaya (2003) investigated the repeatability of tracheal breath
sounds in seven healthy subjects over a period of 30 days. They reported that F2s, Fso, Fzs
Fao between 100 and 200 Hz were not statistically significantly different, and that all these
features had variations below 20% (Sanchez and Vizcaya, 2003). This implies that the
within subject variation of tracheal sounds are relatively repeatable over time. Sanchez
and Vizcaya (2003) also reported a significant variation between subjects and postulated
that such variations could be as a result of gender, height and anatomical characteristics.
Mahagnah and Gavriely (1994) reported that tracheal breath sounds were significantly
repeatable in a cohort of five healthy adult males. Since the variability of the spectral
features during normal breathing has been reported as being low, this would suggest that
spectral features may be employed to study changes in breathing during periods of illness,

or to monitor patients’ respiratory function longitudinally.

2.6.4 Acoustic sensors used to record breath sounds

The selection of a suitable acoustic sensor and its placement position are of vital

importance in recording breath sounds. There have been two popular choices of contact
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sensors employed in the audio analysis of breath sounds; electret condenser microphones

and piezoelectric contact sensors.

2.6.4.1 Electret condenser microphone

The electret condenser records acoustic signals from sound waves displacing an
electret diaphragm which converts a varying capacitance into an electrical signal
(Paajanen, 1996). The sensor is usually mounted in a chamber. Conically shaped
chambers are popular and are more sensitive to higher frequencies (Pasterkamp et al.,
1997). The electret condenser microphone accompanied with a coupling chamber has
been a popular choice of acoustic sensor for chest wall and tracheal sound analysis due
to their low weight and sensitivity in several studies (Murphy, 2008; Kraman et al., 2006;
Malmberg et al., 1995). Due to their light weight, low cost and practicality, researchers
have also previously employed miniature electret sensors in a sensor array placed on the
posterior chest wall surface to analyse lung sounds (Murphy, 2008). These acoustic
sensors tend to have a flat frequency response within the frequency ranges of chest wall
and tracheal sounds. This means that the sensor does not attenuate or amplify specific
frequencies. The main disadvantage of electret condenser microphones is that there are
additional components required, such as a mounting chamber, which may alter the
frequency characteristics depending on the chamber shape. One must have prior
knowledge of the frequency range of interest in order to design the electret sensor set-up

efficiently.

2.6.4.2 Piezoelectric contact accelerometer

Piezoelectric contact accelerometers capture surface vibrations and convert them into
electrical signals, while they also have the advantage of being insensitive to air vibrations.
They are typically mounted on the skin, on the trachea (tracheal sounds) or on the
posterior and/or anterior chest wall surface (chest wall sounds). They are usually attached
to the chest wall with rubber belts and/or adhesive rings (Earis and Cheetham, 2000).
Unlike electret condenser microphones piezoelectric sensors generally do not need an air-
coupled chamber (Vannuccini et al., 2000). It has been reported that piezoelectric sensors
are robust to ambient background noise and also have a high sensitivity in ambient
environments (Kraman et al., 1998). Piezoelectric contact accelerometers are sensitive at
high frequencies and this makes them an appealing choice of sensor when recording

respiratory sounds (Sanchez and Vizcaya, 2003; Pasterkamp et al., 1993). However, it
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has been reported that contact piezoelectric accelerometers tend to be heavy and fragile
sensors (Earis and Cheetham, 2000; Vannuccini et al., 2000). They can also resonate at
frequencies close to those of lung sounds which may introduce noise into the recorded

signal (Vannuccini et al., 2000; Pasterkamp et al., 1997).

2.6.5 Audio analysis of asthma breath sounds

Automated respiratory sound analysis approaches have frequently been postulated as
methods to objectively diagnose asthma, make more accurate anatomical diagnoses and
to guide asthma management. Asthma can result in narrowing of the airways and it is this
narrowing that may cause variations in time and/or frequency features of respiratory
sounds during breathing. In addition to identifying the presence of adventitious
respiratory sounds, it has also been hypothesised that asthma can be detected and
monitored from normal breath sounds. Regarding normal breath sounds, researchers have

primarily attempted three main things using acoustic analysis methods:

(i) Discriminate asthmatic individuals from healthy individuals and those with other
variations of chronic respiratory illnesses.
(i) Estimate the degree of airflow limitation.

(iii)Investigate regional variations caused by asthma.

A study by Malmberg et al. (1995) employed both chest wall and tracheal inspiratory
breath sounds to investigate differences between asthma participants (n=10), COPD
participants (n=17) and healthy participants (n=11). It was reported that breath sound
recordings at the chest wall (10 cm below the margin of the scapula and 15 cm to the right
of the spine) of individuals with stable asthma had a median frequency (Fso) higher to
that of the COPD and healthy subjects (p<0.001). The Fso feature from the normal breath
sound spectra was 239+19 Hz for asthma subjects, while it was 201+21 Hz for COPD
subjects and 20614 Hz for healthy subjects. They also reported that the root mean square
(RMS) of the normal breath sounds recorded at the chest, was higher in stable asthmatics
than in subjects with COPD.

Regarding estimating the degree of airflow limitation, Malmberg et al. (1994)
observed a significant correlation between Fso and FEV1 from both normal tracheal and
chest wall recordings during a histamine challenge test. Twelve asthmatic subjects and

six healthy subjects participated in the study. It was reported that the normal tracheal
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expiratory sounds Fso feature had the best correlation with FEV1 (r=-0.853, p<0.0001).
They also noted that the increase in Fso was significantly larger in asthmatic subjects
compared with healthy subjects (p<0.005). In a later study Malmberg et al. (1995) again
observed that Fso recorded at the trachea on the right side of the cricothyroid cartilage
was significantly correlated to the forced FEV1 during normal breathing (r=-0.77, p<0.01)
in asthmatics. However, FEV1 was not significantly correlated with Fso for the chest wall
recordings during normal breathing (r=-0.50, p<0.1) (Malmberg et al., 1995). A study by
Tabata et al. (2016) also reported a significant increase in the frequency at which 99% of
the spectral power lies (Fgg) in 14 patients after inhaling methacholine during a bronchial
challenge test (Tabata et al., 2016). Other studies have reported the use of intensity and
complexity based features such as Katz Fractal Dimension to classify lung sounds
associated with bronchoconstriction (Li and O'Connell, 1996; Gnitecki et al., 2004). A
study by Fiz et al. (1999) also investigated changes in tracheal audio-based features after
patients were administered a bronchodilator. It was reported that the centroid frequency
of exhalation sounds decreased after bronchodilation (Fiz et al., 1999). These findings
support the hypothesis that airway obstruction levels and the positive response to
medication are correlated with respiratory audio-based features of normal asthmatic
breath sounds.

The frequency distribution of tracheal breath sounds has a high inter-subject variation
which is dependent on resonant frequencies generated in the trachea. Intra-subject
variations of healthy subject’s frequency distribution have been reported to be very
repeatable, when recorded from the trachea and chest wall (Sanchez and Vizcaya, 2003).
Although normal breath sounds at the chest wall contain lower frequencies in comparison
to tracheal breath sounds, an increase in pitch and sound intensity has been observed at
these low frequencies in asthmatic lung sounds (Schreur et al., 1995). This suggests that
it is possible to record from the chest wall and detect regional ventilation changes, as with
the stethoscope, in addition to recording at the trachea.

The baseline spectral profile from asthmatic normal breath sounds may differ from
that of healthy breath sounds without airway obstruction occurring (Pasterkamp et al.,
1997; Schreur et al., 1995). This is an interesting observation as it highlights how asthma
can alter the shape of the airways without completely obstructing the airflow. It has been
reported that asthmatic normal breath sounds tend to be higher in intensity due to higher
levels of turbulence in the airways. Recently, it was shown that an increase in the highest

frequency during the inspiratory phase (HFI), recorded at the right upper anterior chest at
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the second intercostal space in the mid-clavicular line, correlated with a decrease in forced
expiratory flow at 50% vital capacity (FEFso) in 131 asthmatic children (r=-0.45,
p<0.001) (Habukawa et al., 2009). According to Malmberg et al. (1995), the increase in
frequency directly relates to an increase of flow velocity through the narrowed bronchi
which results in increased kinetic energy and turbulence (Malmberg et al., 1995). This
subsequently causes a higher pitched sound to be heard from the trachea and chest wall.
The ability to detect changes in acoustic features from asthmatic normal breath sounds
demonstrates the feasibility of using such methods as a tool in objectively diagnosing and
monitoring asthma.

Audio-based methods have previously been employed to detect the presence of
continuous adventitious respiratory sounds associated with asthma (Lozano-Garcia et al.,
2017; Lozano et al., 2016). Wheezes are a common example of continuous adventitious
respiratory sounds caused by bronchoconstriction or secretions in the airways and are
commonly generated during expiration (Brand et al., 2008). Wheezes are continuous
musical like whistle sounds with dominant frequencies within 80-1000 Hz, however, this
can vary between infants and adults (Charbonneau, 2000; Jain and Vepa, 2008).
Adventitious breath sounds have distinctive temporal and spectral features, and therefore
it has been possible to detect adventitious sounds using time-frequency analysis methods
(Taplidou and Hadjileontiadis, 2007; Chah et al., 2009). However, adventitious
respiratory sounds are not present in each asthmatic subject and they may only be audible

at different stages of airway obstruction in different people.

2.6.6 Audio analysis of COPD breath sounds

Similarly to asthma, researchers have investigated the use of audio-based features to
differentiate sounds from COPD to those from asthmatic and healthy participants.
Malmberg et al. (1995) reported that although audio-based features from asthmatic
respiratory sounds were significantly different from healthy subjects, COPD quartile
frequency features (Fzs, Fso & F75) from chest wall and tracheal recordings were not
significantly different from healthy subjects. However, it was found that Fso from the
chest wall recordings was significantly lower for COPD subjects in comparison with
asthmatic subjects (p<0.0001). A recent study with a large cohort of COPD subjects
investigated if COPD could be detected using a multichannel lung sound analyser

(Vyshedskiy and Murphy, 2016). They reported that the ratio of inspiratory duration to

47



expiratory duration was lower in COPD patients (n=100) than a cohort of age-matched
healthy subjects (n=100). It was also observed that the ratio of low frequency inspiratory
energy to high frequency inspiratory energy was greater in COPD subjects than in healthy
subjects.

Malmberg et al. (1995) reported that Fso from tracheal and chest wall breath sound
recordings from COPD patients did not correlate with FEV1, indicating that there is no
relationship between airway obstruction levels and normal breath sounds from COPD
subjects. One could argue that the insignificant relationship that occurs between COPD
and FEV1 is due to the heterogenic nature of COPD. Emphysema and chronic bronchitis
often coexist in COPD patients and this may result in a greater variability of Fso values.
Airway structural change and the site of disease in the bronchi and lung parenchyma may
also differ between COPD and asthma, and this may account for the differences in the
acoustic frequency content of breath sounds (Malmberg et al., 1995).

COPD symptoms may alter with time and disease progression, factors which
potentially have a direct effect on audio-based features. The noisy breathing of bronchitis
patients, uncontaminated by crackles or wheezes, has a wide spectrum of frequencies,
with its energy evenly distributed over a range of 200 - 2,000 Hz. Breath sounds at the
mouth relate to turbulence in the upper airways, the trachea and the first two or three
generations of the bronchi (Forgacs, 1971). Therefore an increase in breath sound
intensity from chronic bronchitis patients may mirror those from asthmatic patients. This
could potentially make it difficult to discriminate COPD from asthma solely based on
breath sounds. Acoustic median frequency values (Fso) from averaged spectra may not be
the answer to aid COPD diagnosis but may however be partnered with adventitious sound
detection to collect more information regarding the pathophysiology of an individual’s

COPD symptomes.

2.7 Automatic Classification of Breath Sounds

Automatic classification of inhaler sound events is the first stage of signal processing
in inhaler audio-based monitoring systems. Accurate detection and classification of
inhaler sound events is pivotal in assessing patient inhaler adherence when employing
audio-based methods. The previous section discussed how breath sounds are generated
as well as some of the acoustic properties of breath sounds. Certain acoustic properties of
chest wall and tracheal sounds may differ considerably to inhaler inhalation and
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exhalation sounds. However, it is important to understand what audio-based respiratory
classification methods may be applicable to classifying inhaler sounds such as inhalations
and exhalations. Audio-based classification methods have been previously employed in
many different applications in respiratory research such as differentiating between
inhalation and exhalation sounds, detecting breath sounds within speech signals,
classifying abnormal breath sounds, classifying snore sounds and cough sounds and
classifying sleep/wake phases and obstructive sleep apnoea (OSA) based on snore sounds
(Hug and Moussavi, 2012; Palaniappan et al., 2016; Ruinskiy and Lavner, 2007; Dafna
et al., 2013, 2015; Sengupta et al., 2016; Sola-Soler et al., 2011).

Although each method will have different specific approaches in classifying breath
sounds (different research aims, microphone setups, features, classifiers etc.), many
audio-based classification methods share a similar fundamental structure. Figure 2.8
presents a block diagram which summarises the basic structure of audio-based
classification methods.

There are generally two phases in audio-based classification; design (training) and
validation (testing). Data is usually divided into training and testing sets accordingly.
There are a number of ways of dividing data into training and testing datasets.
Resubstitution involves employing all available data for training and then testing on the
same dataset. Although this method can be inherently biased, it may be employed to test
the upper limit of a classification system’s accuracy and to test for over-fitting if
compared to other methods (Dafna et al., 2013; Bishop, 2006). Cross-validation is also a
popular method which involves dividing the dataset by into k number of groups for
example (k-fold cross validation). The classifier is then trained on k-1 of the groups and
then subsequently tested on the remaining dataset group. This rotates k times until each
group is tested separately. It has been previously used in in the feature selection phase in
snore sound classification studies (Dafna et al., 2013).

The hold-out method involves dividing data (either by recordings/samples or by
participants) into separate training and test datasets. Although it has been reported that
different estimates may be obtained according to how the dataset is divided (Jain et al.,
2000). However, this method is quite popular and has been used throughout the literature
in respiratory audio-based classification (Lozano-Garcia et al., 2017; Lozano et al.,
2016).
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Figure 2.8. Block diagram of audio-based classification.
2.7.1 Pre-processing

The input signal is usually filtered to reduce background noise and to focus on specific
frequency bands of interest. The input signal is then divided into a number of overlapping
frames. Frame duration varies across the literature depending on the acoustic properties
of input signal (usually 20-100 ms). A window is also applied to each frame in the form
of Hanning or Hamming windows to reduce spectral leakage or distortion caused from
the abrupt discontinuities at the edges of the frames.

2.7.2 Feature extraction

A range of temporal and spectral audio-based features are extracted from each frame
to form a feature vector. Feature vectors form an n dimensional feature space which best
separate the acoustic properties of each inhaler sound event. Temporal features used in
classification of respiratory sounds include energy, duration and the zero crossing rate
which can be calculated as;
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_ Yn-alsign(x[n]) — sign(x[n — 1])| (2.3)
B 2N

Z

where [n] is an integer value depending on whether the value [n] is positive (sign = 1),
null (sign = 0) or negative (sign = -1).

Spectral features include the quartile frequencies that describe the distribution of
power across the frequency spectrum (Fzs, Fsoand F7s). Some of the most popular spectral
features employed in respiratory sound classification are the mel-frequency cepstral
coefficients (MFCCs). MFCCs were introduced in speech recognition applications to
separate the speech signal spectrum S(z) into the source U(z) (periodic signal generated
by opening and closing of the vocal folds which generates the pitch) and vocal tract filter
H(z) which changes according to the word being spoken. The speech spectrum can be

represented as;
S(z) = U(z) - H(z) (24)

In the time domain this equates to the convolution of the source with the vocal tract filter;

s[n] = u[n] = h[n] (2.5)

where s[n], u[n] and h[n] are the speech, source and filter responses in the time domain.

MFFCs incorporate the fact that the human auditory system is more sensitive to
changes at lower frequencies (linear below 1000 Hz) than at higher frequencies
(logarithmic above 1000 Hz) (Hasan et al., 2004). To model human pitch perception, a
series of triangular filter banks are applied to the speech spectrum which are spaced
linearly below 1000 Hz and logarithmically above 1000 Hz according to the mel scale

which is given as;
Frol = 2595 logy (1 + £/700) (2.6)

where f,,..; 1S the frequency converted in the mel scale and f is frequency in the linear
domain.

The steps to computing MFCCs are summarised as follows;
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1. The Discrete Fourier Transform (DFT) is applied to the input windowed frame
where the DFT is calculated as;

X[k] = x[n]e—jz%kn (2.7)

where X[k] represents a complex number representing the magnitude and phase
of the k" frequency component of the signal.

2. Apply mel-scaled filter bank to spectrum.

3. Calculate the log of the summed filter bank energies. Phase information not
relevant in speech so the squared magnitude or power is only considered.

4. The discrete cosine transform (DCT) of the log values is calculated to give the

coefficients.

Generally, the first twelve MFCC coefficients are known to contain the most relevant
information while the 0™ coefficient is the average energy of all frequency bands (Zheng
etal., 2001).

Increasing the number of features in the feature set can have a negative effect on the
performance of a classification system. The number of training samples required grows
exponentially with the number of features (dimensionality). This is known as the curse of
dimensionality (Bishop, 2006). It has been suggested that having ten times more training
samples than features is sufficient (Jain et al., 2000). Furthermore, if the classification
method is too complex it may cause over-fitting which results from a complex
classification method training exhaustively on training data (Bishop, 2006). When the
classification method is tested on new data, it therefore may not perform anywhere near
the level as expected.

There are a number of methods available to select the appropriate number of features
for the final classifier. This can help reduce the number of features and reduce
dimensionality as a result. One of the most popular methods of feature selection is
sequential forward selection (SFS) where the single best feature (as determined by a
predetermined performance measure) is selected first and then the best combination of
features are added one by one until performance plateaus or decreases. The main
advantage of this method is that it will only select a subset of features hence making it
less computationally complex compared to other methods (Jain et al., 2000). Once a
feature has been selected in this process it cannot be removed. Sequential backward
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selection is like the reverse of SFS whereby all features are employed and then removed
one by one until performance decreases. However, it is more computationally complex

as all features are employed in the first iteration.

2.7.3 Classification methods

Specific classifiers are selected to partition the feature space in order to accurately
class a new input feature vector or, in other words, classify each inhaler sound event or
frame (classification may be event-by-event or frame-by-frame) into a specific class
(inhalation, actuation/blister, exhalation). There are many different classifiers used in the
respiratory acoustics research as shown in Table 2.5. Parametric classifiers assume a
functional form to partition the feature space into classes (inhaler events) such as a linear
function. They are simple as they do not require large amounts of data and are therefore
quite fast computationally. Some of these include Naive Bayes, linear and quadratic
discriminant analysis classifiers. One of the main disadvantages is that some unknown
parameters may not fit to the assumed function. There are also non-parametric classifiers
are capable of fitting a large number of functional forms, they make no assumptions about
the underlying data and can result in higher performance. However, they tend to require
more data and are slower computationally. Some of these include k-Nearest-Neighbour
(KNN), support vector machines, artificial neural network (ANN), and Hidden Markov
Models (HMMs) (Jain et al., 2000).

2.7.4 Performance measures

There are a range of performance measures that are used when testing a given audio-
based respiratory sound classification method. Some of which include sensitivity,
specificity, accuracy, area under the curve and positive predictive value.

There is a lack of audio-based classification methods to classify inhaler sounds,
however, many studies have employed audio-based methods to classify inhalation and
exhalation sounds. These studies may be of relevance to analysing inhaler audio
recordings in terms of relevant audio feature extraction and classification methods. Table
2.5 lists a set of studies involving automatic classification of inhalation and exhalation
respiratory sounds. It also details the audio-based features that were employed as well as
the classifiers selected and the performance measures that were reported. Audio-based

53



classification methods have been employed in many other respiratory applications such
as snore detection, sleep/wake classification and detecting breath sounds in song signals
(Shokrollahi et al., 2016; Dafna et al., 2015; Nguyen and Won, 2015; Takahiro et al.,
2014; Dafna et al., 2013; Ruinskiy and Lavner, 2007). However, they were not included
in Table 2.5 as they were deemed not to be within the scope of this research.
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Table 2.5. List of studies involving automatic classification of respiratory sounds.

Author

(Lozano-Garcia et al.,
2017)

(Lozano et al., 2016)

Objectives

Classification of
continuous
adventitious
sounds to improve
assessment of
bronchodilator

response

Automatic
differentiation
of normal and
continuous

adventitious sounds

Participants

25 (20 asthma, 5
healthy)

30 (asthma)

Recording

Information

Four piezoelectric
contact

microphones
(TSD108, Biopac)
placed on the back on
the base and near the
upper lobe of the
lungs.

Fs=12,500 Hz

Four piezoelectric
contact

microphones
(TSD108, Biopac)
placed on the back on
the base and near the
upper lobe of the
lungs.

Fs=12,500 Hz

Audio-Based
Features

Instantaneous
frequency,
instantaneous
envelope and Hilbert
spectrum time-
frequency distribution

Instantaneous
frequency,
instantaneous
envelope and Hilbert
spectrum time-

frequency distribution

Classifier

Support Vector
Machine (SVM) using
a non-linear kernel
function to map
features into a higher

dimensional space

SVM using

a non-linear kernel
function to map
features into a higher

dimensional space

Summary of

Results

Patients with positive
response to
bronchodilator had
significant change in
number of continuous
adventitious sounds
based on objective
classification methods

Accuracy=94.6%=0.3%
on recorded respiratory
sounds and
92.8%+3.6% for
simulated respiratory

sounds
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(Palaniappan et al.,
2016)

(Lei etal., 2014)

(Abushakra and
Faezipour, 2013)

Differentiate between
inhalation and

exhalation sounds

Classification of
breath sounds

Detect and classify
inhalations and

exhalations

69 (healthy)

64 (40 healthy, 15 flu, 4
bronchitis)

125 (123 healthy, 2 lung

cancer

WISE digital
stethoscope

placed on three
locations (trachea, left
and right posterior
base of the lung).

Digital voice recorder
microphones.

Fs=8 kHz,

16 bits/sample

Non-contact Sony
Vaio VPCEB42FM
placed 3 cm from
mouth.

Fs=44.1 kHz

Normalised Averaged
Power Spectral
Density (PSD),
Changes in
Normalised Average

PSD across frames

Frequency centroid,
bandwidth,

spectrum power, sub-
band power, pitch,
MFCC, spectral flux,
spectral entropy,
spectral roll-off,
spectral centroid, 1st
and 2nd order MFCC
derivatives (dynamic

features).

MFCCs

Fuzzy Inference
System using
Mamdani and Sugeno
methods

SVM, ANN and kNN

Sound event detection
was performed using
energy based features.
Linear Threshold
corresponding to the
mean of the 6th
MFCC was employed
for classification

Correlation coefficient
r=0.982

Method outperforms
other classification
methods such as
template matching.

Accuracy = 98.9%

6th MFCC larger in
inhalations.
Performance measures:
Accuracy = 93.2%
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(Huq and Moussavi,
2012)

(Guler et al., 2005)

Differentiate between
inhalation and

exhalation sounds

Classification of
respiratory sound
pattern

93 (healthy)

57 (18 COPD, 19
restrictive lung disease,
20 healthy)

Sony ECM-77B
microphone placed on
trachea.

Fs=10, 240 Hz

Two air-coupled
electret microphones
placed on the base of
the lung.

Log Variance (LV),
Duration, Area under
the LV Curve,

Ratio between first
third of area under the
LV curve to the

final third of area
under the LV curve,
Falling gradient of the
LV curve

LPC, cepstral
coefficients

Two majority vote
approaches;

5VOTE - majority
vote of all five
features.

3VOTE - average vote
of the parameters with
the highest accuracy

Single layer Neural

network

Most prominent
features were duration,
volume and shape of

the sound envelope.

Accuracy = 95.6%
Sensitivity = 95.5%
Specificity = 95.6%

Classification
performance of 58% for
segments and 67% for
subjects
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2.8 Automatic Detection and Classification of Inhaler

Sounds

As audio-based inhaler monitoring has only been recently introduced, there is a lack
of studies reported in the literature that investigated automatic classification of inhaler
audio signals. Previous studies have employed audio-signal processing methods to
automatically detect inhaler events (Holmes et al., 2014a, 2013a). In a study by Holmes
et al. (2014a), the INCA device was employed to obtain audio recordings of Diskus DPI
use from 12 asthma patients. The study obtained 609 audio recordings of inhaler use
which was split into training (202 audio recordings) and testing (407 audio recordings)
datasets. A range of features were employed to characterise the different inhaler events.
For blister sound detection, audio signals were divided into frames of 100 ms in duration
with 10 ms overlap to obtain sufficient temporal resolution. Blister sounds are generally
quite short in duration (approximately 100 ms), hence the motivation for 100 ms frames.
The power within the frequency bands of 2-3 kHz and 20-200 Hz was employed as
separate features. To detect inhalation and exhalation sounds, audio signals were divided
into frames of 700 ms in duration with 20 ms overlap to obtain sufficient temporal
resolution. Twelve MFCCs were extracted from each frame to obtain a short-time
cepstrogram of the audio signal. Singular Value Decomposition (SVD) was then
employed to obtain a normalised singular vector from the cepstrogram of the signal. The
zero crossing rate (Z), which refers to the rate at which the audio signal crosses the x-axis
was also extracted from frames to detect inhalation and exhalation sounds.

To differentiate between inhalation and exhalation, the average PSD within the 2.52-
4 kHz frequency band was obtained. It was reported that inhalations contained more
power within this frequency band than exhalations. A flow chart of the reported algorithm
for automatic detection of inhaler sounds is presented in Figure 2.9 (Holmes et al., 2014a).
In order to obtain algorithm performance measures (sensitivity, specificity and accuracy),
the test dataset were pre-labelled manually by two independent raters through aural and
visual assessment. The algorithm generated an accuracy of 92.1% for blister detection,
91.7% for inhalation detection and 93.7% for exhalation detection. However there were
some limitations to the study. A Cohen’s kappa statistic that measured the inter-rater

agreement during the manual labelling process, highlighted only moderate agreement
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Figure 2.9. Block diagram of automatic inhaler sound detection algorithm (Holmes et
al., 2014a).

between independent raters for some of the patient data. This shows the limitation in
comparing an objective algorithm against subjective assessment. Furthermore, the
algorithm employed a range of thresholds as a means of classifying different inhaler
events rather than using statistical modelling. Considering that the hold-out method
employed in this study did not split patients between training and testing, this may have
introduced a bias which may have accentuated algorithm performance. Additionally,
performance measures were only based on data that generated strong agreement between
independent raters which may consist of data with less noise present. It has yet to be
investigated whether similar methods are applicable for other DPIs and pMDIs. However,
this study reported promising results for the potential implementation of audio-based
inhaler monitoring systems to remotely monitor patient inhaler user technique.

Kikidis et al. (2015) investigated the use of convolution neural networks to detect
pMDI actuation sounds. The authors used a microphone (connected to a smartphone) that
was fixed onto the front side of a pMDI. The pMDI audio signals were acquired from five

healthy participants who were asked to actuate the pMDI in open air and away from their
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mouth in different real life noisy environments. This process produced 200 actuation
recordings and the same number of non-actuation sound files. The study reported an
accuracy of 98% at detecting pMDI actuation sounds (Kikidis et al., 2015).

Other studies examined three algorithmic approaches (Support Vector Machines,
Random Forests, and AdaBoost) for the detection of pMDI sounds including actuations,
inhalations and exhalations actuations (Nousias et al., 2016; Lalos et al., 2016). In these
studies, inhaler audio recordings were obtained using a wireless Bluetooth microphone
attached to the pMDI and a Smartphone. Nousias et al. (2016) obtained pMDI audio data
from five healthy participants. The Short Time Fourier Transform (STFT) was used as
the basis for the extraction of features that are then used for the classification of four
sound types or classes (inhaler actuation, inhalation, exhalation, background noise). In
this study, the dataset was comprised of 280 samples per sound class giving a total of
1120 sound samples in the dataset (sampled at 4 kHz, 4 bits/sample). They reported that
AdaBoost outperformed the alternative approaches leading to accuracies above 96%
(Nousias et al., 2016).

Lalos et al. (2016) developed an energy efficient wireless audio-based method of
remotely detecting pMDI events. In this study, a dataset from two healthy participants
consisting of 500 actuations and 500 noise segments (dataset 1) along with 200 actuations,
200 inhalations, 200 exhalations and 200 noise segments (dataset 2) were obtained. An
accuracy of over 96% was reported. However, the recent studies that employed audio-
based methods to detect pMDI sound events all used very small cohorts of healthy
participants and did not consist of real life inhaler recordings from patients with chronic

respiratory diseases.

2.9 Estimation of Respiratory Flow Parameters

The second stage of signal processing in audio-based inhaler monitoring systems is
the estimation of pertinent flow parameters from the detected inhalation audio signal. This
allows for objective assessment of patient inhalation technique. The aim is to estimate
flow parameters of a patient’s inhaler inhalation using features extracted from the
inhalation audio signal in order to objectively assess inhalation technique. It has been
thoroughly discussed previously in this literature review how drug delivery in pMDIs and

DPIs is heavily dependent on the flow parameters of the patient’s inhalation. However,
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there is a lack of monitoring systems and devices available to remotely monitor patients’
inhalation flow parameters during inhaler use.

Audio-based methods of estimating inhaler inhalation flow parameters do not require
sensors within the airflow path of the inhaler. In this way, the resistance of the inhaler
will be unaffected as the audio recording device is non-invasive to the inhaler. However,
in order to estimate inhalation flow parameters using audio-based methods, an objective
gold standard reference measurement of inhalation flow is required to correlate with
audio-based features. Therefore, it is important to review methods that have been
employed to estimate respiratory flow as they may be relevant to measuring inhaler
inhalation flow parameters.

Estimating parameters such as respiratory flow rate, volume and effort are of
particular interest in the diagnosis of asthma, COPD and sleep apnoea studies
(Vandenbussche et al., 2015; Motamedi-Fakhr et al., 2017; Teulier et al., 2013; Cilluffo
et al., 2016). Respiratory flow and volume parameters are usually measured using gold
standard pneumotachograph spirometer devices that record flow parameters as a patient
breathes through a mouthpiece (Raman and Druzgalski, 2015). Other popular methods of
monitoring respiratory flow parameters include measuring thoracoabdominal movement
(movement of the thorax/chest and abdomen) of patients using strain gauges and
piezoelectric contact accelerometers situated in adhesive belts that are worn around the
chest and abdomen. However, a major drawback of these types of sensors is that they
only measure changes in one dimension (VVandenbussche et al., 2015).

Respiratory inductance plethysmography (RIP) belts can record the full cross
sectional movement of the chest and abdomen by recording inductance changes in wire
coils contained within the belts (Vandenbussche et al., 2015; Lo and Huang, 2016). This
allows for monitoring changes in volume and airflow along with other parameters such
as thoracoabdominal asynchrony (Motamedi-Fakhr et al., 2017). They can highlight
levels of obstruction in patients through changes in phase of the RIP signals. Furthermore,
the summation of the chest and abdomen belt signals allows to detect changes in tidal
volume (Vandenbussche et al., 2015). Therefore, RIP belts are usually the preferred
choice over other contact sensors when estimating flow parameters non-invasively from
thoracoabdominal movements. However, one of the main disadvantages with RIP is that
the belts require complex calibration methods which may be challenging for elderly
patients or infants with neurological disorders (Moussavi et al., 2000). Also, depending

on the task, the belts may move and need to be re-calibrated as a result. Less-complex
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calibration methods for RIP methods may further improve the clinical applicability of this
analysis. New calibration methods have been introduced that calibrate the RIP data on a
breath-by-breath basis that do not require the user to perform specific respiratory tasks
(Lo and Huang, 2016). This may greatly benefit researchers using RIP belts in future
respiratory studies. Other non-invasive methods of monitoring respiratory parameters
have been reported using lasers, however they currently cannot measure cross sectional
changes in volume (Hagman et al., 2015). Further research is required to investigate their

widespread use in clinical settings.

2.10 Respiratory Flow Estimation Using Audio-Based
Methods

The complex calibration methods required for using RIP resulted in a clinical need
for other non-invasive methods of measuring respiratory airflow. Audio-based methods
have been employed in several studies to estimate respiratory flow parameters and
respiratory rate (Table 2.6). These methods are based on the relationship between audio-
based features that are extracted from breath sounds (either inhalation or exhalation
sounds) and the corresponding flow signal. Study participants are usually instructed to
breathe through a pneumotachograph mouthpiece at specific target flow rates while flow
and audio signals of exhalations and inhalations (recorded from the trachea or chest wall)
are recorded simultaneously.

Audio-based features that are commonly employed to estimate flow from tracheal and
chest wall breath sounds include the average power and the envelope of the audio signal
(Reljin et al., 2015; Yadollahi and Moussavi, 2011; Que et al., 2002). Studies have also
reported the use of complexity audio-based features such as the Shannon entropy (H) to
estimate flow. Entropy is a measure of complexity or uncertainty of the inhalation
acoustic signal.

Once the selected audio-based features have been extracted from the
inhalation/exhalation sound, they are correlated with corresponding flow signals to
determine the most suitable model that best describes the relationship between flow and
audio-based features. The most popular models employed in audio-based flow estimation

are linear and power law models. Linear models can be defined as;
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F=y-A+z (2.8)

where A is the amplitude of the breath sound, F is the estimated flow and y (slope) and z
(intercept) are constants.

Power law models can be defined as;

A=k- ﬁa (29)

where k and a are constants (Yadollahi et al., 2013; Reyes et al., 2014).
This can be re-arranged as a linear model in a logarithmic scale such as;

-~

F=a"A+b (210)

where @ = =and b = —logE.
a a

Audio-based flow estimation models have been reported to generate high accuracy
with estimation errors below 10% (Yadollahi and Moussavi, 2011; Yadollahi et al.,
2013). However, in some cases, only the upper 20-40% of the respiratory signals are
employed to avoid error due to rapid changes in flow at the initial phase of inhalation and
exhalation (Yadollahi and Moussavi, 2006b; Yadollahi and Moussavi, 2008). Several
studies reported that the model parameters that represent the relationship between flow
and sound, such as the slope and intercept of the regression model, differ between the
inhalation to exhalation phases due to differences in the mechanisms of sound generation
(YYadollahi and Moussavi, 2006b; Yadollahi and Moussavi, 2008). There were no studies
found in the literature that investigated if the relationship between respiratory flow and
sound differs across patients with respiratory diseases such as asthma and COPD.
However, a study by Yadollahi et al. (2013) reported that flow-sound model coefficients
change in OSA patients between wakefulness and sleep (Yadollahi et al., 2013).
Furthermore, it was previously reported that gender, height and smoking can also
significantly influence audio-based flow estimation (Yadollahi and Moussavi, 2011).
Therefore, generalised models may not be appropriate for audio-based flow estimation.
Table 2.6 lists a number of studies reported in the literature that investigated the

relationship between breath sounds, primarily recorded from the trachea, and flow rate.
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Table 2.6. List of studies involving respiratory flow estimation using audio-based signal processing methods.

o Flow Signal
Author  Participants
Measurement

(Tabata et _ _

(asthmatic Spirometer
al., 2016) _

children)
(Reljin et RIP belts-chest

5 (healthy)
al., 2015) and abdomen

Audio
Recording
Information

Handheld
microphone
placed on the
right upper
anterior chest
at the second
intercostal
space.
Fs=10,240
Hz
Subminiature
electret
Knowles
Electronics
BT-21759-
0000
microphone

placed on

Audio-
Based

Features

Fso, Frs
and Fog

Shannon
entropy
Blanket
Fractal
Dimension
(BFD)

Regression

Model

Linear

Linear and

exponential

Summary of Results

Audio-based features of inhalation
sounds significantly correlated
with PIFR

Fso r=0.232

F75r=0.234

Fog r=0.226

However, much higher correlation
values were reported at an intra-

patient level (r>0.8)

Normalised root mean square error
(NRMSE) = 15.877%:+9.246%
Smallest normalised root mean
square error obtained was using

BFD with exponential model
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(Reyes et
al., 2014)

(Yuetal.,
2013)

9 (heathy)

20 (healthy)

Spirometer

Pneumotachometer

mask

trachea.
Fs=44.1 kHz,
16
bits/sample
Subminiature
electret
Knowles
Electronics
BT-21759-
0000
microphone
placed on
trachea.
Fs=44.1 kHz,
16
bits/sample
WM-56A103
Panasonic
microphone
placed on
trachea

PSD

Power

Logarithm
of the
Shannon

entropy

Power Law

Linear

No specific airflow estimation
results reported.

Linear relationship between
respiratory rate derived from
tracheal sounds and spirometer
generated R?=0.9693

No airflow estimation results
reported. Employed audio-based
flow signal to estimate apnoea with
95% Sensitivity, 92%

Specificity, 76% PPV, 98% NPV
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(Yadollahi
etal.,
2013)

(Yadollahi
and
Moussavi,
2011)

(Yadollahi
and
Moussavi,
2008)

18 (OSA

patients)

93 (healthy)

4 (healthy)

Pneumotachometer

mask

Pneumotachograph
connected to a
differential
pressure

transducer

Pneumotachograph
connected to a
differential
pressure

transducer

Fs=22.05
kHz

Sony ECM-
77B
microphone
placed on
trachea.
Fs=16 kHz
Sony ECM-
77B
microphone
placed on
trachea.
Fs=16 kHz

Siemens
accelerometer
EMT25C
placed on

trachea.

Energy Power Law

Average
Power Law
Power

Average
Power,
Logarithm )
Linear
of
Variance,

Logarithm

Flow estimation errors were
3.74£3.1% and 8.4+12.5% for
inhalation and exhalation flow

respectively

Average flow estimation error
below 10% during inspiration
and expiration phases. Gender,
height and smoking significantly

influenced model parameters

Logarithm of Variance generated
strongest relationship with flow.
Model coefficients change with
flow rate, particularly at high flow

rates
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(Yadollahi
and
Moussavi,
2007)

(Yadollahi
and
Moussavi,
2006a)

10 (healthy)

10 (healthy)

Pneumotachograph
connected to a
differential
pressure

transducer

Pneumotachograph
connected to a
differential
pressure

transducer

Fs=10,240
Hz

Siemens
accelerometer
EMT25C
placed on
trachea.
Fs=10,240

Hz

Siemens
accelerometer
EMT25C
placed on
trachea.
Fs=10,240

Hz

of

Range,
Logarithm
of

Envelope

Logarithm

of Range

Shannon

Entropy

Linear

Linear

Flow estimation errors were
8.82+2.79% and 10.15+2.73% for
inhalation and exhalation flow

respectively

Flow estimation errors were
8.3+2.8% and 9.6+2.8% for
inhalation and exhalation flow

respectively
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(Beck et
al., 2005)

(Harper et
al., 2003

(Yee Leng

and

8 (healthy)

4 (healthy)

10 (healthy)

Pneumotachograph

mouthpiece

Pneumotachograph
connected to a
differential
pressure

transducer

Pneumotachograph
connected to a
differential

Alpha
Omegae
piezoelectric
contact
accelerometer
placed on the
neck (anterior
cervical
triangle).
Fs=4,800 Hz,
12bits/sample
PPG Sensor
accelerometer
placed at the
trachea.
Fs=10,240
Hz, 12
bits/sample
Siemens
accelerometer
EMT25C

Amplitude  Power Law

Average
N/A
Power
Average )
Linear
Power

Correlation coefficient values for
inhalation and exhalation were

r=0.972 and r=0.967 respectively

Relationship between average
power of inhalation and

exhalations and airflow

Flow estimation error was 5.8+3%
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Moussavi,
2002)

(Hossain
and
Moussavi,
2002b)

(Hossain
and
Moussavi,
2002a)

10 (healthy)

10 (healthy)

pressure

transducer

Pneumotachograph
connected to a
differential
pressure

transducer

Pneumotachograph
connected to a
differential
pressure

transducer

placed on
trachea.
Fs=10,240
Hz
Siemens

accelerometer

EMT25C
Average )
placed on Linear
Power
trachea.
Fs=10,240
Hz
Siemens
accelerometer )
Mean Linear,
EMT25C ) )
Amplitude, Log-Linear
placed on
Average and Power
trachea.
Power Law
Fs=10,240
Hz

Flow estimation error was
13.147.8%, 10.2+3.3% and
18.7+10.6% when the model was
calibrated using tracheal sounds
form low, medium and high flow

ranges respectively

Linear relationship between Mean
Amplitude and flow generated

strongest correlation (r=0.79+0.7)
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(Que et
al., 2002)

(Gavriely
and
Cugell,
1996)

(Soufflet
et al.,
1990)

17 (11
healthy,

3 patients
with
unstable
airway
obstruction
and

3 asthma

patients)

6 (healthy)

9 (healthy)

Pneumotachograph

mouthpiece

N/A

Pneumotachograph

mouthpiece

Armaco
model 1306
electret
microphone
placed on
trachea.

Fs=3 kHz, 12

bits/sample

N/A

Neutrik 3381
microphone
placed on

trachea.

Acoustic

envelope

Spectral
Power
(area under
the

spectral
curve)
Average
Power,
Mean

Frequency

Linear

Power Law

Hierarchical
clustering

analysis

No quantitative result on flow

estimation performance reported

Relationship between spectral
power of tracheal and chest wall
breath sounds follows a power law

relationship

Flow estimation accuracy was

approximately 85%
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(Lessard

Wong,
1986)

12 (healthy)

Pneumotachograph

mouthpiece

Fs=5,210 Hz,
16bits/sample

Stethoscope
placed on the
neck (anterior
cervical
triangle).
Fs=4,096 Hz

Mean
Frequency,
Frequency
of
Maximum
Power and
Frequency
at 90th
Percentile
of Total

Power

Linear

Mean frequency is linearly
correlated with flow up 45 L/min

then levels off.
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It could be argued that exhalation flow rate estimation is beyond the scope of this
thesis as it does not present clinically relevant information in terms of inhaler adherence.
Therefore, inhaler audio-based flow estimation should be focused on the inhalation event
of inhaler use as it is directly associated with inhaler drug delivery. It is important to now
discuss previous studies that applied similar methods to those listed in Table 2.6 to

estimate flow parameters of inhaler inhalations.

2.10.1 Inhaler inhalation flow estimation using audio-based

methods

The vast majority of studies that investigated the relationship between respiratory
audio-based features and flow employed audio signals recorded from the trachea and
chest wall. It would be hypothesised that inhaler inhalation sounds recorded using a non-
contact microphone may have somewhat different acoustic properties as previously
discussed. However, the audio-based features and flow estimation models reported in
Table 2.6 may still be quite relevant in estimating inhaler inhalation flow parameters
using non-contact microphones.

A study by Holmes et al. (2013c) was the first study to use audio-based features to
estimate inhaler inhalation flow parameters in the Diskus DPI (Holmes et al., 2013c). The
aim of the study was to estimate PIFR and IC of inhaler inhalations using audio-based
methods. In this study, the INCA device was employed to record inhaler inhalations from
15 healthy participants at a range of inspiratory flow rates. The Diskus DPI was placed
inside an airtight container which had a pneumotachograph spirometer connected to it in
order to obtain objective measurements of PIFR and IC of inhalations. Inhalation audio
signals were band pass filtered at a range of high pass and low pass cut-off frequencies
ranging from 20 Hz (high pass cut-off) to 450 Hz (low pass cut-off). Audio-based features
that were employed to estimate PIFR and IC included the average PSD (which is the total
spectral power normalised by the number of FFT points), mean absolute deviation (MAD)
and root mean square (RMS).

To estimate PIFR using audio-based features, linear models were employed to
estimate the relationship between audio-based features and PIFR. It was reported that the
average PSD within the 300-600 Hz frequency band of the inhalation sounds generated
the strongest correlation with PIFR (R?=0.9079, p<0.001). This audio-based method of
estimating PIFR using the INCA device was later validated in a study by Seheult et al.
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(2014b) using Diskus DPI inhalation audio recordings from 92 patients consisting of
asthma and COPD patients (Seheult et al., 2014b). It was reported that the correlation
between PIFR calculated form audio-based features and PIFR recorded from a gold
standard spirometer was strong (R?=0.884).

To estimate IC, Holmes et al. (2013c) modelled the inhaler inhalation flow profile as

a semi-elliptic curve as shown in Figure 2.10 (Holmes et al., 2013c).

PIFR

A
\ 4

Duration

Figure 2.10. Area of semi-ellipse from which the volume or IC of an inhaler inhalation
can be estimated.

The I1C was calculated as the area under the curve of the semi-ellipse. By defining the
peak of the semi-ellipse as the audio-based measure of PIFR and estimating the duration
of the inhalation sound using manual segmentation, the IC was calculated using the

following equation (Holmes et al., 2013c);

5i7R - & (211)
2

where PIFR is the audio-based estimation of PIFR and d is the duration of the inhalation.

These studies show promising opportunities for audio-based methods to remotely
monitor two clinically important inhalation flow parameters, PIFR and IC. This may help
healthcare professionals assess patient inhaler inhalation technique on a regular basis and
help patients improve their adherence as a result. However, this method does not estimate
the inhalation flow profile. The flow profile used to estimate IC (as illustrated in Figure
2.10) does not represent the true inhalation flow profile of patient inhalations. Also, this
method was only tested on the Diskus DPI and no other inhaler. The frequency bands
employed in these studies were also quite narrow. It was shown in a previous study by
Holmes et al. (2014a) that the power of Diskus inhalation sounds is not concentrated in

one particular frequency band but rather spread across the entire spectrum (up to 4 kHz
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in the case of INCA device recordings) (Holmes et al., 2014a). It has yet to be reported
whether the wider frequency spectrum of the inhalation sounds contains pertinent

information and can be used to estimate flow rate.

2.11 Quantification of Inhaler Drug Delivery Using Audio-
Based Methods

The third and final stage of signal processing in audio-based inhaler monitoring
systems involves extracting features from inhaler inhalation audio signals to estimate the
amount of medication delivered to the patients. It has been discussed that audio-based
methods can automatically detect and classify different events associated with inhaler use
such as drug preparation, inhalation and exhalation sounds. It is also possible to assess
inhalation technique specifically by estimating PIFR and IC using audio-based methods.
By combining these two phases of audio-signal processing, it is possible to objectively
assess patient user technique. There is a clinical need, however, for inhaler monitoring
systems to not only monitor patient user technique, but to also quantify the effect of poor
user technique on drug deposition in the airways. However, no inhaler monitoring system
reported in the literature, other than studies with the INCA system, can estimate the
clinical efficacy of patients’ user technique i.e. quantify the amount of drug delivered to
the patient based on their user technique.

Studies that employed the INCA system have reported a statistically significant
relationship between critical user technique errors (as detected using audio-based
methods) and the drug delivery of the Diskus DPI. A study by Holmes et al. (2013b)
reported a significant relationship between the audio-based features of inhalation sounds
and the total emitted dose (TED) from a Diskus DPI (Holmes et al., 2013b). This may
allow healthcare professionals to quantify the amount of drug removed from the inhaler
during a patient’s inhalation.

In order to further quantify inhaler drug delivery from audio-based measurements,
Seheult et al. (2014b) carried out both in-vitro and in-vivo studies to investigate the
relationship between inhalation audio-based features and dose delivery measurements in
the Diskus DPI (Seheult et al., 2014b). For the in-vitro experiment, the Diskus DPI was
connected to a Next Generation Impactor (NGI) cascade impactor (Figure 2.11). The

cascade impactor is divided into a series of compartments which models the different
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Figure 2.11. NGI cascade impactor used for in-vitro inhaler drug delivery testing
[Copley Scientific Limited, Nottingham, UK].

generations of the respiratory system. The air inlets on each compartment decrease in
diameter along the cascade impactor as to replicate the smaller airways.

Consequently, only smaller aerosol particles can reach the lower compartments of the
cascade impactor. The advantage of using a cascade impactor is that it can measure fine
particle fraction (FPF — the percentage of fine particle dose to the claimed labelled dose)
and throat deposition levels. The cascade impactor was then connected to a Critical Flow
Controller flow pump which simulated inhaler inhalations at 30 L/min, 60 L/min and 90
L/min. The INCA device was attached to the Diskus DPI to record the simulated
inhalation audio signals. It was observed that PIFR,; (audio-based measure of PIFR)
was a significant predictor of FPF for salmeterol (R?=0.9509, p<0.001), fluticasone
(R?=0.9509, p<0.001) and salbutamol (R?=0.7104, p<0.01) medications in the Diskus. In
the in-vivo study carried out by Seheult et al. (2014b), it was reported that there was a
significant difference in serum concentrations of salbutamol (contained within blood
samples) when PIFR,g was higher than 60 L/min in the Diskus DPI across 10 healthy
participants (p<0.0001). This highlights how estimating inhalation flow parameters using
audio-based methods may assist in remotely monitoring drug delivery from inhalers.

A study by Holmes et al. (2014b) employed audio-signal processing methods to detect
exhalations into the Diskus DPI mouthpiece as previously discussed (Holmes et al.,
2014b). By using a cascade impactor, the effects of exhalation flow rate, the distance
between the mouth and the inhaler mouthpiece, exhalation duration and relative air
humidity on the delivered dose of the Diskus DPI were investigated. It was reported that
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all four factors had a significant influence on drug delivery (p<0.05). The distance
between the mouth and the inhaler mouthpiece was the most significant factor followed
by relative air humidity and exhalation flow rate (Holmes et al., 2014b).

A more recent study by Sulaiman et al quantified specific critical user technique errors
in the Diskus DPI using serum concentrations of salbutamol in blood samples similar to
the previous in-vivo methods reported (Seheult et al., 2014b; Sulaiman et al., 2017). The
INCA system was employed to objectively detect specific user technique errors in 14
healthy participants. It was reported that exhaling into the mouthpiece of the Diskus DPI
(as detected by the INCA system) reduced peak salbutamol levels by 62%. Insufficient
inhalation effort lead to a 52% reduction in peak salbutamol levels (Sulaiman et al., 2017).

It is evident from the findings reported in these studies that audio-based inhaler
monitoring systems may be employed in clinical practice to not only remotely monitor
user technique, but to also quantify the dose of medication actually delivered to the
patient. This presents a major clinical advantage over other current inhaler monitoring

systems.

2.12 Audio-Based Adherence Measures

The final section of audio-based inhaler monitoring systems consists of calculating an
adherence measure based on the signal processing of the audio data (first stage) and
presenting these measures to patients in an intuitive manner to promote inhaler adherence
(second stage). By analysing the sequence of inhaler events and inhalation flow rate using
audio-based methods, a more clinically accurate measure of adherence can be obtained.
Recent studies have reported the clinical benefit of assessing both temporal and user
technique adherence using audio-based monitoring systems. D'Arcy et al. (2014) reported
that adherence measures that only took temporal adherence into account had no
significant relationship with Asthma Quality of Life Questionnaire (AQLQ) in a cohort
of 69 asthma patients (D'Arcy et al., 2014). Furthermore, Sulaiman et al. (2016d) reported
that temporal adherence measures, which have been used previously such as mean
adherence and mean daily dose (Choo et al., 2001; Osterberg and Blaschke, 2005; Charles
etal., 2007), failed to reflect patient clinical outcomes (Sulaiman et al., 2016d). By taking
user technique into account, using the INCA system, a more quantitative measurement of
the cumulative doses taken by the patient was estimated and lead to an objective
adherence measure that was more reflective of changes in AQLQ (R?=0.53 p<0.01)
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(D'Arcy et al., 2014). An Area Under the Curve audio-based adherence metric was
calculated using a trapezoid function of the cumulative measurements over 30 days to
obtain adherence measures such as Attempted Adherence, Technique Rate and Actual
Adherence (which accounts for both temporal and user technique adherence) (Sulaiman
etal., 2015; Sulaiman et al., 2016a). Attempted Adherence was defined as the ratio of the
attempted dosing (where the audio analysis algorithm confirms that the patient blistered
the Diskus DPI and so attempted to use the inhaler) to the expected doses as a percentage
(Sulaiman et al., 2016a). These measures can give information on overdosing for
example. Common critical errors reported using the INCA system with the Diskus DPI
include insufficient inspiratory effort, exhaling into the mouthpiece and insufficient
breath hold (Sulaiman et al., 2016e). Furthermore, accounting for critical user technique
errors can give a more realistic measure of patient adherence (referred to as Technique
Rate in (Sulaiman et al., 2016a)). By subtracting the Technique Rate from an Interval
Adherence Measure (ratio of attempted interval adherence to the expected interval
adherence as a percentage), an Actual Adherence measure can be calculated.

Sulaiman et al. (2016d) employed these measures in a cohort of patients with severe
asthma (n=239) where it was reported that Actual Adherence was just 61.8% in
comparison to 84.4% according to the dose counter of a Diskus DPI (Sulaiman et al.,
2016d). In another study that recruited a cohort of COPD (n=244), Actual Adherence was
calculated as 22.6% for the COPD cohort (Sulaiman et al., 2016a). These adherence
measures were employed in another study that consisted of 82 asthma and 21 COPD
patients which reported that only 20% of the patients used their inhaler correctly and at
the correct time (Sulaiman et al., 2016e). Moreover, it was reported that only 6-7% of the
COPD patients using the Diskus DPI had good adherence over 80% of the time in the
month following discharge from the hospital (Sulaiman et al., 2016a; Moran et al., 2017).
This suggests that some patients still tend to have poor adherence even after being
hospitalised. Estimating adherence solely from the inhaler dose counter may over
estimate adherence when compared to the audio-based Actual Adherence measures
(Sulaiman et al., 2016a).
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2.12.1 Comparing audio-based adherence measures to current

clinical standard of assessment

Moran et al. (2017) reported that audio-based adherence measures in the Diskus DPI
(using INCA) did not correlate with patient self-reports and only showed a small
association with prescription re-fill data (Moran et al., 2017). This finding suggests that
patient reports are not reliable measure of adherence. Furthermore, the Actual Adherence
audio-based adherence measure was the only measure to reflect changes in AQLQ,
Asthma Control Test (ACT) and peak expiratory flow in a cohort of 239 patients with
severe asthma (Sulaiman et al., 2016a). In another study it was reported that 56% of
patients (in a cohort of 100 with asthma and COPD) that had a significant drop in AQLQ
over a three month period had an Actual Adherence of less than 80% (Sulaiman et al.,
2015). This gives further motivation to improve current audio-based methods of assessing

patient adherence, not just in the Diskus DPI but in other inhaler devices also.

2.13 Providing Objective Feedback on Patient Inhaler

Adherence

The provision of objective and longitudinal information regarding inhaler use can help
clinicians identify non-adherent patients, understand the causes of poor adherence and
adapt a medication regimen to the patients’ needs. It may significantly influence a
patient’s beliefs and attitude towards medication use, improve medication-taking routines
and influence overall disease control as a result. It may encourage dialogue between
patients and healthcare professionals, allowing for the development of more personalised
strategies to improve adherence to treatment (Sabaté, 2003; Epstein et al., 2004; Zolnierek
and Dimatteo, 2009; Mahtani et al., 2011; Fenerty et al., 2012; Foster et al., 2012;
McCormack et al., 2011; Meddings et al., 2012; Patel et al., 2012; Zaugg et al., 2016).

Several studies have shown that feedback significantly improved patient’s adherence
(Nides et al., 1993; Onyirimba et al., 2003; Giraud et al., 2011; McCormack et al., 2011;
Nikander et al., 2011; Spencer et al., 2012; Mac Hale et al., 2014; Nieuwlaat et al., 2014).
There is a lack of available systems in place that provide feedback on temporal and user
technique adherence. The INCA system is currently being used in clinical practice which

allows healthcare professionals to download and visualise the patient’s personalised
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adherence report. These methods of providing objective personalised feedback to the
patient have been recently introduced and are currently on-going in clinical research
(Sulaimanetal., 2016b; O’Dwyer et al., 2016; Imran et al., 2014; Sulaiman et al., 2016c).
Sulaiman et al. (2018) reported the effect of objective feedback as provided by the INCA
system on inhaler adherence compared to standard education without objective feedback.
A three-month prospective multicentre randomised controlled study was carried out, in
which patients with severe uncontrolled asthma were recruited from specialist asthma
clinics and randomised to receive both visual feedback and education on their adherence
using the INCA system, (active n=111) or education alone (control n=107). They reported
that, at the end of the three-month period, the adherence mean rate of the active group
was 73% compared to 63% for the control group (p=0.02) (Sulaiman et al., 2018).

Furthermore, in order to encourage patients to improve their adherence, the INCA
system provides a dash board report informing patients of their progress during their
treatment. This form of presenting the audio-based adherence measures to patients is
currently being used in clinical trials and research is currently underway to investigate if
objective feedback improves patient adherence in comparison to those patients who do
not receive such information regarding their adherence (Mokoka et al., 2017; O’Dwyer
etal., 2016). Table 2.7 summarises the advantages and disadvantages of current standard
methods of adherence assessment (patient self-reports, healthcare professional
checklists), electronic monitoring devices and audio-based monitoring systems (Taylor et
al., 2018b). Previous reviews have discussed the use of the different specific electronic
monitoring devices in further detail (Howard et al., 2014, Pritchard and Nicholls, 2015;
Kikidis et al., 2016).
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Table 2.7. Summary of advantages and disadvantages of current methods of monitoring

patient inhaler adherence.

Method of Monitoring
Adherence

Patient self-report

Healthcare professional
checklist assessment

Pharmacy re-fill data

Electronic monitoring

devices (general)

Advantages

Simple and low cost

Simple, low cost, can
provide information on

user technique

Simple, low cost,
objective, can provide
information on patient
persistence towards their

medication

Objective, can monitor
temporal adherence, some
devices can monitor user
technique adherence, some
devices can record patient
location, some are

commercially available

Disadvantages

Subjective, inaccurate,
prone to overestimation,
cannot provide objective
information on user
technique over the course
of treatment

Subjective, prone to
overestimation, may give
equal rating to all
technique errors, only
assesses adherence at one
point in time, cannot
monitor adherence
outside of clinical

consultation

Cannot monitor temporal
and user technique

adherence, dependent on
healthcare infrastructure

Cost (technology based
for smart application
development and human
resource based for
interpretation of analysed
data), only few devices
available that can
monitor user technique

adherence, mostly cannot
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Electronic monitoring
devices (audio-based

monitoring systems)

Obijective, can monitor
temporal and user
technique adherence, can
quantify inhaler drug
delivery, can provide
adherence measures more
reflective of changes in
respiratory function, can
provide personalised
feedback adherence
reports regarding temporal

quantify inhaler drug
delivery

Cost (technology based
for future smart
application development
and human resource
based for interpretation
of analysed data), may be
sensitive to background
noise, not yet

commercially available

and user technique

adherence

2.14 Chapter Conclusion

To conclude this review of the literature, it is evident that poor inhaler adherence is a
growing complex problem and has significant implications for the long term treatment of
chronic respiratory diseases. Many patients make critical errors while using pMDIs and
DPIs which significantly reduce the amount of medication delivered to the patient. There
are numerous training devices available to patients that can help improve user technique,
however, they cannot remotely monitor how patients use their inhaler outside of the clinic.
Analysing patient user technique over the course of treatment is of significant interest to
healthcare professionals as it can help personalise treatment to the patient. There is a lack
of methods available to objectively assess inhaler user technique. Electronic monitoring
devices are becoming increasingly popular in engineering and clinical research to
objectively assess patient inhaler adherence. However, the majority of devices available
are not compatible with both pMDIs and DPIs and do not record information regarding
user technique.

Audio-based inhaler monitoring systems, such as the INCA system, employ audio

signal processing methods to automatically assess patient user technique. Previous INCA
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system research has shown promising signs of introducing new standards of adherence
assessment into clinical practice. However, previous INCA system research needs to be
brought to the next level in terms of improving signal processing methods of assessing
patient adherence, applying audio-based analysis to a range of different inhalers for the
first time and employing audio-based analysis of inhaler use to potentially track the
patient’s response to treatment. This is needed to enhance precision medicine in chronic

respiratory diseases.
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Chapter 3. Research Questions and
Hypothesis

A number of research questions emerged from the review of the literature in Chapter 2.
It is evident that audio-based signal processing methods show promising opportunities to
objectively monitor patient inhaler adherence and to quantify drug delivery from inhalers.
Till today, the INCA system is the only monitoring system that provides a platform to
further develop audio-based methods to objectively assess patient user technique.
However, the research area of inhaler audio-based monitoring has primarily focused on
the Diskus DPI. There is a clinical need to investigate the use of audio-based methods to
objectively assess adherence (specifically user technique) in other inhaler devices such as
the pMDI (the most commonly used inhaler worldwide), Turbuhaler DPI and the Ellipta
DPI. Furthermore, it is unknown whether audio-based features are affected by the inhaler
design. This may be of significant importance when developing audio algorithms to
objectively assess adherence across different inhalers.

Furthermore, the INCA device has been the primary acquisition device used to obtain
audio recordings from inhalers. The INCA device has to be physically attached to the
Diskus inhaler and is limited to a sampling rate of 8 kHz with 8 bits per sample audio
resolution. Therefore, there is a need to investigate the use of acquiring inhaler audio
signals using microphones not attached or distant to the inhaler (such as in a wearable
device) and with higher sampling rates and greater bit depth resolution.

Regarding DPIs, there is a clinical need to estimate the full inhalation flow profile as
it directly influences the amount of drug delivered to the patient as discussed in Chapter
2. There are currently no available methods to monitor patient DPI inhalation profiles in
clinical practice with no studies published in the literature to date that employed audio-
based methods to estimate DPI inhalation flow profile. Furthermore, there is a lack of
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information regarding the spectral properties of inhalation sounds and how they are
affected by flow rate. It is unknown whether spectral features such as Fso, for example,
can be employed to estimate inhalation flow rate during inhaler use.

Moreover, there is a clinical need to also focus on predicting patient clinical outcomes
based on audio-based adherence measures. More specifically, it has yet to be investigated
whether audio-based features of patient inhaler inhalations change according to lung
function over the course of treatment. This may allow healthcare professionals to
intervene before an exacerbation occurs or monitor the efficacy of inhaler medication.

The main objectives of this thesis include developing signal processing methods to
objectively assess patient inhaler user technique in a range of different inhalers. The
studies reported in this thesis aim to provide new novel clinical measures of patient
adherence as well as providing new methods of tracking patient response to medication
over the course of treatment. This thesis also aims to investigate the clinical benefit of
audio-based adherence measures against standard clinical assessment of inhaler user
technique.

The main hypothesis of this thesis is that audio signal processing methods can be
developed to objectively assess user technique in both DPIs and pMDlIs. It is also
hypothesised that audio-based analysis of inhaler use is more accurate than standard
clinical assessment and can provide information regarding patient response to treatment.

To test these hypotheses, a number of specific research questions were derived.

3.1 Employing Non-Contact Audio-Based Methods to
Monitor Inhalation Technique in Inhaler Devices

1. Can non-contact audio-based methods be employed to estimate PIFR in both DPIs
and pMDls using a non-contact microphone distant from each inhaler?

2. What inhalation audio-based features generate the strongest correlation with PIFR
in DPIs and pMDIs?

3. Does the position of peak frequencies in the power spectral density of inhaler
inhalation sounds change with flow rate?

4. What level of variation do audio-based features generate at different flow rates?

5. Are inhalation audio-based features influenced by the inhaler design?
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6. Do anthropometric features such as BMI influence inhaler inhalation audio-based

features?

3.2 Audio-Based Objective Measurement of Peak
Inspiratory Flow Rate during Patient Inhaler Use and its

Application to Detecting Changes in Lung Function

7. What is the relationship between energy independent complexity features such as
the Shannon entropy and PIFR and could this feature be employed in audio-based
monitoring systems to monitor inhalation technique in asthma and COPD
patients?

8. Does the position of peak frequencies in the power spectral density of inhaler
inhalation sounds remain consistent across patients with asthma and COPD and
does this affect the use of spectral features to estimate PIFR?

9. Do factors such as PIFR, inhalation duration, anthropometric features (such as
BMI) and lung function significantly influence the position of peak frequencies in
the power spectral density of inhaler inhalation sounds?

10. Do tracheal inhaler inhalation sounds generate greater variability than sounds
recorded from a non-contact microphone and does this affect PIFR estimation
from audio-based features?

11. Is there a statistically significant relationship between FEV1, PIFR and inhaler
inhalation audio-based features during induced bronchoconstriction?

12. Is there a statistically significant relationship between FEV1, PIFR and inhalation
audio-based features in the Diskus DPI after the administration of a

bronchodilator such as salbutamol?

3.3 Estimation of Inhalation Flow Profile from a Dry

Powder Inhaler Using Audio-Based Methods

13. Can the acoustic envelope (amplitude envelope) of inhalation sounds be employed

to accurately estimate the inhalation flow profile from the Ellipta DPI1?
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14. What model best describes the relationship between inhaler inhalation acoustic
envelope and flow signals; linear or power law?

15. Is it possible to calibrate a model to estimate the inhalation flow profile using only
one inhalation recording?

16. Does the flow rate of the calibration inhalation recording influence the accuracy
of audio-based flow estimation?

17. Can a single-calibration audio-based flow estimation model perform sufficiently

within different signal-to-noise ratio (SNR) levels?

3.4 Development and Validation of an Audio-Based
Algorithm to Objectively Assess Patient Pressurised

Metered Dose Inhaler User Technique

18. Can temporal and spectral audio-based features be employed to automatically and
accurately detect pMDI actuation sounds?

19. Does the attachment of a Clement Clarke In-Check Flo-Tone device to the
mouthpiece of a pMDI increase the intensity of pMDI inhalations sounds?

20. Can audio-based features be employed to develop an intuitive graphical user
interface to assist the labelling of inhaler sound events in pMDI audio signals?

21. Can temporal and spectral audio-based features be employed to automatically and
accurately detect pMDI inhalations with the In-Check Flo-Tone?

22. Can temporal and spectral audio-based features be employed to automatically and
accurately detect exhalations during pMDI use?

23. What classification method generates the highest measure of performance
(accuracy, sensitivity and positive predictive value) in classifying pMDI sounds
such as actuation, inhalation and exhalation?

24. Can temporal and spectral audio-based features be employed to estimate PIFR and
IC of pMDI inhalations using the In-Check Flo-Tone?

25. Can audio-based methods estimate PIFR and IC in the pMDI with a high level of
accuracy at different SNR levels?

26. Does patient user technique improve with a pMDI with the application of the In-
Check Flo-Tone and does tuition from an expert clinical reviewer improve user

technique?
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27. Do objective audio-based methods provide a more clinically accurate assessment

of patient inhaler user technique in comparison to subjective checklist methods?
To address these research questions, this thesis is organised into a number of studies
which focus on the development of audio-based signal processing methods to objectively

assess user technique in a range of DPIs and the pMDI.
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Chapter 4. Employing Non-Contact Audio-
Based Methods to Monitor Inhalation
Technique in Inhaler Devices

The studies described in this chapter investigate research questions 1-6 from Chapter 3.
As previously discussed in Chapter 2, there is a clinical need for more objective methods
to monitor inhaler inhalation technique in other DPIs and pMDIs. Poor inhalation
technique, specifically poor PIFR, significantly reduces the clinical efficacy of inhalers.
Previous studies employed the INCA device attached to a Diskus DPI to record inhaler
inhalations at relatively low sampling rate and bit resolution (8 kHz with 8 bits per
sample). There is a need to investigate the use of non-contact methods with higher quality
audio acquisition (distant to the inhaler to simulate a wearable device) to objectively
assess inhalation technique, specifically the PIFR of inhalation. Furthermore, little is
known regarding the spectral properties of inhaler inhalation sounds. This requires
investigation in order to further improve audio-based monitoring of inhalation technique.
In the study described in Section 4.1, non-contact audio-based methods are employed to
investigate the relationship between audio-based features and PIFR in three commonly
used inhalers; Turbuhaler DPI, Diskus DPI and Evohaler pMDI. The spectral properties
of inhaler inhalation sounds are also investigated as well as the variation of audio features
at different inspiratory flow rates. Finally, in the study reported in Section 4.2, a pilot
study investigation into the influence of different inhaler devices (Turbuhaler DPI, Diskus
DPI, Ellipta DPI and Evohaler pMDI) and anthropometric features of the user (BMI etc.)

on inhalation audio-based features is presented.
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The studies presented in this chapter have resulted in the following peer-reviewed
publications;

e Taylor T E, Holmes M S, Sulaiman I, Costello R W and Reilly R B 2016
Monitoring Inhaler Inhalations Using an Acoustic Sensor Proximal to Inhaler
Devices. Journal of Aerosol Medicine and Pulmonary Drug Delivery 29 439-46.

e Taylor T E, Holmes M S, Sulaiman I, Costello R W and Reilly R B 2015
Influences of gender and anthropometric features on inspiratory inhaler acoustics
and peak inspiratory flow rate. In: Engineering in Medicine and Biology Society
(EMBC), 2015 37th Annual International Conference of the IEEE, Milan, Italy.

4.1 Investigation into the Relationship between Inhalation

Audio-Based Features and Peak Inspiratory Flow Rate

4.1.1 Introduction

Despite previous studies employing audio-based methods to estimate PIFR through
the Diskus, little is known regarding the spectral properties of inhalation sounds across
different inhaler devices (Holmes et al., 2013c; Holmes et al., 2013b; D'Arcy et al., 2014;
Seheult et al., 2014b). Spectral properties of normal (i.e. free from adventitious sounds)
tracheal and chest wall breath sounds have been reported to be very repeatable at an intra-
subject level (Sanchez and Vizcaya, 2003). Also, the position of peak frequencies in the
spectral domain is repeatable regardless of PIFR in tracheal breath sounds (Beck et al.,
2005). Given these repeatable spectral characteristics are prominent in breath sounds, in
this study, it is hypothesised that these spectral properties also exist in inhaler inhalation
sounds. This may be of interest for inhaler acoustic analyses research. The use of tracheal
and chest wall contact acoustic sensors may not be practical for monitoring inhaler
inhalation technique longitudinally as they are contact sensors which may become
uncomfortable for patients to wear over long periods of time. Therefore, a non-contact
microphone fixed near the inhaler mouthpiece (which may simulate a wearable device)
may be a more suitable approach for analysing inhaler inhalation sounds.

The main aim of this study was to investigate the relationship between audio-based
features of inhalation sounds (recorded using a non-contact microphone distant to inhaler

devices) and PIFR in three commonly used inhalers (Diskus DPI, Turbuhaler DPI, and
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Evohaler pMDI). This study is intended to provide a baseline for future audio-based
methods of estimating PIFR during inhaler use. The variation of temporal and spectral
audio-based features at an intra-subject level was also investigated as well as the
repeatability of the position of peak frequencies of the PSD of inhalation sounds across a
range of flow rates. It was hypothesised that there is a strong statistically significant
correlation between audio-based features of inhalation sounds recorded using non-contact
microphones and the PIFR of inhaler inhalations in a range of different inhalers, including
DPIs and pMDIs. Furthermore, it was hypothesised that the variation of audio features
may differ between DPIs and pMDls inhaler devices. Finally, it was hypothesised that
the position of peak frequencies in the PSD of inhalation sounds remains unchanged

regardless of inspiratory flow rate.

4.1.2 Methods

4.1.2.1 Participants

Eleven healthy (age range: 22-31) adult males were recruited. All participants were
free from respiratory tract infections and were non-smokers. Baseline spirometry was
performed to ATS/ERS recommendations to confirm that all participants had normal lung
function (Miller et al., 2005).

4.1.2.2 Inhaler recording setup

Three custom built polyethylene terephthalate (PET) airtight containers were
assembled for three commonly used inhalers; Diskus DPI [GlaxoSmithKline, London,
UK], Turbuhaler DPI [AstraZeneca, SoOdertdlje, Sweden] and Evohaler pMDI
[GlaxoSmithKline, London, UK]. No active drug was contained in any inhalers for this
study. The airtight containers were connected to a Vitalograph Pneumotrac 6800
[Vitalograph Ltd, Co. Clare, Ireland] pneumotachograph spirometer, which was
connected to a data acquisition laptop, to obtain reference PIFR measurements of
inhalations. A custom aperture was cut in each airtight container so that participants could
seal their lips tightly around the inhaler mouthpiece. Several previous studies have
reported using an airtight container as a method to calculate PIFR during inhaler
inhalations (Magnussen et al., 2009; Malmberg et al., 2010; Holmes et al., 2013c). The
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airtight container design ensured that all air inhaled through each inhaler flowed through
the spirometer from where flow rate can be measured objectively.

An Earthworks TC30 [Earthworks Inc., New Hampshire, USA] omnidirectional
microphone was placed 5 cm away from the edge of the inhaler mouthpiece in the airtight
container. This setup aimed to simulate a non-contact audio recording device distant to
the inhaler to record inhalation sounds. The microphone employed has a flat frequency
response from 9 Hz to 30 kHz. A Novation nio 2/4 [Novation, Buckinghamshire, UK]
was employed as an audio interface and Adobe Audition V6.0 [Adobe System Inc.,
California, USA] was used to record audio data with a sampling rate of 44.1 kHz and
resolution of 16 bits per sample in a data acquisition laptop. Inhaler recording sessions
took place in a soundproof recording studio to limit background noise. The complete

experimental setup is demonstrated graphically in Figure 4.1.

Airtight
container

Spirometer

Airflow
D Data acquisition laptop

Participant

Audio | g5cm

interface

Microphone

Data acquisition laptop

Figure 4.1. Inhaler Recording Experimental Setup.

4.1.2.3 Test protocol

Participants were instructed to exhale gently (to functional residual capacity), before
inhaling through the inhaler mouthpiece at maximum inspiratory effort. Participants were
asked to inhale at maximum inspiratory effort for 10 recordings. Based on the PIFR
achieved, participants were then asked to subjectively lower their inspiratory flow rate
(IFR). For the two DPIs, participants were generally able to inhale with PIFR between

80-90 L/min. Once 10 inhalations were recorded for this IFR band, participants were
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asked to inhale 10 times at the next lowest IFR band i.e. 70-80 L/min. This procedure was
repeated until 10 inhalations were achieved for each IFR band as low as 20-30 L/min. For
each inhalation in all of the IFR bands, the PIFR was measured. Usually, PIFR refers to
the peak flow rate of an inhalation at maximum inspiratory effort. As it was necessary to
obtain a range of flow rates from the healthy participants (requiring different levels of
inspiratory effort), inhaler inhalation PIFR is defined as the peak flow rate of each inhaler
inhalation.

For the pMDI, the participants were capable of inhaling with PIFR up to 300 L/min.
For this inhaler, participants were asked to inhale 10 times in the IFR band 250-300
L/min. Participants were then asked to subjectively lower their IFR and inhale 10 times
for the IFR band 200-250 L/min. This was repeated for all IFR bands greater than 100
L/min. Below 100 L/min, participants were asked to inhale 10 times for IFR bands 75-
100 L/min, 50-75 L/min and 25-50 L/min. All recordings were aurally and visually
assessed by an expert reviewer using Adobe Audition. If participants did not inhale for at
least two seconds in duration or had coughed, the audio recording was discarded and
participants were asked to repeat the inhalation. Each airtight container was disinfected
after each recording session to ensure no infections were passed between participants.
The order of inhalers was randomised for each participant. Participants were given breaks
in between each set of 10 inhalation recordings to eliminate any fatigue effect on the

inhalation sounds or on the PIFR measurements.

4.1.2.4 Audio pre-processing

Baseline correction was performed on all inhalation audio recordings by removing
any DC offset present in the audio signal. This was done by subtracting the mean
amplitude from each audio recording. All inhalation sounds were high-pass filtered with
a cut-off frequency of 200 Hz to remove low frequency noise. Each inhalation audio
recording was divided into frames of length 23 ms with 50% overlap between each frame.
This window size was chosen to give sufficient resolution of the PSD without smoothing
out or distorting peaks in the PSD. A Hanning window was applied to each frame to
reduce spectral leakage at the edges of the frames (Semmlow and Griffel, 2014). The
Welch PSD was then estimated in order to extract a number of spectral features which
could characterise the distribution of power across the frequency spectrum (Semmlow
and Griffel, 2014). The Welch PSD is a non-parametric method of estimating the PSD

which computes a modified periodogram at each windowed frame and then averages the
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resulting periodograms. This reduces the variance of the estimates while making no
assumptions regarding how the data were generated (Proakis, 1992; Alessio, 2015). The

modified periodogram can be represented as;

M-1 2

5 | D xw(me iz

n=0

PO = ,i=0,1,..,L—1 (4.1)

where M is the length of the frame,

w(n) is the window function,

L is the number of frames,

U is a normalisation factor for the power in the window function to ensure the modified

periodogram is asymptotically unbiased and is given as;

1 M-1 .
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The Welch PSD can then be computed as the average of the modified periodograms which
is given as;
L-1
LD =7 B () @3
i=0

where the PSD is measured in V2/Hz.

A five second sample of background noise was estimated during periods of breath
hold for each participant. The PSD was estimated for each participant’s breath hold and
then removed from each participant’s audio recordings using spectral subtraction to
remove any high frequency noise. This method has been previously employed in breath
sound analysis and has been a recommended method for noise removal (Malmberg et al.,
1995; Gavriely et al., 1995; Rossi et al., 2000).

The PSD was calculated for all 10 inhalation audio recordings at each IFR band for
each participant. The average PSD was then computed over all 10 recordings at each IFR
band in order to obtain a sufficient single estimate of the PSD of each participant at each
IFR band. This resulted in one PSD estimate for each IFR band for each participant.

Figure 4.2 shows an example of the PSDs of inhalation sounds (where each PSD
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Figure 4.2. Averaged power spectral density estimates of inhaler inhalation sounds from
one participant.

(A) Diskus, (B) Turbuhaler and (C) Evohaler. Each coloured line represents the average of

10 inhalation recordings at a specific PIFR.
represents the average of 10 PSDs) from one participant for the Diskus, Turbuhaler and
Evohaler. Audio features were then calculated from the PSD and time domain audio
signals of the inhalation sounds.

4.1.2.5 Inhaler inhalation audio-based features

Six audio-based features were employed to investigate the relationship between audio
and PIFR of inhaler inhalations. The first, second and third quartile frequencies of the
acoustic frequency spectrum, which correspond to the frequencies below which 25%,
50% and 75% of the total spectral power lie (F2s, Fso and F7s), were employed. The
average PSD (Pave) was calculated as the total spectral power normalised by the number
of FFT points (measured in V?/Hz) as calculated in previous studies (Holmes et al.,
2013c). This was then transformed to decibels (dB) using10 log;,(P,y.). The MAD and
RMS of the inhalation audio signals were also employed as features. The MAD is a

measure of temporal variability and was calculated using the following equation (Holmes
et al., 2013c);
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MAD =—Z X — %
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where N is the length of the audio signal (x) and x is the mean of the audio signal x.
The RMS represents non-varying power of the inhalation audio signal and can be

calculated using the following equation (Holmes et al., 2013c);

1
RMS = \/ﬁ (xF + x5 +x2 4+ - x%) (4.5)

Audio features were divided into two groups: Group 1 (Fzs, Fso and F7s) and Group 2
(Pave, MAD and RMS). Quartile frequencies (Fzs, Fso and F7s) have been previously
employed to estimate respiratory flow rate as well as to distinguish physiological
differences between healthy individuals and those with asthma and COPD (Malmberg et
al., 1994; Tabata et al., 2016). Also, it has yet to be reported how spectral features change
with flow rate in inhaler inhalation sounds as mentioned in Holmes et al. (2013c) and if
they may be employed to estimate inhaler inhalation flow rate (Holmes et al., 2013c).
The power of respiratory audio signals (Pave) has been previously employed to estimate
flow rate from chest wall (Hossain and Moussavi, 2004) and tracheal (Yee Leng and
Moussavi, 2002) respiratory sounds. Also, the average PSD, MAD and RMS have been
employed to estimate PIFR in the Diskus inhaler using an INCA device (Holmes et al.,
2013c).

4.1.2.6 Statistical analyses of inhaler inhalation sounds

A Generalised Least Squares (GLS) regression model, which accounts for random
effects intercept at the subject level, was employed using Stata SE Version 12 [StataCorp
LP, Texas, USA] to investigate the correlation between PIFR and the audio-based features
separately.

To analyse variation in audio-based features, a Coefficient of Variation (CoV) was
calculated for all audio-based features at each IFR band for each participant. The CoV

values were then averaged across all participants to compute the average CoV of audio
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features. The CoV was calculated as a percentage ratio of the standard deviation (o) to

the mean (u) of audio features at each IFR band;
o
CoV =~ x 100 (%) (4.6)

To determine the repeatability of the position of peak frequencies in the PSD across
all PIFRs, Pearson’s linear correlation coefficient was employed to correlate all PSD

curves for all PIFR bands. This was repeated for all participants.

4.1.3 Results

Table 4.1 presents demographics and baseline lung function of the 11 participants
enrolled in this study. All participants had an FEV1/FVC ratio > 0.7 and a predicted FEV1
> 89%, confirming normal baseline lung function according to ATS standards.

A total of 2,150 inhaler inhalation recordings were obtained in this study consisting
of 750 (10 inhalations for each IFR band for each participant) recordings from the Diskus
DPI, 730 recordings from the Turbuhaler DPI and 670 recordings from the Evohaler
PMDI. One participant’s data was discarded from Evohaler acoustic analysis as the data

were found to be corrupted.

4.1.3.1 Correlation between PIFR and audio-based features

It was found that all audio-based features employed were statistically significantly
correlated with PIFR (p<0.001) at a significance level of a=0.05. Table 4.2 presents the
coefficient of determination (R?) values for each audio-based feature for all three inhalers.
It was noted that Fso generated the strongest correlation with PIFR for the Diskus
(R?=0.85), Fs for the Turbuhaler (R?=0.80) and Paye for the Evohaler (R?=0.75). Figure
4.3 demonstrates the correlation between Pave and PIFR for each inhaler. The Paye feature
was selected to present in Figure 4.3 as it was observed to generate the highest consistent

RZ values across all inhalers.
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Table 4.1. Summary of participant demographics and baseline lung function data.

Parameter
Age (years)
Height (cm)
Weight (kg)
BMI (kg m-2)
FEV1 (L)
FEV1 predicted (%)
FVC (L)
FEV1/FVC ratio
PEFR (L/min)
FIVC (L)
PIFR (L/min)

BMI - body mass index

Mean + SD (Range)
24.36 + 2.50, (22-31)
179.36 + 7.86, (167-190)
76.36 + 8.66, (65-93)
23.79 +2.77, (21.2-28.7)
4.48 +0.47, (3.92-5.18)
99.27 + 5.74, (89-112)
5.50 + 0.72, (4.63-6.87)
0.82 + 0.04, (0.72-0.88)
615.09 + 72.06, (538-640)

5.12 + 0.59, (4.55-6.13)

487.54 + 46.45, (405-540)

FEV1 - forced expiratory volume in 1 second
FVC- forced vital capacity

PEFR - peak expiratory flow rate

FIVC - forced inspiratory vital capacity

PIFR - peak inspiratory flow rate (spirometry)

Table 4.2. Correlation scores (R?) between PIFR and audio-based features.
Fas Fso Fs Pae MAD RMS

Diskus 0.80 085 084 077 059 0.55
Turbuhaler 064 058 0.80 0.70 054 0.56

Evohaler 041 037 0.18 0.75 0.60 0.60
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Figure 4.3. PIFR versus Pave regression plots.

(A) Diskus, (B) Turbuhaler and (C) Evohaler. The plotted points are calculated PIFRs based
on the regression equation for each participant. Each point represents the average (Pave)
values over 10 inhalation recordings for each PIFR. Each colour represents a different
participant. The black line represents the overall regression model equation.

4.1.3.2 Variation of audio-based features

The results of the CoV analysis for all audio features for each inhaler are shown in
Figure 4.4. It was observed that the average CoV of Group 1 features remained at
approximately 20% in the Diskus and Turbuhaler across the entire IFR range. This level
of variation in respiratory sounds compared favourably to previous literature (Sanchez
and Vizcaya, 2003). It was found that Group 1 and Group 2 CoV values for the Evohaler
were substantially higher below 100 L/min. This is due to minimal acoustic power
generated at inhalations below 100 L/min. The average MAD and RMS CoV values
tended to increase with flow rate in the Diskus and increase at 40-50 L/min in the
Turbuhaler. Notably Pave being transformed to the log domain minimised the CoV.
However as Pave (dB) was employed in the regression models, it was necessary to include

it in the CoV analyses.
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Figure 4.4. Average CoV of inhalation audio-based features.
Group 1 (top) and Group 2 (bottom) features mean CoV =+ standard error across 11
participants for (A) Diskus, (B) Turbuhaler and (C) Evohaler.



4.1.3.3 Power spectral density peak frequency repeatability

The R? values from all participant data were divided into flow bands to determine the
repeatability of the position of the peak frequencies in the PSD across different flow rates.
Figure 4.5 displays the distribution of R? values for all participants relating to how all the
PSD curves correlate with each other across all flow rates for each inhaler. All R? values
for the Diskus, Turbuhaler and Evohaler were statistically significant (p<0.001). An
example of the PSD estimates of 10 inhalations from one participant for each inhaler can
be found in Figure A1 (Appendix A). Moreover, the error bars in Figure 4.5 indicate that
the PSDs of Evohaler pMDI inhalation audio signals were not as repeatable across the
different flow ranges as was observed in the Diskus DPI and Turbuhaler DPI. This was

most likely due to limited acoustic power at lower flow rates in the Evohaler pMDI.
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Figure 4.5. Boxplot of R? highlighting repeatability of peak frequencies of inhaler
inhalation power spectral density.

Boxplot displaying 95% confidence interval notches of the median, the 25" and 75"
percentile, and the 95% population (error bars) of R? values demonstrating spectral profile
consistency across all IFR bands within each participant in (A) Diskus, (B) Turbuhaler and
(C) Evohaler. All R? values were statistically significant (p<0.001)
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4.1.4 Discussion

All audio-based features employed were observed to be statistically significantly
correlated with PIFR (p<0.001). It was shown in this study for the first time that quartile
frequency features that characterise the distribution of power across the PSD of inhalation
sounds may be employed to estimate PIFR during inhaler use. This is based on the fact
that as the flow rate of an inhalation increases, there is an increased emphasis on higher
frequencies in the PSD which can be quantified using quartile frequencies. This is evident
from Figure 4.2.

The Pawe feature was noted to generate the most consistent correlation with PIFR
across all inhalers making it a reliable feature for PIFR estimation through inhalers. It has
been previously reported that flow rate and acoustic power are strongly significantly
correlated; therefore this result was expected (Yee Leng and Moussavi, 2002). The
Turbuhaler generated the highest acoustic power, within the recommended flow rate
ranges, followed by the Diskus and Evohaler. This behaviour can be observed in Figure
4.2. It also emphasises how the airflow resistance of inhaler devices affects the turbulent
energy generated during inhalations. This has a direct impact on the acoustic power of
inhalation sounds.

It was also observed from Figure 4.3 that there was some variability across
participants in terms of inhalation audio feature values. This may suggest that audio
features may vary from person to person even when the effects of sex, age and height are
limited. Personalising future algorithms for PIFR estimation based on acoustic
measurements may be more suitable if these methods are to be translated to a wearable
device for inhaler users.

Temporal audio features (MAD and RMS) generated higher CoV compared to spectral
features (F2s, Fso, F7s and Pave), particularly in the Diskus and Turbuhaler. This may
suggest that power-based features a more strongly significantly correlated with flow rate
in the log domain, such as the Paye feature. There was a noticeable difference between the
variation of quartile frequency features (Group 1) in the Evohaler below 100 L/min and
above 100 L/min. This is due to limited turbulent airflow existing in the Evohaler at flow
rates below 100 L/min. The inhalation sounds were almost inaudible at lower flow rates
resulting in poor acoustic measurements. This finding highlights the challenge of
employing non-contact audio-based methods to objectively measure PIFR below 100

L/min in the Evohaler in future clinical applications. This is an important finding
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considering that the recommended flow rate to obtain maximum therapeutic effect from
pMDls is <90 L/min.

It was demonstrated that the position of peak frequencies in the PSD of inhaler
inhalation sounds remained consistent regardless of flow rate. This is an interesting
finding as it compares favourably to previous studies that characterised normal breath
sounds from the trachea and chest wall (Sanchez and Vizcaya, 2003; Beck et al., 2005).
This information will be of significant value for future algorithmic development in
automatically detecting inhalation sound events.

There are a few limitations to this study. Firstly, the study recruited a small number
of healthy participants which limits the generalisation of the results. This number of
participants is however comparable to previous studies in inhaler inhalation acoustics
(Holmes et al., 2013c). Previous studies also recruited healthy participants to characterise
respiratory sounds (Sanchez and Vizcaya, 2003; Mahagnah and Gavriely, 1994; Gavriely
et al., 1995). In addition, over 2,000 inhalation recordings were obtained in this study
providing sufficient acoustic estimations to support the efficacy of this method. Secondly,
the inhaler recordings were obtained in a soundproof environment which does not relate
to realistic acoustic environments. The soundproof environment allowed for the
acquisition of inhaler inhalation sounds with minimal background noise to study the
acoustic properties of inhaler inhalation sounds. Finally, although quartile frequencies
showed the strongest correlation with PIFR in the DPIs used in this study, it is not yet
known if the PSD of inhalation sounds differ across a larger cohort of users. This may
affect the use of quartile frequencies to estimate PIFR using a generalised model in future
clinical applications. Future studies will investigate if the PSD of inhalation sounds
remains consistent across users.

The INCA device is currently the only audio recording device available to acquire
data for audio-based monitoring of adherence for DPIs. At present it is designed for the
Diskus DPI only, it must be attached to the inhaler, and is limited to an 8 kHz sampling
rate and 8 bits per sample resolution (Holmes et al., 2014a). In this study, in order to gain
a greater understanding of the acoustic properties of inhaler inhalation sounds, a non-
contact high quality microphone (sampling rate of 44.1 kHz and 16 bits per sample
resolution) was placed distant to the inhaler (5 cm) to record inhalation sounds proximal
to the mouthpiece of the inhalers. The experimental setup aimed to simulate a wearable
audio recording device for patients that use inhalers. Future wearable devices for

monitoring inhaler use may be activated (to record inhaler audio) through proximity
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sensors placed on the inhaler rather than relying on the mechanical function of the inhaler
to activate an audio recording device. This means that there would be no need to design
inhaler-specific monitoring devices in future.

Monitoring inhaler user technique in patients currently relies heavily on subjective
checklists from healthcare professionals, quality of life questionnaires and self-reports
from patients regarding their inhaler use (Burgess et al., 2011). The clinical significance
of this study lies in developing new novel objective methods to monitor inhalation
technique in a range of different inhalers based on non-contact acoustic measurements.
Objective monitoring of user technique in both pMDIs and DPIs, specifically inhalation
technique, may improve the clinical efficacy of inhalers. It may also assist healthcare
professionals in selecting an appropriate inhaler for patients depending on their PIFR
through an inhaler. This may improve overall quality of life for patients using inhalers.
However, further investigation is required to determine how audio-based features of
inhalation sounds may change across users and different inhaler devices in order to further

improve audio-based monitoring of inhaler adherence.

4.2 Quantifying the Effects of the User and the Inhaler

Device on Inhaler Inhalation Audio-Based Features

4.2.1 Introduction

It has been previously discussed in Chapter 2 how gender and anthropometric features
(weight, height etc.) may influence audio-based features of respiratory sounds recorded
using chest wall and tracheal microphones. However, little is known regarding the effect
of gender and anthropometric measurements on the audio-based features of inhaler
inhalation sounds. This may be important to consider when developing audio-based
algorithms to analyse inhaler audio recordings across a large cohort of users. Audio-based
monitoring systems show promising opportunities to objectively assess patient inhaler
user technique. However, in order to further improve audio-based monitoring of inhaler
use, it is important to understand how audio-based features of inhalation sounds change
across different inhaler devices. Therefore, there is a need to statistically compare
inhalation audio-based features across different inhalers. Furthermore, tracheal sounds

have yet to be analysed during inhaler use. It is of interest to compare tracheal inhalation
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sounds to those recorded using a non-contact microphone as tracheal microphones may
offer another means of acquiring inhalation sounds to monitor inhaler inhalation
technique.

The aim of this pilot study was to investigate the relationship between gender, BMI,
height and weight and audio-based features of inhaler inhalation sounds. It was
hypothesised that there may be differences in audio-based features of inhaler inhalation
sounds recorded using both tracheal and non-contact microphones across different users
according to gender and anthropometric features. Furthermore, this study aimed to
investigate whether audio-based features of inhaler inhalation sounds are significantly
different across different inhaler devices. It was also hypothesised that inhalation audio-

based features are influenced by the inhaler design.

4.2.2 Methods

4.2.2.1 Study participants

Sixteen healthy participants (nine males/seven females) were recruited for this study.
Baseline lung function tests were performed according to ATS/ERS standards to confirm
that all participants had normal respiratory heath (Miller et al., 2005). Further details on
study participants are presented in Table 4.3.

Table 4.3. Participant anthropometric information (mean + standard deviation).

Male Female
(n=9) (n=7)
Age (Years) 25.8+1 29+4

Weight (kg)  77.5£10.5  64.6+9.8
Height cm)  177+6.1 167+7.2
BMI 245422  23.4%4.8

4.2.2.2 Experimental setup

Four commonly used inhalers were employed in this study; Turbuhaler DPI, Diskus
DPI, Ellipta DPI and Evohaler DPI. Each inhaler was positioned inside a modified airtight
adapter similar to the setup described in Figure 4.1. A Sony ECM-77B electret
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microphone [Sony Electronics Inc., Tokyo, Japan] (flat frequency response between 40
Hz-20 kHz) was positioned inside an air-coupled chamber and placed directly over the
suprasternal notch on the trachea. The air-coupled chamber was designed based on
recommendations reported in (Kraman et al., 1995). The tracheal microphone was held
securely in place with medical adhesive tape. An omnidirectional non-contact condenser
microphone (BSWA SM4201 [BSWA Technology Co., Beijing, China]) was positioned
5 cm from the inhaler mouthpiece to record the audio signals of inhalations at the inhaler
mouthpiece. The microphone used had a flat frequency response in the range of 20 Hz—
20 kHz. Both microphones were connected to a PreSonus AudioBox 44VSL audio
interface [PreSonus, Baton Rouge, USA] and were recorded with Adobe Audition

software. The audio signals were sampled at 44.1 kHz with 16 bits per sample resolution.

4.2.2.3 Test procedure

Participants were instructed to inhale through each inhaler with an IFR of 60£5 L/min,
while inhaler inhalation sounds were recorded with the distant and tracheal microphones.
This was repeated until five recordings of inhalations were obtained in the flow range
required. This was performed for all four inhalers. Participants were also asked to inhale
at their PIFR also for five trials.

Audio analysis was only performed on 60+5 L/min. This guaranteed that inhalations
were flow matched across all participants. Having the inhalation sounds flow-matched
across participants was important as it was observed in Section 4.1 that inhalation audio
features are directly influenced by flow rate.

4.2.2.4 Audio signal pre-processing and feature extraction

Both distant (non-contact) and tracheal (contact) inhalation audio signals were
segmented from the audio recordings using aural and visual methods. The PSD was
estimated for each inhalation audio signal as previously described in section 4.1.2. All
five PSD estimations were then averaged to produce one spectral estimation of 60£5
L/min for each participant for each inhaler. A five second recording of background noise
during breath hold was obtained to estimate noise for each participant. The audio signals
of all inhalations, both non-contact and tracheal recordings, were high pass filtered with
a cut-off frequency of 200 Hz to remove low frequency noise from the non-contact distant

recordings and to remove heart sounds from the tracheal recordings (Sovijarvi et al.,
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2000). Spectral subtraction was then employed to remove any stationary frequency
background noise.

Spectral features that were extracted from the PSD included quartile frequencies (F2s,
Fso & F7s), the frequency of maximum power (Fmax) and the average power across the
PSD (Pave). Little is known regarding the spectral properties of inhaler inhalation sounds
in the literature, therefore spectral analyses of non-contact inhaler inhalation sounds were
performed on three frequency bands: 200-22,050 Hz, 200-7,350 Hz and 200-2,450 Hz.
Spectral power of tracheal breath sounds ranges up to 2,500 Hz (Kraman et al., 1998),
however, inhaler inhalation tracheal sounds have yet to be investigated. Therefore,
analyses were performed on three frequency bands for tracheal sounds: 200-7,350 Hz,
200-2,450 Hz and 200-1,225 Hz.

4.2.2.5 Statistical analyses of inhaler inhalation sounds

A 2-sample t-test was performed to determine statistically significant differences in
audio features (both non-contact and tracheal) between males and females. Linear
regression was performed in Minitab V16.1 to investigate the correlation between each
audio feature and PIFR with height, weight and BMI measurements from all participants
combined (n=16). Age was not included in this study as the participant age range (24-35)
was deemed too narrow for statistical analysis of breath sounds. Moreover, correlation
analysis was performed separately for each factor as the dataset was deemed not large
enough to consider all factors within one regression model. A one-way ANOVA was also
performed on each audio feature across all inhalers to investigate if audio features are

influenced by the inhaler design.

4.2.3 Results

A total of 320 non-contact (distant) and tracheal inhaler inhalation audio recordings
(60£5 L/min) and 320 PIFR measurements were obtained for this study to analyse the
influences of gender and anthropometric features on inhaler inhalation sounds and PIFR.
The results from the 2-sample t-tests (p-value) and linear regression (R?) are presented in
Table 4.4. Only statistically significant results (p<0.05) after Bonferroni correction are
presented. PIFR was not significantly correlated with height, weight or BMI and therefore
was excluded from Table 4.4. The one-way ANOVA analysis indicated that audio
features are highly statistically significantly different between inhalers (p<0.001). This
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Table 4.4. Statistical analyses of non-contact and tracheal inspiratory inhaler sounds
with gender, height, weight and BMI.

Ellipta Diskus Turbuhaler

Evohaler

Non-contact Tracheal Non-contact Tracheal Non-contact Tracheal Non-contact

Tracheal

Gender (p-value)
Height (R?)
Weight (R?)

BMI (R?)

Gender (p-value)
Height (R?)
Weight (R?)

BMI (R?)

Gender (p-value)
Height (R?)
Weight (R?)

BMI (R?)

Gender (p-value)
Height (R?)
Weight (R?)

BMI (R?)

Gender (p-value)
Height (R?)
Weight (R?)

BMI (R?)

Gender (p-value)
Height (R?)
Weight (R?)

BMI (R?)

Gender (p-value)
Height (R?)
Weight (R?)

BMI (R?)

Gender (p-value)
Height (R?)
Weight (R?)

BMI (R?)

Fas
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
0.026"
n.s
0.34"
0.5"
0.012"
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
0.007*
n.s
n.s

n.s

**p<0.01, *p<0.05, n.s — not significant

Fso
n.s
0.25"
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
0.048"
n.s
n.s
n.s
0.019"
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s

Fs
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
0.034"
n.s
n.s
0.24"
n.s
n.s
n.s
0.21"
n.s
n.s
n.s
n.s
n.s
n.s
0.27"
0.42"
0.008™
n.s
n.s
n.s

Fmax
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s

0.2

0.44"

n.s
n.s
n.s
n.s
n.s

n.s

0.36"
0.33"

n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s

Pave
0.002™
n.s
n.s
n.s
n.s
n.s
n.s
n.s
0.001™
0.23"
0.44"
0.38"
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
0.39
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s
n.s

suggests that audio features are influenced by the inhaler design. It was noted that audio
features depend on the inhaler resistance to airflow. The Turbuhaler DPI has the most
resistance to airflow followed by the Ellipta DPI and Diskus DPI (which are quite
similar), followed by the Evohaler pMDI. Figure 4.6 shows an example of the relationship

between Pave and inhaler airflow resistance in non-contact (distant) and tracheal audio
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Figure 4.6. Average Pave values (z std. error) of inhaler inhalations for male and female
groups.

(A) Distant microphone (200-22,050 Hz) and (B) tracheal microphone (200-7,350 Hz)
recordings of inhalation sounds at 60-70 L/min for Turbuhaler, Ellipta, Diskus and Evohaler.
The Turbuhaler generates the largest power as it has the highest airflow resistance. This is
followed by the Ellipta and Diskus inhalers which have medium airflow resistance and finally
the pMDI which has the lowest airflow resistance. The fact that there exists a noticeable
difference between gender groups only for Diskus non-contact recordings may highlight the
effect of the mouth seal around the inhaler mouthpiece rather than the influence of gender.

4.2.4 Discussion

This study investigated the influence of gender, height, weight and BMI on the
spectral features of non-contact and tracheal inhaler inhalation sounds from healthy
participants. The results presented in Table 4.4 suggest that gender and anthropometric
features may influence the spectral properties of inhaler sounds, particularly in tracheal
sounds.

Tracheal recordings were employed in this pilot study to compare against the non-
contact microphones. It is evident from Figure 4.6 that tracheal audio features generate
more variation across participants in comparison to non-contact recordings. Therefore, it
may be argued that tracheal microphones may not be suitable for monitoring inhaler use
remotely as audio-based methods for analysing tracheal inhalation sounds may need to

be personalised to each user. Differences between gender groups were observed in
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quartile frequencies in the tracheal data for the Diskus and Evohaler with females
generating higher F2s, Fso and Fs frequencies in both inhalers. There were no significant
differences between males and females in the Ellipta in the tracheal sounds however a
larger cohort of participants may be required to quantify this further. As previously
mentioned, the male group had a higher average weight in comparison to the female group
which may be a factor considering weight significantly correlated with tracheal quartile
frequencies in the Diskus and Ellipta inhalers. It was observed that the Ellipta generated
higher F7s values in comparison to other inhalers. This suggests that higher frequencies
may be of importance for future automatic detection of inhalation sounds in the Ellipta
DPI in future applications.

There were some limitations to this study. The number of participants was relatively
small (n=16) to quantify the effects of specific factors such as gender and anthropometric
features. However, this pilot study was carried out to explore the possibility of differences
existing in inhalation audio-based features across different inhaler designs and the user.
Future studies should investigate the findings of this pilot study with a larger cohort of
patients with respiratory diseases. In addition, the inhalation flow profile could have a
significant effect on the inhalation audio-based features. It was reported in Chapter 4
Section 4.1 that audio-based features are correlated with flow rate (Taylor et al., 2016b).
Therefore, the audio-based features may be influenced by the inhalation flow profile, not
just PIFR. However, PIFR was deemed as a sufficient flow parameter to compare
inhalations in this pilot study. However, inhalation flow profiles should be considered in
future studies.

Although the audio features employed in this study have been previously used in the
research area of respiratory acoustics (Hossain and Moussavi, 2004; Yee Leng and
Moussavi, 2002; Malmberg et al., 1994), there are some limitations to applying these
features to non-contact inhaler sounds. It was observed that all participants recorded
similar values for Fmax in the non-contact recordings for the Turbuhaler at approximately
2,790+£6 Hz when the 200-22,050 Hz and 200-7,350 Hz bands were analysed. This is
because this frequency is an acoustic signature of the Turbuhaler design and therefore
does not represent the true Fmax values for each individual’s physiological inhalation
signal. Using different frequency bands limited these effects by ignoring 2,790 Hz. It is
evident from Figure 4.6 that the audio based features are clearly influenced by the inhaler
design. In this particular example, the Pave feature is influenced by the resistance of the

inhaler. Even though all inhalations had equivalent flow rate for each inhaler, the

109



turbulent energy generated at 60 L/min in each inhaler differed, therefore, this influences
the audio features. This is important to note for future audio-based classification
algorithms for different inhalers

Non-contact and tracheal inhaler audio data have different spectral properties and
further research is required to investigate this further in larger cohort of real patients with
respiratory disease. Moreover, it has yet to be reported if airway narrowing (a decline in
lung function) in asthma patients translates to changes in audio features of inhalation
inhaler sounds. Future research is required to determine the influence of lung function on

inhaler inhalation audio features.

4.3 Chapter Conclusion

To conclude, in this chapter, it was observed that audio-based features of inhalation
sounds, recorded using a non-contact microphone at a relatively high sampling rate and
bit resolution (compared to the INCA system), were statistically significantly correlated
with PIFR. Therefore, non-contact audio-based methods may be employed to objectively
measure PIFR in future clinical applications. Quartile frequencies generated strong
correlations with PIFR in DPIs. It was found that the average power generated the most
consistent correlation with PIFR in the Diskus DPI, Turbuhaler DPI and Evohaler pMDI.
The variation of inhalation audio features differed greatly between DPIs and pMDIs. This
highlighted the lack of acoustic energy generated in the pMDI during inhalation which
may make it challenging to objectively measure PIFR in pMDIs using audio-based
methods. The position of peak frequencies in the PSD of inhaler inhalation sounds was
observed to be repeatable regardless of flow rate. The results of the pilot study presented
in Section 4.2 of this chapter provide evidence suggesting that non-contact inhalation
sounds recorded at the mouthpiece may be influenced by the inhaler design and the user.
However, tracheal sounds generate higher inter-subject variability and may not be
suitable for remotely monitoring inhaler inhalation technique as a result.

The clinical impact of the studies presented in this chapter is associated with the
potential of non-contact audio-based methods being implemented into future clinical
applications to remotely assess inhalation technique, specifically PIFR. This may help
healthcare professionals train patients to improve their inhalation technique. Furthermore,
it may help healthcare professional’s select a suitable inhaler device for patients according

to their inhalation technique. Objectively assessing inhalation technique may be used to
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quantify drug delivery from inhalers also and can lead to more enhanced precision
medicine in treating chronic respiratory diseases. Future research should investigate the
use of non-contact audio-based methods to assess patient inhalation technique using audio

recordings from patients with chronic respiratory diseases.
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Chapter 5. Audio-Based Objective
Measurement of Peak Inspiratory Flow
Rate during Patient Inhaler Use and its
Application to Detecting Changes in Lung
Function

The studies described in this chapter investigate research questions 7-12 from Chapter 3.
The findings reported in Chapter 4 highlighted the potential use of a range of temporal
and spectral audio-based features to objectively assess PIFR during inhaler use. There is
a need to investigate the use of non-contact audio-based features to objectively assess
inhalation technique in patients with chronic respiratory diseases such as asthma and
COPD. It has also yet to be investigated whether patients’ PIFR changes according to
their lung function and whether estimating PIFR using audio-based methods can monitor
these changes in respiratory health during an exacerbation and after receiving treatment.
In the study presented in Section 5.1 of this chapter, non-contact audio-based methods
are employed to investigate the relationship between inhalation audio-based features and
PIFR from the Diskus DPI in a cohort of patients with different respiratory conditions
including asthma and COPD. The spectral properties of inhalation sounds are investigated
within and across patients to determine whether spectral features are robust at estimating
PIFR across patients using a generalised approach. In the study presented in Section 5.2
of this chapter, a pilot study investigation into the relationship between lung function,
inhaler PIFR and inhalation audio-based features is presented in order to determine if
audio-based methods of estimating PIFR have the potential to detect exacerbations and

improvements in respiratory health over the course of treatment.
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The studies presented in this chapter have resulted in the following peer-reviewed
publications;

e Taylor T E, De Looze C, MacHale P, Holmes M S, Sulaiman I, Costello R W
and Reilly R B 2016 Characterization of Patient Inhaler Inhalation Sounds Using
Non-contact and Tracheal Microphones. Biomedical Physics & Engineering
Express 2(5):055021.

e McCartan T A, Taylor T E, Sulaiman I, Costello R W and Reilly R B 2016 7
Changes in inhaler inhalation acoustic features during induced
bronchoconstriction: A pilot study. In: Engineering in Medicine and Biology
Society (EMBC), 2016 38th Annual International Conference of the IEEE,
Orlando, Florida, USA.

5.1 Characterisation of Patient Inhaler Inhalation Sounds

Using Non-Contact and Tracheal Microphones

5.1.1 Introduction

The study reported in Chapter 4 Section 4.1 employed non-contact audio methods
(microphone placed distant to the inhaler) to estimate PIFR from both DPIs and pMDlIs
using a cohort of healthy participants. Inhaler inhalation sounds were recorded using a
larger sampling rate of 44.1 kHz and bit resolution of 16 bits per sample compared to
previous inhaler flow audio-based estimation studies (Holmes et al., 2013c; Holmes et
al., 2013b; D'Arcy et al., 2014; Seheult et al., 2014b). Chapter 4 reported that audio-based
features of inhalations were significantly linearly correlated with PIFR and that the
position of peak frequencies in the PSD of inhalation sounds remained unchanged
regardless of flow rate at an intra-subject level. However, there is a need to investigate
the use of non-contact methods to estimate PIFR from patient inhaler audio recordings.
Furthermore, it has yet to be reported whether the position of peak frequencies in the PSD
of inhaler inhalations is repeatable across patients and whether this affects the use of
spectral features to estimate PIFR.

Audio-based features of tracheal recordings of normal breath sounds (free from

adventitious sounds) have been reported to be also correlated with flow rate as discussed
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in Chapter 2. The PSD profile of tracheal sounds has also been reported to be repeatable
(in terms of the position of peak frequencies in the PSD profile) at an intra-subject level
(Sanchez and Vizcaya, 2003). However, this has yet to be investigated for tracheal inhaler
inhalation sounds. As tracheal sounds contain pertinent physiological information, it is of
interest to compare the acoustic properties of tracheal inhaler inhalation sounds to sounds
recorded using a non-contact microphone which may represent a wearable monitoring
device for inhalers.

This study aimed to investigate the correlation between PIFR and audio-based
features of inhaler inhalation sounds recorded from non-contact and tracheal microphones
from patients with respiratory conditions such as asthma and COPD. This study also
aimed to further characterise inhaler inhalation sounds by investigating the repeatability
of the positions of peak frequencies in the PSD of inhaler inhalations across patients
accounting for age, gender, BMI and lung function. It was hypothesised that non-contact
methods would generate stronger correlations with PIFR than tracheal sounds, due to
higher inter-patient variability in tracheal sounds, and could therefore be employed to
monitor patient inhalation technique in future inhaler monitoring devices. It was also
hypothesised that differences may be observed in the PSD of inhaler inhalation sounds
across patients, which may influence the use of spectral features to estimate PIFR.

5.1.2 Methods

5.1.2.1 Patient recruitment

Fifty three out-patients with asthma (n=26), COPD (n=14) and other respiratory
conditions (ORC) (n=13), such as OSA and chronic cough were recruited from
respiratory clinics at Beaumont Hospital, Dublin, Ireland. It was of interest to determine
the acoustic properties of inhalations across a wide variety of patients with upper and
lower respiratory conditions. Patients were included for this study if they were over 16
years of age and were capable of giving informed consent. All patients were trained on
how to use the Diskus inhaler. Baseline spirometry was performed on all patients
according to ATS/ERS recommendations (Miller et al., 2005). The study was approved
by the Hospital Ethics Committee at Beaumont Hospital, Dublin, Ireland.
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5.1.2.2 Experimental setup

A Diskus DPI was placed inside a custom built polyethylene terephthalate airtight
container which was connected to a Vitalograph Pneumotrac 6800 spirometer (Figure
5.1) similar to the setup used in Chapter 4. No drug was contained inside of the inhaler.
A BSWA SM4201 phantom powered condenser non-contact microphone was positioned
5 cm to the side of the inhaler facing towards the centre of the mouthpiece to record
inhalations. This 5 cm distance simulated the distance between a smart device (watch or
ring device) on a patient to the patient’s mouth during inhaler inhalation.

The inhaler airtight container, non-contact microphone and spirometer were all fixed
onto a custom built support board (Figure 5.1). A healthcare professional could then hold
the support board as patients inhaled through the inhaler. The support board also had a
handle attached underneath to allow patients obtain a firm grip of the apparatus for

support. Figure 5.1 illustrates the inhaler recording setup.

Non-contact
Microphone

Tracheal
Microphone

Figure 5.1. Pictures of patient inhaler recording experimental setup.
(A) Labelled experimental setup, (B) tracheal microphone on patient and (C) healthcare
professional assisting patient during inhaler inhalation recording.
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A Sony ECM-77B electret microphone was positioned inside a custom 3D printed
air-coupled chamber and placed over the suprasternal notch of patients to record tracheal
inhalation sounds similar to Section 4.2 in Chapter 4 (Figure 5.1B). This microphone has
been employed in previous studies that analysed lung and tracheal sounds (Yadollahi and
Moussavi, 2011; Taplidou and Hadjileontiadis, 2007). The tracheal microphone was held
securely in place using medical adhesive tape. Both non-contact and tracheal
microphones were connected to a PreSonus AudioBox 44VSL and were recorded
simultaneously in stereo using Adobe Audition. Non-contact and tracheal audio signals
were sampled at 44.1 kHz with a resolution of 16 bits per sample. All recordings took

place in Beaumont Hospital, Dublin, Ireland.

5.1.2.3 Patient inhaler inhalation protocol

Once baseline spirometry was performed, each patient was instructed to inhale
through the mouthpiece of the Diskus at their maximal flow rate for as long as possible
and were then asked to hold their breath for two to three seconds if possible. This was
repeated until two to four inhalation recordings were obtained. The number of inhalations
was not equal for all patients due to time constraints in the clinic and also fatigue in some
patients, particularly elderly patients. Breaks of two to five minutes were given to patients
between each inhalation to eliminate the effect of fatigue on the inhalation sounds. If a
patient had inspiratory wheeze or coughed during an inhalation, the audio recording was

discarded.

5.1.2.4 Audio signal processing

The DC offset was removed from audio signals by subtracting the mean amplitude of
the entire inhalation signal for every recording. All audio signals were high pass filtered
with a cut-off frequency of 200 Hz. This cut-off frequency was chosen to remove low
frequency noise from the non-contact audio signals and to remove heart sounds from the
tracheal audio signals. Heart sounds consist of frequencies within 20-200 Hz (Sovijarvi
et al., 2000). Tracheal recordings of normal breathing sounds contain acoustic power
primarily at lower frequencies up to 3,000 Hz (Reyes et al., 2014; Reljin et al., 2015).
Tracheal sounds were low pass filtered below 7,000 Hz in this study to allow for higher
frequencies to be obtained due to the additional turbulent energy created from the inhaler
resistance during the forced inhalation manoeuvre. This cut off frequency also eliminated

the effects of any higher frequencies from the sound generated at the mouthpiece of the

116



inhaler being picked up by the tracheal microphone. A range of audio-based features
were then extracted from the inhaler inhalation audio signals. Figure 5.2 shows examples
of the audio signals and spectrogram time-frequency representations of the inhalation
sound recorded from the non-contact and tracheal microphones from a single patient. It
Is evident from Figure 5.2 that non-contact inhalation sounds contain a broader range of
frequencies in comparison to tracheal inhalation sounds. This is due to the tissue of the

suprasternal notch acting as a low pass filter on the tracheal sounds.

Spectral features

Inhalations were segmented using aural and visual methods as in previous studies
(Holmes et al., 2013c; Taylor et al., 2016b). Welch’s PSD of each inhalation audio signal
was estimated using Equations (4.1), (4.2) and (4.3) (units in V¥/Hz). The PSD was also

estimated for each patient’s breath hold to estimate background noise in the recording
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Figure 5.2. Audio time domain signals and spectrograms of inhaler inhalation sounds.
(A) Non-contact and (B) tracheal inhalation recordings along with the non-contact recording

spectrogram (C) and tracheal spectrogram (D) of an inhaler inhalation at a PIFR of 62 L/min
from an asthma patient.
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room. The background noise was then removed from the inhalation signals of each patient
using spectral subtraction as performed in Chapter 4. This method has been employed in
previous respiratory acoustics studies (Gavriely et al., 1995; Malmberg et al., 1995;
Dafna et al., 2013; Taylor et al., 2016b).

Quartile frequencies were calculated from the inhalation PSD estimations (F2s, Fso
and F7s). These features were included as they have been previously employed in inhaler
inhalation acoustics studies to estimate PIFR (Taylor et al., 2016b). Furthermore, they
have been used to study variability of tracheal respiratory sounds longitudinally (Sanchez
and Vizcaya, 2003). The average power of the PSD (Pave) of the inhaler inhalations was
employed in the audio-based feature set in this study as it was previously employed to
estimate PIFR in the Diskus inhaler (Holmes et al., 2013c; Taylor et al., 2016b). Spectral
power has also been employed in other acoustical estimation of respiratory flow studies
(Yee Leng and Moussavi, 2002). The Pave feature was computed from the PSD estimation
and then converted to decibels (dB) using 10 log;,(P,e) as previously done in Chapter
4,

Temporal features

The MAD and RMS features were employed in this study as calculated previously in
Equations (4.4) and (4.5) of Chapter 4. The Shannon entropy (H) of the inhalation signals
was employed in this study also as it has been employed previously to estimate flow rate
and volume from tracheal recordings of normal breath sounds (Yadollahi and Moussavi,
2006a; Reyes et al., 2014; Reljin et al., 2015). Entropy is a measure of complexity or
uncertainty of the inhalation audio signal. Entropy is computed by employing a
probability density function (p) to estimate the probability of certain events or values of
the audio signal. The probability density function of the inhalation signal may be
computed using a histogram approach; however, Normal kernel density estimators give
more accurate, smoother estimations of the probability density function. By applying
multiple Gaussian kernel smoothing functions centred at different values of the signal, it
obtains the number of observations of different values of the audio signal that fall within
the window. This results in a more continuous estimation of the probability density
function being obtained. The kernel function smooths out the contribution of an observed
value of the signal across neighbouring values. The bandwidth of the kernel function is
critical here as under/over smoothing the estimation may occur if the bandwidth is set too

small/large. The Normal kernel estimator probability density function of each inhalation

118



audio signal was computed using the following equations (Silverman, 1981; Yadollahi
and Moussavi, 2006b; Reyes et al., 2014);

) 11w x—x
fo === K=

(5.1)
where x; is the it" observation of the audio signal x,
N is the number of observations,
K is the Normal kernel function given as;
() = ——eF 52)
K(x) =——e 2 .
V21

h is the kernel bandwidth which was set to the optimum value by applying the following
equation as was also performed in previous respiratory acoustics studies (Yadollahi and
Moussavi, 2006b);

h = 1.060x.n% (5.3)
where g, is the standard deviation of the inhalation audio signal.

The numbers of observations for each value in the audio signal were then transformed
to a probability density function by normalising each number by the sum of all
observations in the kernel estimation. This ensured all values in the pdf summed to one.
The Shannon entropy was then calculated from the normalised Normal kernel pdf using

the following equation;

N
H(p) = — Z p;log, p; (5.4)
i=1

where p is the pdf and N is the number of outcomes or bins of the pdf where p;,i =
1,..,N.
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5.1.2.5 Statistical analyses of inhaler inhalation sounds

Correlation between PIFR and inhalation audio-based features

Audio-based features were extracted from each patient’s highest PIFR inhalation. The
highest PIFR was selected as it represented the patient’s best effort. A linear regression
model was employed to determine the relationship between each audio-based feature and
PIFR separately across all patients. The resulting linear regression model consisted of one
inhalation from each patient to investigate the correlation between inhaler PIFR and
inhalation audio-based features. Statistical outliers were removed from the regression
analysis by removing observations that had standardised residual values of either greater
than 2.5 or less than -2.5. It would be expected that approximately 1% of the data would
lie outside of these limits. However, if more than 1% of the observations lay outside of
these limits, then all of the observations outside of the standardised residual limits were

removed as these observations may be deemed unacceptable for the regression analysis.

Inhalation PSD profile repeatability

PSDs were estimated for all inhalation signals for each patient. The correlation values
(r) between PSD profiles at an intra-patient level were obtained using Pearson’s Linear
Correlation Coefficient as previously performed in Chapter 4 Section 4.1 (Taylor et al.,
2016Db). The resulting r values obtained from each patient (comparing PSD profiles within
patients) were grouped together and categorised as the intra-patient PSD correlation
distribution. To analyse inter-patient correlations, one PSD profile from each patient (the
inhalation with the highest PIFR for each patient) was selected. The correlation values
between all PSD profiles (one PSD profile per patient) across patients were then
computed. The resulting r correlation values (comparing PSD profiles across patients)
were then categorised as the inter-patient PSD correlation distribution. As there were
more correlations to perform at the inter-patient level, over 10 times more values than at
the intra-patient level, the inter-patient distribution was divided into 10 randomly sampled
distributions of r values, each distribution being of the same length as the intra-patient
distribution. All of the inter-patient r correlation value distributions, 10 in total, were each
statistically compared to the intra-patient correlation distribution using a Mann-Whitney
non-parametric test. Statistical tests were corrected for multiple comparisons using

Bonferroni correction.
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Effects on inhalation PSD profile repeatability

For each r value that was computed at the intra-patient level, the differences in
inhalation PIFR and duration between the inhalations for each corresponding r value were
computed. The effects of PIFR and duration on the PSD profile correlation r values were
determined using stepwise deletion linear regression. A stepwise deletion linear
regression method was also employed to determine the effects of the differences in PIFR,
inhalation duration, age, BMI and FEV1/FVC ratio on the PSD profile correlations across
patients. This was performed to determine the effects of these factors on the position of
the peaks and troughs of the PSD profile. The significance level was adjusted for multiple
tests using Bonferroni correction. The stepwise deletion regression method was
previously employed to determine the influence of anthropometric features and lung
function on PIFR through the Diskus inhaler (Seheult et al., 2014a). All statistical

analyses were performed using Minitab V16.1.

5.1.3 Results

Table 5.1 presents demographics and baseline lung function of the 53 patients
recruited in this study. Five of the 53 patients had corrupted audio data from the non-
contact microphone and eight of 53 patients had corrupted audio data from the tracheal
microphone. A total of 123 inhaler inhalations (48 patients) were employed for non-
contact audio analyses and 115 inhaler inhalations (45 patients) were employed for
tracheal audio analyses.

A paired t-test highlighted a significant increase in PIFR across all patients when
comparing their first inhalation to their final inhalation during the recording session
(p<0.001). This significant increase in PIFR may be as a result from repeated inhaler
training from healthcare professionals.

Table 5.2 presents the correlation values (adjusted R?) from the linear regression
analysis involving PIFR and inhalation audio-based features (n=44 for non-contact (after
the removal of four outliers), n=45 for tracheal (no outliers) after the removal of statistical
outliers). It was observed that the non-contact audio signals generated stronger
correlations with PIFR than the tracheal audio-based features. The Shannon entropy (H)
of the inhalation sound was noted to have the strongest correlation with PIFR (R?=0.82,

p<0.001) in the non-contact recordings (Figure 5.3). The Paye of the inhalation sounds
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Table 5.1. Patient demographics and baseline spirometric measurements.

Other
All Asthma COPD Respiratory
(n=53) (n=26) (n=14) Conditions
(n=13)
No.
_ _ 126 57 38 31
inhalations
Age (years 55.9+18.7 43.7+18.9 69.646.8 65.8+10.3
gely (17-83) (17-73) (59-81) (42-83)
Gender (M/F) 20/33 8/18 6/8 6/7
Height (em) 164.3+10 164.6+10.6  160.449.1 168+8.6
g (143-188) (145-188) (143-180) (157-181)
T 79.1+17.5 7764159  75.7+17.6 85.9+20.3
ght (<9 (50-115) (51.2-110) (50-110) (56-115)
29.2455 28.645.3 29.445.9 30.345.9
a 2
BMI® (kg/m’) (19.7- 40.3) (19.7-403)  (20.9-39.6) (21.3-4.4)
VT 2.26+0.92 2.76+0.89 1.35+0.48 2.28+0.59
(0.65-4.44) (148-4.44)  (0.65-2.36)  (1.65-3.31)
Ve (L) 3.00+1 345119  2.46+0.55 3.04+0.61
(1.71-5.57) (111561)  (1.71-359)  (2.31-4.29)
FEV1/FVC 0.71£0.14 0.78+0.09  0.56+0.16 0.74+0.07
Ratio (0.31-0.93) (061-093)  (0.31-0.81)  (0.61-0.83)

aBMI — body mass index
bFEV1 - forced expiratory volume in one second
¢FVC —forced vital capacity

Table 5.2. Adjusted R? correlation values between audio-based features and PIFR of
inhaler inhalations.

Non-

Fso

P ave

H

MAD RMS

0.56*** 0.71*** 0.64*** 0.79*** 0.82*** 0.75*** 0.67***
contact

Tracheal 0.08* 0.03 0.03  0.29*** 0.28*** 0.23*** 0.24***

* p<0.05, **p<0.01, ***p<0.001
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Figure 5.3. Linear relationship between PIFR and the Shannon entropy (H) of non-
contact inhalation sounds from patient cohort.

The plot consists of the observed Shannon entropy values (blue data points), each value
representing one inhalation from each patient, and calculated regression line (thick black
line) (R?=0.82, p<0.001).

generated the strongest correlation with PIFR in the tracheal recordings (R?=0.29,
p<0.001). Figure 5.4 illustrates inhaler inhalation PSD profiles (represented in dB) from
a single patient and also from three different patients to compare inhaler inhalation PSDs
at both intra-patient and inter-patient levels. It is evident from Figure 5.4 that the position
of peak frequencies in the PSD profiles at an intra-patient level remained largely
unchanged across different flow rates both in non-contact and tracheal data.

The PSD profile correlation analyses at the intra-patient generated 108 r values for
the non-contact data and 98 r values for the tracheal data. The inter-patient correlations
generated 1,128 r values for the non-contact data and 990 r values for the tracheal data.
It was observed that the intra-patient correlations were statistically significantly larger
than the inter-patient correlations for both non-contact and tracheal data (p<0.001). Figure
5.5 illustrates the distribution of r values relating to intra-patient and inter-patient PSD
profile correlations. The inter-patient distribution in Figure 5.5 represents one of the 10
randomly sampled inter-patient r value distributions.

In the non-contact data, the stepwise deletion regression showed that differences in

inhalation PIFR and duration between inhalation recordings had significant effects on
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Figure 5.4. Power spectral density estimates of three inhalations across and within
patients.

Power spectral density estimates from a single asthma patient (intra-patient) recorded using
(A) non-contact microphone and (B) tracheal microphone. Also illustrated are three
inhalation sounds from three different patients (one asthma patient (Patient 1 - blue), two
COPD patients (Patient 2 — red and Patient 3 - green)) (inter-patient) recorded using (C)
non-contact microphone and (D) tracheal microphone.

PSD profile correlations at an intra-patient level (R?=0.18, p<0.001). The regression

equation is given as follows;

r = 0.9205 — 0.0079 Duration — 0.0048 PIFR (5.5)

At the inter-patient level it was observed that the differences in PIFR and age between
inhalation recordings from two patients had weak significant effects on the r correlation
values (R?=0.15, p<0.001). The regression equation of inter-patient PSD profile

correlations of the non-contact is given as follows;

r =0.7236 — 0.0031 PIFR — 0.0017 Age (5.6)
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Figure 5.5. Median (+ standard error) of Pearson’s linear correlation coefficient r
values of intra and inter-patient PSD profile correlations in the non-contact and
tracheal inhalation audio signals.

In the tracheal data, it was noted that inhalation PIFR and duration had no significant
effects on PSD correlations at an intra-patient level. At the inter-patient level, it was found
that age and inhalation duration had weak significant effects on r correlation values
(R?=0.02, p<0.01). The regression equation of inter-patient PSD profile correlations of

tracheal data is given as follows;

r = 0.6178 — 0.0023 Age — 0.013 Duration (5.7)

5.1.4 Discussion

It was observed in this study that audio-based features from both non-contact and
tracheal inhaler inhalation recordings were significantly correlated with PIFR (p<0.001).
The Shannon entropy (H) of the inhalation sounds generated the strongest correlation
with PIFR compared to the other selected audio-based features in the non-contact
recordings (R?=0.82, p<0.001). For the tracheal recordings, the average power of the PSD
(Pave) Of inhalation sounds generated the strongest correlation with PIFR (R*= 0.29,
p<0.001). Correlation R? values were smaller in the tracheal audio dataset compared to
the non-contact recordings. This may be due to much greater inter-patient variability
existing in tracheal sounds in comparison to sounds recorded near the mouthpiece of the
inhaler using non-contact methods. This would be expected as it has been reported
previously how tracheal recordings of normal breath sounds have high inter-subject
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variability (Sanchez and Vizcaya, 2003). Also, the inter-patient variability that was
observed in the PSD profiles, in both non-contact and tracheal data, may explain some of
the variability which may have decreased the R? values in estimating PIFR particularly in
the quartile frequency features (F2s, Fso and F7s). Furthermore, it is evident from Figure
5.4C and 5.4D that the power of tracheal inhalation sounds varies much more across
patients than non-contact recordings. This agrees with the previous findings of the pilot
study reported in Chapter 4 Section 4.2 (Taylor et al., 2015). The weaker correlations
observed in the tracheal data may also be as a result of the audio-based feature selection
in this study. Perhaps other audio-based features may generate stronger correlations with
PIFR in tracheal recording across patients in future studies.

The position of peak frequencies in the inhalation PSD profile remained mostly
unchanged at the intra-patient level in both non-contact and tracheal data. This agreed
with the finings reported in Chapter 4 (Taylor et al., 2016b) and other studies in normal
tracheal breath sounds (Sanchez and Vizcaya, 2003). As the duration of a recording
session was approximately 10-15 minutes per patient, the repeatability of PSD profiles
that was observed at the intra-patient level was based on a short period of time. This study
may act as a baseline for future inhaler audio-based studies that may investigate the PSD
profile repeatability longitudinally. There is a deficit in the literature on how inhaler
inhalation audio-based features change over time in patients with respiratory diseases. It
is not known whether inhalation audio-based features reflect changes in patient’s lung
function, such as during an exacerbation period or in the recovery period during treatment.
The non-contact methods of analysing inhalation technique presented in this Chapter and
in Chapter 4 may provide the opportunity to remotely monitor changes in patient’s lung
function longitudinally.

The R? values and factor coefficients of the stepwise deletion regression for both non-
contact and tracheal data were considerably small, hence it could be argued that PIFR,
inhalation duration and age did not explain the vast majority of variability in the data.
This may suggest that other factors such as the patient’s mouth seal around the
mouthpiece of the inhaler may have a stronger effect on the inhalation PSDs, particularly
in the non-contact data. The PSD profile of inhaler inhalation sounds may vary across
patients on an individual basis given that the inter-patient correlations being significantly
lower than the intra-patient correlations.

Tracheal sound analysis has contributed greatly to the respiratory audio analyses

literature, therefore, tracheal sounds were employed in this study to compare to sounds
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recorded using a non-contact microphone placed distant to the inhaler mouthpiece.
Tracheal microphones may become uncomfortable for patients over time if they were to
be employed to monitor inhaler user technique remotely, hence, non-contact microphones
may provide a more suitable option for future clinical applications. Non-contact
microphones placed near the mouthpiece could potentially be employed in a wearable
device (such as a smart watch or ring device).

There were some limitations to this study. The inhalation flow profile may explain
some of the variability in the audio data. Audio-based features of inhaler inhalations are
directly affected by flow rate and, therefore, may be influenced by the entire flow profile
and not just the PIFR. The inhalation flow profile may have varied across all patients
recruited in this study. However, for the purpose of this study in comparing non-contact
and tracheal audio-based features, PIFR was deemed a sufficient flow parameter to
employ in statistical analyses. Also, it would have been desirable to record at least one
inhalation from each patient at a pre-chosen standardised flow rate. These flow-matched
inhalations could have then been employed to determine the influence of anthropometric
features and lung function on specific inhalation audio-based features (similar to the pilot
study reported in Chapter 4 Section 4.2) as well as the PSD profile as discussed in this
study. Previous studies in the literature regarding respiratory audio analysis employed
flow-matched respiratory sounds (Malmberg et al., 1995), however, in these studies the
flow profiles may have been similar due to the little resistance in the airflow path. It is
more challenging to match inhaler inhalations in terms of flow rate due to the flow profile
potentially varying from patient to patient. The PIFR may be matched but the flow profile
may differ across patients (as previously illustrated in Figure 2.2). There exists additional
airflow resistance when inhaling through a DPI. Consequently, instructing patients to
inhale at a specific target flow rate may not have been feasible considering lung function
varied throughout the cohort of patients recruited in this study.

It was observed that inhaler PIFR significantly increased across all patients when
comparing their first inhalation to their final inhalation (p<0.001). This may suggest that
inhaler tuition may benefit patients as reported throughout the literature (Giraud et al.,
2011; Goris et al., 2013). Audio-based methods offer the potential to objectively monitor
user inhalation technique of patients with chronic respiratory diseases such as asthma and
COPD, and therefore may assist inhaler training in future clinical applications. Further

investigation is required to determine whether audio-based measures of PIFR can be used
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to track changes in lung function during an exacerbation and in the recovery period during

treatment after an exacerbation.

5.2 Investigation into the Relationship between Audio-
Based Features of Inhaler Inhalation Sounds and Lung

Function During and After Bronchoconstriction

5.2.1 Introduction

Asthma exacerbations are defined as acute or subacute progressive worsening of
shortness of breath, coughing, wheezing and chest tightness, or any combination thereof
(Busse, 2007). They are associated with considerable morbidity and economic cost
(Bateman et al., 2008), largely due to their unpredictability and difficulty to detect. There
are no reliable methods of early exacerbation detection that can be employed remotely. A
history of recent exacerbations is the most reliable predictor of exacerbations (Miller et
al., 2007).

As previously discussed in Chapter 2, patients are instructed to inhale through a DPI
forcefully and deeply in order to receive the optimum delivered dose. As patients need to
inhale at maximum effort, the PIFR of their inhalations may change over time,
particularly during an exacerbation. However, this needs to be further investigated. It has
been reported that significant changes in COPD patient’s inhaler PIFR may be observed
between the exacerbation and recovery periods (Broeders et al., 2004). There is a deficit
in the literature regarding changes in asthma patient’s inhaler PIFR during and after
exacerbations. Audio-based methods have been previously employed to objectively
measure PIFR during inhaler use (Holmes et al., 2013b; Holmes et al., 2013c; Seheult et
al., 2014b; Taylor et al., 2016b; Taylor et al., 2016a), a critical measurement of inhalation
technique. It has yet to be investigated whether changes in asthma patients’ inhaler PIFR
during and after exacerbations reflect changes in lung function and whether these changes
in PIFR can be objectively measured using audio-based methods. Previous studies have
reported that audio-based features of breath sounds recorded from chest wall and tracheal
microphones undergo changes during induced bronchoconstriction such as during a
bronchial challenge test (BCT) (Sanchez Morillo et al., 2013; Malmberg et al., 1994; Fiz

et al., 1999). Furthermore, audio analysis of adventitious sounds in patients after
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receiving a bronchodilator has showed promising opportunities to monitor the response
to the treatment (Lozano et al., 2016; Lozano-Garcia et al., 2017). However, as previously
mentioned in Chapter 5, contact sensors may not be practical for monitoring inhaler
inhalation technique remotely, despite the fact that these sounds contain important
physiological information.

As a BCT consists of inducing bronchoconstriction of the airways (simulated
exacerbation) followed by the administration of a bronchodilator (response to treatment)
after the test, this pilot study aimed to replicate patient inhaler use during an exacerbation
period and during the recovery period of inhaled therapy treatment. Analysis of PIFR and
audio-based features of inhaler inhalations during this test may reveal a feature that is an
early detector of exacerbations, or a marker of exacerbation severity. This would facilitate
the development of an exacerbation detection algorithm based on inhaler inhalation
audio-based features that could allow longitudinal remote monitoring of respiratory
health for future clinical applications.

The aim of this pilot study was to investigate changes in inhaler PIFR and inhalation
audio-based features during and after a BCT in a cohort of patients referred by their
clinician with potential asthma. It was hypothesised that inhaler PIFR and subsequently
inhalation audio-features change significantly during and after an induced exacerbation,
reflecting changes in lung function in patients with hyperresponsive airways such as
asthma patients. Therefore, the use of audio-based monitoring of inhaler inhalations may
be employed in clinical practice to predict asthma exacerbations and monitor the response

to treatment in future.

5.2.2 Methods

5.2.2.1 Patient recruitment

Data were collected from eight patients (four male, four female) undergoing a BCT
in two centres with respiratory medicine units, Beaumont Hospital Dublin and Bon
Secours Hospital Dublin, Ireland. Patients recruited for this pilot study reported
symptoms of asthma during a consultation with their clinician. In order to determine
whether these patients have hyperresponsive airways which is associated with asthma,
they were referred to undergo a BCT in order to assist in diagnosing the presence of

asthma. Table 5.3 presents demographics and baseline lung function of patients recruited
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in this study. Ethics approval for the study was granted by the relevant ethics committee

in both hospitals.

Table 5.3. Patient information (n=8) and baseline lung function (mean + standard
deviation).
Age (years)  58.8+15.1

Weight (kg)  81.1+11.6
Height (cm) 168+9.1
BMI 30.8+5.1
FEV1 (L/min) 3.1+0.99

5.2.2.2 Experimental setup

The non-contact recording setup that was employed in Section 5.1 to record Diskus
DPI inhalation sounds and PIFR was also employed in this study also (Figure 5.1). The
Sony ECM-77B (Sony Inc., Japan) tracheal microphone was fixed inside a custom built
air-coupled chamber and was attached to the patient’s neck at the suprasternal notch using
an adhesive neck band. The tracheal and non-contact microphones were connected to a
PreSonus AudioBox 44VSL, which was connected to a data acquisition laptop. All audio

signals were sampled at 44.1 kHz with 16 bits per sample resolution.

5.2.2.3 Test procedure

Bronchial challenge test protocol

BCTs are commonly used in respiratory medicine to test airway hyperresponsiveness
in the diagnosis of respiratory disease (Marcon et al., 2014). During the BCT, patients
inhale successive provocative doses of a bronchoconstrictor agent (BA) such as histamine
or methacholine. If patients are responsive to the test, the BA will stimulate receptors on
the airway smooth muscle resulting in a 20% drop in FEV1. This drop in FEV1 may not
be observed in patients who do not have hyperresponsive airways whereby the maximum
dose may administered (Chinn et al., 1997; Marcon et al., 2014). In the BCTs performed
in this study, spirometry was taken twice for each dose: Once 30 seconds after BA is
administered, and the other 90 seconds after in order to obtain measurement of FEV1
throughout the test. Inhaler inhalation audio recordings were obtained after the second

spirometry, prior to the succeeding dose of BA.
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Patient recording protocol

To record Diskus DPI inhalations just after the second spirometry test, patients were
asked to breathe at tidal volume through an empty Diskus DPI (containing no drug),
ensuring they make a tight seal with the inhaler mouthpiece. A silent signal was given, at
which point the patient would finish their next exhalation to functional residual capacity
(which simulates the patient emptying their lungs prior to inhaling) and then inhale at
maximum effort for as long as possible. Patients then held their breath with the inhaler in
place for two seconds. The apparatus was then taken away from the patient, and the BCT
continued until the next inhalation recording.

Baseline inhaler inhalation recordings were obtained prior to the beginning of the test,
to record inhalation audio-based features at baseline lung function and ensuring patients
were familiar with the apparatus. The inhalation with the highest PIFR was selected from
these recordings to represent baseline lung function. Once the test was complete, patients
were administered a bronchodilator (Salbutamol) to bring their lung function back to
baseline. Spirometry was performed on the patient 15 minutes after the administration of
the bronchodilator to confirm the patient’s lung function had returned to baseline. A final
Diskus inhalation audio recording was then obtained from the patient to represent the
recovery period after bronchoconstriction once lung function had returned to baseline. A

respiratory physiologist from the relevant hospital performed the tests on patients.

5.2.2.4 Signal processing and feature extraction

Inhalation audio signals were demarcated using aural and visual methods. The PSD
of inhalation sounds was estimated as previously in Chapters 4 and 5. The audio signals
were high pass filtered with a cut-off frequency of 200 Hz to remove the heart sounds
from the tracheal microphone, and low frequency noise from the non-contact microphone.
Audio analyses were performed on three frequency bands for non-contact (NC) and
tracheal (T) audio analyses: 200-22,050 Hz, 200-4,000 Hz and 200-2,000 Hz. The
selected frequency bands were employed for the following reasons, respectively: to assess
the maximum frequency range of the recordings; to assess the audio-based features in a
range used in remote monitoring devices such as the INCA device (Holmes et al., 2014a;
Holmes et al., 2013c); and to assess audio-based features in a frequency range previously
validated in respiratory acoustics studies (Malmberg et al., 1994). Audio-based features

that were employed included median frequency (Fso), the average PSD (Pave), and MAD.
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The Katz Fractal Dimension (KFD), a statistical index of waveform complexity,
which has been used in previous respiratory acoustic studies, was calculated using the
following equation as reported (Katz, 1988; Gnitecki et al., 2004);

KFD = logy(n) 5.9

d
log;o(n) + 10g10(z)

where n is the number of increments between samples of the waveform,

d is the maximum distance from the first increment of the waveform,

L is the sum of the distances between successive increments.

The fractal increment of KFD (FIK) which is equal to KFD-1 was used, as in previous
literature (Mandelbrot et al., 1984). Another measure of audio signal complexity was
calculated through estimating the Shannon entropy (H), which was employed previously
to estimate respiratory flow rate (Taylor et al., 2016a).

5.2.2.5 Statistical analyses

A generalised least square (GLS) regression model was employed to investigate the
correlation between the percentage change in FEV1 from baseline (AFEV1%) and the
percentage change in five audio-based features (Fso, Pae, MAD, FIK and H) from
baseline (AAF%). As patients inhaled at their PIFR, flow rates were not standardised
across subjects or within subjects during the test. Therefore, percentage change was
employed to standardise the changes in audio-based features observed within each
patient. To more accurately model AAF% during exacerbations, the GLS did not include
inhalations recorded post bronchodilation. As the initial doses during a BCT are
comparatively very small and the onset of action for BAs is greater than the time provided
for each recording (Begin et al., 1982), analysis was performed between the baseline
recording and the final three recordings of the BCT. A paired t-test was employed to
compare all audio-based features and inhaler PIFR at the end of the BCT to audio-based
features and PIFR after salbutamol was administered, to investigate the recovery period

of an exacerbation.
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5.2.3 Results

A total of 67 inhaler inhalations (59 during the BCT and eight post bronchodilation)
were recorded for this study to analyse the relationship between the AAF% of inhaler
inhalations and AFEV1% compared to baseline level, during a BCT. The mean percentage
drop in FEV1 across all patients was 16.4+6%. It was found that AFEV1% was
significantly negatively correlated with an increase in BA dosage in both responsive
(R?=0.929, p<0.001) and non-responsive (R?=0.702, p<0.001) patient groups during a
BCT. Figure 5.6 illustrates mean values of AFEV1% and AMAD% over the final three
BA doses and post bronchodilation. The results from the GLS regression using AFEV1%
and AAF% from responsive patients (n=4) and non-responsive patients (n=4) are shown
in Table 5.4 and Table 5.5.

Table 5.4. Regression results (R? values) detailing the correlation between changes in
lung function (AFEV1%) and audio features (AAF%b) for responsive patients (n=4).

Audio-based
Frequency
Band Feature
AF50% AMAD% AP % AFIK% AH%
NC200Hz-22.05kHz 0.05 0.5 0.51 0.58 0.54
NC200Hz-4kHz 0.08 0.55™" 0.54™ 0.58"™" 0.58™
NC200Hz-2kHz 0.11 0.44™ 0.42™ 0.58™" 0.42™
T 200Hz-22.05kHz 0.01 0 0 0.25" 0.02
T 200Hz-4kHz 0.04 0.02 0.03 0.25" 0.04
0.07 0.03 0.04 0.25" 0.05

T200Hz-2kHz

*p<0.05, **p<0.01, ***p<0.001
NC - non-contact inhalation audio recordings

T - tracheal inhalation audio recordings
AFs50% - percentage change in Fso

AMAD% - percentage change in MAD
AP4% - percentage change in Paye
AFIK% - percentage change in FIK
AH% - percentage change in H
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Table 5.5. Regression results (R? values) detaling the correlation between changes in
lung function (AFEV1%) and audio features (AAF%0) for non-responsive patients (n=4).

Frequency Audio-based
Band Feature
AFs50% AMAD% APae% AFIK%  AH%

NC200Hz-22.05kHz 0.01 0.01 0 0 0.03
NCamgrmags 0.03 0.02 0 0 0.04
NC200Hz-2kHz 0.03 0 0.01 0 0.06
T200Hz-22.05kHz 0 0.04 0.01 0.03 0.07
T200Hz-4kHz 0 0.03 0.01 0.03 0.06
0 0.02 0.01 0.03 0.01

T 200Hz-2kHz

*p<0.05, **p<0.01, ***p<0.001

A .
—Non-Responsive Patients
- 0 —Reponsive Patients
X
~ =10
>
w
w
< -20]
B

-40 " —
Baseline Final  Salbutamol

Successive Doses

Figure 5.6. Changes in lung function, inhaler PIFR and audio-based features of inhaler
inhalations during bronchial challenge test for responsive and non-responisve patients.
Mean (z std. error) of (4) AFEV1%, (B) APIFR% and (C) AMAD% (NCaoonz-akrz) Of inhaler
inhalations for responsive and non-responsive patients during the final three doses of BA in
a BCT. The values after the administration of a bronchodilator are also presented.
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It was observed that all audio-based features except for AFs0% were significantly
correlated with AFEV1% in the responsive patient group (p<0.001) in the non-contact
data. It was noted that AFIK% was the only audio-based feature significantly correlated
(R?=0.25, p<0.05) with AFEV1% in the tracheal audio data. It was observed that APIFR%
was significantly correlated with change in all audio-based features except A Fs0% in the
full cohort (p<0.001), and with AFEV1% in responsive patients (R?>=0.62, p<0.001), but
not in non-responsive patients.

The final dose recordings of all patients were compared to post-bronchodilator
recordings using a paired t-test across all patients. It was observed that FEV1, Pave and
MAD had significant changes with p-values of 0.001, 0.018 and 0.034, respectively.
PIFR, FIK, H and Fso did not demonstrate significant changes in paired t-tests, however,
a larger sample size (particularly with larger responsive patient cohort) may give more
accurate statistical values. It is evident from Figure 5.6 that the non-responsive patient
PIFR does not change considerably between final dose and post salbutamol

bronchodilator which affected the statistical analysis.

5.2.4 Discussion

It was observed in this study that inhaler inhalation audio-based features may undergo
significant changes during bronchoconstriction due to a decrease in PIFR, as FEV1
decreases. The significant correlation in the responsive group, and the lack thereof in the
non-responsive group suggest that during an exacerbation, the audio-based features of
inhaler inhalations may correlate with the severity of the exacerbation (in terms of a
decrease in FEV1).

It was also noted that the APIFR% of inhaler inhalations was negatively correlated
with increase in BA dosage in responsive patients (R?=0.73, p<0.001). It has been
reported in previous literature that inhaler inhalation audio-based features are strongly
correlated with PIFR (Holmes et al., 2013b; Holmes et al., 2013c; Taylor et al., 2016b;
Taylor et al., 2016a). Therefore, the use of non-contact audio-based methods to estimate
PIFR may be a sufficient method to monitor changes in lung function in future clinical
applications. This study did not employ standardised flow rates within or across patients.
This would not have related to real life inhaler use as patients are generally instructed to

inhale through a DPI at with maximum effort. Furthermore, the additional airflow
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resistance of the inhaler would make it challenging for some patients to reach specific
target flow rates.

The results in Table 5.4 highlight that AFIK% generated the strongest correlation
with AFEV1% in responsive patients, suggesting that it may be utilised as an early
predictor of asthma exacerbations. Further analysis is required with a larger cohort of
patients to quantify these findings. Changes in PIFR and inhalation audio-based features
were not observed in the non-responsive patients. It was observed that AFIK% was also
the only audio-based feature that had a significant correlation with AFEV1% in the
tracheal inhaler inhalation recordings. This may be due to the fact that while individual
patients’ airways have a significant relationship between audio-based features and
AFEV1%, these relationships vary at an inter-patient level (as previously reported in
Section 5.1 (Taylor et al., 2016a)), which may result in non-significant results from GLS.

It can be seen in Figure 5.6 that non-responsive patients’ AMAD%, like all other
audio-based features, were quite erratic and did not change over the course of the BCT.
In the responsive group, a decrease was observed throughout the test, with an increase
occurring after the administration of salbutamol, as evident in Figure 5.6. The rate of
change (slope) of FEV1, PIFR and audio-based features may not be equivalent for all
patients (Marcon et al., 2014). Therefore, future audio-based algorithms to monitor lung
function over time may need to be personalised and a generalised linear modelling
approach may not be the optimal method for predicting changes in lung function.

There were some limitations to this pilot study. The sample size was relatively small
due to challenges in recruitment with over 10 patients not attending their scheduled
bronchial challenge test. As the sample size is small, the statistical analyses require a
larger cohort to obtain more accurate statistical measures between PIFR, FEV1 and
inhalation audio-based features. However, previous studies suggest that there is a
statistically significant linear relationship between inhaler PIFR and lung function
measurements, such as FEV1, in asthma patients (r=0.49) (Prime et al., 2015). In
addition, the inhalation flow profile was not recorded in this pilot study. It was previously
reported that IC was moderately statistically significantly correlated (r>0.7) with lung
function measures such as FEV1 and FVC (Prime et al., 2015). Future research should
aim to estimate the inhalation profile of inhaler inhalations using audio-based methods as
it may be of clinical relevance in monitoring changes in patients’ lung function over time.
Moreover, the literature suggests that inhaler PIFR is more strongly correlated with FEV1
in COPD patients (Prime et al., 2015; Broeders et al., 2004); therefore, remotely
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monitoring PIFR in COPD patients may be more affective at predicting adverse clinical
events such as exacerbations. However, due to the irreversible pathophysiology of COPD,
it may not have been possible to induce an exacerbation in COPD patients as it was with
asthma patients.

Audio-based methods have the ability to monitor inhaler user technique as well as
quantifying drug delivery from inhalers (Seheult et al., 2014b; Sulaiman et al., 2017).
This study provides a platform to further the clinical application of audio-based inhaler
monitoring systems. The results from this pilot study suggest that audio-based features of
inhaler inhalations are influenced by changes in FEV1 in patients with hyperresponsive
airways (such as in asthma patients) which reflect changes in PIFR during an exacerbation
and also in the recovery period. Monitoring changes in FEV1 by analysing audio-based
features of inhaler inhalations may prove to be highly beneficial to clinicians and patients
in future by detecting exacerbations before their symptoms have developed fully,
allowing more efficacious treatment and preventing readmissions to hospital. Future
research will investigate the correlation between new audio-based measures of PIFR and

FEV1 over time in a larger cohort of asthma and COPD patients.

5.3 Chapter Conclusion

In this chapter it was observed that audio-based features of inhaler inhalation sounds
recorded using non-contact methods (placing the microphone 5 cm from the inhaler
mouthpiece) are more correlated with PIFR than those using tracheal methods across a
cohort of patients with respiratory disease. Non-contact methods generate less inter-
patient variability compared to tracheal sounds. However, differences exist in the PSD
profiles of inhalation sounds across patients which may influence PIFR estimation,
particularly when using spectral features. Therefore, generalised methods may not be
suitable if spectral features are to be used to estimate PIFR in future clinical applications.
Power and complexity based audio features are strongly correlated with PIFR and may
employed to objectively assess inhalation technique and monitor respiratory health
remotely. Future research should investigate the use of audio-based methods to estimate
the full inhalation flow profile, as audio-based features may be influenced by the full flow
profile of inhalation as well as the PIFR. This may provide further clinically pertinent

information to healthcare professionals regarding patient inhalation technique.
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The findings presented in the pilot study in Section 5.2 suggest that changes occur in
inhalation audio-based features as a result of changes in inhaler PIFR during induced
bronchoconstriction. These changes were not observed in non-responsive patients
indicating that PIFR may change significantly during and after an exacerbation in patients
with asthma. Future research should employ a larger cohort of patients experiencing real
life exacerbations to determine whether inhalation audio-based features can be employed
to monitor respiratory health remotely. The clinical impact of the studies presented in this
chapter lies in confirming that non-contact audio-based methods may be employed to
assess patient inhalation technique, which may help personalise treatment to the patient.
Objective audio-based measures of PIFR may also be employed to predict exacerbations
and monitor the response to treatment, which would be of significant clinical benefit to

both healthcare professionals and patients.
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Chapter 6. Estimation of Inhalation Flow
Profile from a Dry Powder Inhaler Using
Audio-Based Methods

The study described in this chapter investigates research questions 13-17 from Chapter 3.
The findings reported in the studies described in Chapters 4 and 5 suggest that audio-
based methods may be employed to objectively measure PIFR during inhaler use,
particularly in DPIs. As patients are required to inhale forcefully and deeply when using
a DPI, there are a range of other flow parameters that influence the amount of drug
delivered to the patient such as, IC and the inhalation ramp time as previously discussed
in Chapter 2. Therefore, there is a clinical need to investigate the use of audio-based
methods to objectively estimate the inhalation flow profile from DPIs. By estimating the
inhalation flow profile, it allows for accurate estimation of the different flow parameters
previously mentioned. Objective measurement of inhalation flow profile may give
healthcare professionals a better understanding of patients’ inhalation technique and
respiratory health over the course of treatment rather than focusing on just the patient’s
PIFR of inhalation. In the studies reported in Chapters 4 and 5 it was noted that the inhaler
inhalation flow profile may be correlated with audio-based features, however, this has yet
to be explored. In addition, it has yet to be investigated if audio-based methods can be
employed to estimate inhalation flow rate in the Ellipta DPI. In this Chapter, an audio-
based method is described which can estimate the inhalation flow profile from the Ellipta

DPI by extracting the acoustic envelope of the inhalation audio signal.
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The study presented in this chapter has resulted in the following peer-reviewed
publications;

e Taylor T E, Lacalle Muls H, Costello R W and Reilly R B 2018 Estimation of
Inhalation Flow Profile Using Audio-Based Methods to Assess Inhaler
Medication Adherence. PLoS One 13 e0191330.

e Lacalle Muls H, Taylor T E, Costello R W and Reilly R B 2016 Objective
measurement of inhaler inhalation flow profile using acoustic methods. In: The
Annual Congress of the Spanish Society of Biomedical Engineering (CASEIB),
Valencia, Spain. 23"-25" November 2016.

6.1 Introduction

Audio-based methods have been employed to objectively assess inhaler inhalation
technique in DPIs and pMDIs (Holmes et al., 2013c; Taylor et al., 2016a; Taylor et al.,
2016b). The INCA system uses a non-invasive audio recording device that attaches to a
Diskus inhaler and can accurately assess inhalation technique, specifically PIFR and IC
in patients with asthma and COPD (D'Arcy et al., 2014; Sulaiman et al., 2016e; Seheult
et al., 2014b). However, the flow-sound models employed to estimate PIFR and IC from
inhalation audio recordings in these studies required numerous inhalation recordings from
a cohort of participants. There is a need to introduce a faster, more efficient method of
calibrating flow-sound models to accurately estimate not just PIFR and IC, but the entire
flow profile of inhaler inhalations using the INCA device. Estimating the entire inhalation
flow profile would allow healthcare professionals to monitor a range of inhalation flow
parameters that influence drug delivery. It would also allow healthcare professionals to
remotely assess if patients can maintain the required flow rate throughout inhalation when
using their inhaler.

Changes in patient inhalation flow profiles may relate to physiological changes in
respiratory conditions over time. It was previously reported that COPD patients tend to
generate different inhalation profiles than asthma patients in terms of PIFR and IC and
that inhalation profiles change according to disease severity (Hamilton et al., 2015; Prime
et al., 2015; Mahler et al., 2012). It was also reported previously that inhaler PIFR of
COPD patients decreases by an average of approximately 15-18%, depending on the
inhaler resistance, during an acute phase of an exacerbation and that PIFR and IC are
statistically significantly correlated with lung function (Broeders et al., 2004; Prime et
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al., 2015). In the study reported in Chapter 5 Section 5.2, it was reported that a decline in
lung function during a bronchial challenge test caused a decrease in inhaler PIFR which
can be objectively measured using audio-based methods (McCartan et al., 2016).
Therefore, by developing an audio-based method of estimating the inhalation flow profile
from DPIs, it may be employed to remotely monitor changes in respiratory health
longitudinally also and possibly predict exacerbations before they occur.

Respiratory flow estimation using audio-based methods has been most thoroughly
researched using microphones placed over the chest wall and trachea as discussed in
Chapter 2. It was previously reported that accurate flow estimation may be achieved from
tracheal audio recordings using only one audio recording with its corresponding flow
signal for calibration (Yadollahi and Moussavi, 2006a). Although the acoustic properties
of chest wall and tracheal sounds vary greatly to inhaler inhalation sounds recorded from
a non-contact microphone (Taylor et al., 2015; Taylor et al., 2016a), accurately modelling
the flow-sound relationship of inhaler inhalations based on one calibration recording has
yet to be investigated. If it was possible to develop an accurate model of estimating
inhalation flow profile from DPIs based on one calibration inhalation recording, it would
have significant clinical impact by allowing healthcare professionals to easily calibrate
personalised models to remotely monitor patient inhalation technique.

The aim of this study was to develop an accurate audio-based flow estimation model
to estimate the inhalation flow profile from the Ellipta DPI. The hypothesis was that it
was possible to accurately estimate the DPI inhalation flow profile based on only one
calibration inhalation recording.

6.2 Methods

6.2.1 Participants

Twenty healthy participants were recruited for this study. Written consent was
obtained from study participants. In order to test the proposed method on a wide range of
inspiratory flow rates, it was deemed necessary to recruit participants with healthy lung
function. Baseline spirometry according to ATS/ERS standards was performed on each
participant (Miller et al., 2005). This study was approved by the Hospital Ethics

Committee at Beaumont Hospital, Dublin, Ireland.
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6.2.2 Inhaler audio recording setup

Figure 6.1 shows the inhaler recording setup for this study. A placebo Ellipta DPI was
placed inside a custom built airtight container, similar to the setup used in Chapters 4 and
5. For this study, an additional aperture was cut which allowed the INCA device to be
placed directly onto the inhaler, as it would be in a clinical setting. This setup has been
reported to give accurate audio-based measurements of flow rate in previous inhaler
acoustics studies (Holmes et al., 2013c; Seheult et al., 2014b). A final aperture was cut
to connect a Vitalograph Pneumotrac™ pneumotachograph spirometer [ Vitalograph Ltd.,
Co. Clare, Ireland] to the airtight container. The spirometer was connected to a data
acquisition laptop which allowed for reference measurements of PIFR and IC of
inhalations using the Vitalograph Spirotrac® V software. The audio signal was obtained
directly from the INCA device and connected to a National Instruments USB-6211 DAQ
system [National Instruments, Texas, USA]. The microphone used inside the INCA
device is a Knowles SPU0414HR5H-SB MEMS microphone [Knowles Acoustics,
Illinois, USA]. The flow signal from the Pneumotrac™ pneumotachograph spirometer

was obtained and connected to the DAQ also to record the inhalation flow profile signal.
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Figure 6.1. Inhaler recording setup.
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A custom designed LabVIEW Virtual Instrument [National Instruments, Texas, USA]
was developed in order to record inhaler audio and flow signals simultaneously. Both
audio and flow signals were sampled at 48 kHz and with 16 bits per sample resolution.
Recordings took place in a designated recording office room. The recording room was
not soundproof and so was not a completely noise-free environment. However, as the
microphone is situated close to the inhaler mouthpiece (approximately 2 cm), the
recording environment was suitable to record inhalation audio signals with a sufficient

signal to noise ratio to investigate the relationship between the audio and flow signals.

6.2.3 Participant recording protocol

Each participant was instructed to exhale to functional residual capacity before
inhaling forcefully through the mouthpiece of the Ellipta inhaler at maximal flow rate for
as long as possible. This was then followed by a two to three second breath hold. This
was repeated until five inhalation recordings were obtained at maximal inspiratory flow
rate. All participants were able to inhale at 70 L/min or above at maximum effort. These
five recordings were categorised as a High flow range group. A reference measurement
of PIFR was checked using Vitalograph Spirotrac® V software to give participants
feedback on their inspiratory flow rate after each inhalation recording. Participants were
then asked to reduce their inspiratory flow rate for five recordings between 50-70 L/min
(Medium flow range) and a final five recordings between 25-50 L/min (Low flow range).

This gave a total of 15 inhalation recordings per participant.

6.2.4 Audio and flow signal pre-processing

The DC component was removed from audio signals by subtracting the mean value
of each signal from itself. Audio signals were high pass filtered with a cut-off frequency
of 200 Hz using a second order Butterworth filter to remove low frequency noise. Flow
signals were low pass filtered with a cut-off frequency of 4 Hz using a second order
Butterworth filter. It was observed that a cut off frequency of 4 Hz could capture the rapid
change in flow at the onset of inhalation while removing unwanted noise that did not
represent the inspiratory flow. As the flow signals were originally recorded as voltage
signals, the raw flow voltage (V) signals were converted to flow rate (L/min) using linear

regression between the recorded reference PIFR on the Spirotrac® V software and the
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peak voltage in the flow signal over 20 recordings for each participant (15 recordings
used in the audio analyses and an additional five training recordings used for flow signal
calibration). This was calibrated for each participant. The average R? value for converting
the flow voltage signal to flow rate was 0.95+£0.03 (£ standard error) (p<0.0001) across
all participants.

As this study only focused on the inhalation event, all exhalations and other
respiratory sounds such as coughs were discarded in the audio and flow signals.
Inhalations were segmented by determining the onset and offset points of the inhalation
in the flow signal. A threshold of 5 L/min was chosen to segment inhalations to remove
baseline noise being included in the flow signal.

6.2.5 Audio-based feature extraction

An estimation of the acoustic envelope (amplitude envelope of the audio signal) of
each inhaler inhalation was obtained using the Hilbert Transform (HT). This method has
been employed in previous acoustical flow estimation studies (Yadollahi and Moussavi,
2008; Que et al., 2002). The estimate of the acoustic envelope, x.,,,, was computed as
the absolute value of the analytic signal, x,, which is a complex signal consisting of a
summation of the inhalation audio signal with a 90° phase shifted version of itself (HT)
(Lyons, 2010). The analytic signal is calculated using the following equation;

Xq =X+ jX 6.0)
where x is the original inhaler inhalation audio signal and X is the HT of the original
signal.

The HT is usually most effective when applied to amplitude modulated narrow band
signals. However, inhaler inhalation sounds recorded from a non-contact microphone are
composed of a broad spectrum of frequencies as observed in Chapters 4 and 5 (Taylor et
al., 2016a; Taylor et al., 2016b). Consequently, the absolute value of x, follows high
frequency changes in amplitude that distorts the envelope estimation. The absolute value
of the analytic signal, x,, was therefore low pass filtered with a cut-off frequency of 4 Hz
similar to the flow signal using a second order Butterworth filter. An example of the
inhalation audio signal with the estimated acoustic envelope along with the corresponding

flow signal after low pass filtering is presented in Figure 6.2. Data are available from
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Figure 6.2. Example of inhaler inhalation audio and flow signals.
(A) Inhaler inhalation audio signal with estimated acoustic envelope and (B) corresponding
flow signal.

Dryad Digital Repository (http://datadryad.org/review?doi=doi:10.5061/dryad.8310n).

6.2.6 Flow-sound regression model

Previous studies have reported the use of linear models to estimate flow rate using
audio-based features (Taylor et al., 2016a; Taylor et al., 2016b; Holmes et al., 2013c).
However, it was also suggested in Chapter 4 that power-based features may be more
strongly correlated with PIFR in the log domain. Other studies have reported that
amplitude of sound and flow rate are related through a power law model (Reyes et al.,
2014; Yadollahi and Moussavi, 2011). In order to investigate the relationship between the
inhalation acoustic envelope and its corresponding flow signal, both linear and power law
regression models were employed. A power law model may be calculated as a linear
regression model in a logarithmic scale. The linear and power law regression models
employed can be represented as;

)

F=y Xtz
y env (62)

log(F) = a-log(xeny) + b (6.3)

where F is the estimated flow signal and x,,,, is the acoustic envelope of the inhaler
inhalation.
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For each participant, one recording was used to calibrate a flow-sound regression
model by computing the model coefficients (y and z for linear, a and b for power law)
using the selected flow and audio signals. This model was then tested on the remaining
14 recordings for this participant to estimate the flow profiles from the remaining 14 audio
signals. This process was repeated until each inhalation recording was used to calibrate a
separate flow-sound regression model. In this way, a range of flow rates could be
employed as single calibration recordings and then tested on a range of inspiratory flow
rates to model real life patient inhaler use. This resulted in 210 tests (14x15 tests) being
performed for each participant. Any data used to calibrate a model was not subsequently
used to test the same resulting model as this may have introduced an over fitting bias.
Once the estimated flow signal (F) was calculated using the model coefficients, a moving
average window of 200 ms was also applied to the estimated flow signal from the time
point at which 80% of PIFR was reached onwards to further remove noise from the
estimated flow signal. The absolute average flow estimation error (absolute error between
actual flow profile and estimated flow profile) was computed at each sample point and
was then averaged. The average flow estimation error (Averageerror) OvVer the entire

inhalation signal was calculated using the following equation;

) —FO)

P N R ol ¢
verageéerror (A)) - N 100
i=1

F(i) (6.4)

where F is the estimated flow rate at the it"* sample of the signal,
F is the actual flow rate at the i*" sample of the signal,
N is the length of the actual and estimated flow signals in samples.

Flow parameters that were calculated from the flow profile included PIFR, IC and the
inhalation ramp time (also known as rise time) (Tr) which was pre-defined as the time
taken to reach 80% of PIFR. PIFR was calculated as the peak flow rate point of the
inhalation flow profile curve. The IC parameter was calculated as the area under the
inhalation flow profile curve which equates to the total volume of air inhaled in litres.
This was calculated using trapezoidal numerical integration of the flow and estimated
flow signals. The T, was calculated as the time at which the flow profile reached 80% of
its maximum flow rate rather than the time taken to reach PIFR to avoid erroneous

measurement due to small deviations when the flow profile plateaued.
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Equation (6.5) details how the PIFR flow parameter estimation error was calculated.
The IC and T, estimation errors were also calculated using the same method accordingly.

|PIFR — PIFR|

PIFRerror (%) = PIFR (6.5)

All analyses were performed within participants and then results were averaged across
participants.

In order to determine if the model coefficients remained unchanged according to
calibration flow rate, a 2-sample t-test was performed to statistically compare regression
model coefficients across inhalation flow ranges. These statistical tests were corrected for

multiple comparisons using Bonferroni correction.

6.2.7 Effect of noise on audio-based flow estimation

As inhalers are used by patients in different environments (inside and outside of the
clinic), it is important to investigate the influence of noise on audio-based flow estimation.
In order to investigate the effect of noise on this method of estimating the inhalation flow
profile, Gaussian white noise was added to each inhalation audio signal. The method was
tested on all audio signals at signal to noise ratio (SNR) levels of 0 dB, 5 dB, 10 dB, 15
dB, 20 dB and 25 dB. The accuracy of each parameter (Average, PIFR, IC and T,) was
then calculated at each SNR level and averaged across all flow ranges and then averaged

across all participants.

6.3 Results

Participant information and baseline lung function is presented in Table 6.1. A total
of 300 Ellipta inhaler inhalation recordings were obtained from 20 participants in this
study. Thirteen recordings were discarded due to corrupt audio and flow signals leaving
287 recordings for analysis with 3,856 flow estimation tests being performed. Table 6.2
presents the average flow parameter values across the different flow ranges. This shows
that the method was tested on a wide range of PIFR, IC and T, values. The average flow

parameters for each participant are presented in Tables B1-B3 (Appendix B).
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Table 6.1. Participant information and baseline lung function (mean + standard

deviation).
Parameter Value
Age (years) 24+2.5 (20-29)
Gender (M/F) 10/10
Height (cm) 171.95+8.75 (158-190)
Weight (kg) 67+13.18 (48-95)
BMI?2 (kg/m?) 21.39+2.12 (19.2-25.9)
FEV1P (L) 3.75+0.67 (2.79-5.12)
FEV1 Predicted %  97.65+13.04 (80-127)
FVCe (L) 4.68+0.95 (3.38-6.73)

FEV1/FVC Ratio 0.82+0.06 (0.72-0.91)
PIFRY (L/min) 329.35+93.3 (193-485)
aBMI — body mass index
bFEV1 — forced expiratory volume in one second
¢FVC - forced vital capacity
4PIFR — peak inspiratory flow rate (during spirometry,
not inhaler usage)

Table 6.2. Mean (x standard deviation) of flow parameter values from recorded
inhalation flow signals averaged across all participants.

Flow Range PIFR (L/min) IC (L) Tr (Ms)
High (=70 L/min) 109+21 (70-  2.81+0.7 (1.82-4.09)  317+145 (134-
142) 597)
Medium (50-70 6015 (52-66)  1.77£0.5(1.18-2.98)  317+136 (155-
L/min) 770)
Low (25-50 L/min) 39+4 (32-44)  1.33+0.5(0.71-2.48)  323+107 (146-
562)
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It was observed that the power law models were superior over the linear models at
estimating the inhalation flow profile using the acoustic envelope. The average flow
estimation accuracy (which was calculated as 100-Averageerror) Was 90.89+£0.9% (x
standard error) for power law and 76.63+£2.38% for linear models. Therefore, detailed
results of the power law models are discussed from this point onwards in the study.
Average flow parameter estimation errors were divided according to calibration and test
flow ranges. The overall Averageerror for the power law models was 9.4+0.92% for High
flow range, 8.65+£1.67% for Medium flow range and 9.29+2.44% for Low flow range (+
standard error). This gave an average estimation error of 9.11+0.9% across all
participants. Figure 6.3 presents examples of the estimated flow signals for high, medium
and low flow inhalations. Figure 6.4 shows the Averageerror, PIFRerror, ICerror and Trerror

values averaged across all participants.
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Figure 6.3. Examples of actual and estimated inhaler inhalation flow profiles.
(A) High, (B) Medium and (C) Low inhalation flow rates. The vertical lines represent the
actual and estimated Tr values.
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Figure 6.4. Average audio-based flow estimation errors.

(A) Averageerror, (B) PIFRerror, (C) 1Cerror, and (D) Trerror, (%) (£ standard error). Results are
divided into models calibrated using high, medium and low flow inhalation recordings and
tested on high, medium and low flow ranges.

The average flow estimation accuracy for each participant across all flow ranges is
presented in Figure 6.5. The acoustic envelope of the inhalation audio signal was strongly
significantly linearly correlated with the flow signal in a logarithmic scale (p<0.0001).
The average (+ standard error) R? values of the flow-sound regression models created
during calibration were 0.9791+0.0027 for High flow range, 0.98+0.0023 for Medium
flow range and 0.9778+0.0019 for Low flow range (p<0.0001). Although this is not a
measurement of flow estimation accuracy, it is important to note the statistical correlation

between the audio envelope and the flow signal.
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Figure 6.5. Average flow estimation accuracy (£ standard error) averaged across all
flow ranges for each participant.

It was observed that the a and b model coefficients at the High flow range were
statistically significantly higher than those in the Medium (p<0.05 for a coefficient,
p<0.01 for b coefficient) and Low (p<0.01 for both a and b coefficients) flow ranges. This
suggests that the relationship between the flow signal and acoustic envelope may not be
constant at all calibration flow rates. Figure 6.6 shows boxplots of the model coefficients
across all participants in the High, Medium and Low flow ranges.

Figure 6.7 presents the average accuracy of estimating different inhalation parameters
at a range of SNR levels (0-25 dB in increments of 5dB). It can be observed from Figure
6.7 that PIFR, IC and Tr achieve high accuracy above 80% even at very low SNR levels.
The average flow estimation accuracy (Average,,.r) decreases with lower SNR levels
but remains above 70% at 10 dB.
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Figure 6.6. Boxplots representing the median, interquartile range and 1.5xinterquartile
range of regression coefficients.

(A) a and (B) b regression coefficients where *p<0.05 and **p<0.01 corrected for multiple
comparisons using Bonferroni correction.
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Figure 6.7. Average accuracy (%) * standard error (shaded region) of inhalation flow
profile parameter estimation across all flow rates at different SNR levels.
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6.4 Discussion

It was observed that the acoustic envelope of the inhalation audio signal and its
corresponding flow signal followed a power law relationship, which can be estimated as
a linear model in a logarithmic scale. This agrees with previous studies that employed
power and amplitude based features to estimate respiratory flow (Reyes et al., 2014;
Yadollahi and Moussavi, 2011). This also confirms that power-based features are more
strongly significantly correlated with flow rate in the log domain as mentioned in Chapter
4. Power law models generated an average flow estimation accuracy of over 10% higher
than linear models (90.89% for power law models vs. 76.63% for linear models). By
estimating the acoustic envelope of the inhalation audio signal, it was possible to
accurately estimate the inhaler inhalation flow profile. This may allow healthcare
professionals to obtain a more comprehensive assessment of inhalation technique rather
than just focusing on PIFR.

When the calibration and test recordings were of the same flow range, this generated
the smallest error which would be expected. The largest error in estimating flow
parameters was observed when the calibration recording was obtained from a low flow
inhalation and was used to estimate a high flow inhalation. This would also be expected
as one can see from Figure 6.6 that the model coefficients change at higher flow rates
compared to lower flow rates. Therefore, the relationship between flow and sound may
not be constant at all flow rates. In addition, the difference in model coefficients across
flow ranges did not greatly impair flow estimation in inhaler inhalations in this study. The
High flow range had much higher flow rates than the Medium and Low flow ranges. It
was noted that the T, values were not significantly different across flow range groups also.
This may suggest that the acceleration of inhalations may have influenced the model
coefficients also. Therefore, it could be argued that the model coefficients change most
significantly at high flow rates with faster acceleration.

There were some limitations to this study. Healthy participants were recruited in order
to investigate the accuracy of this method on a wide range of flow rates. This may not
have been possible with patients suffering from impaired respiratory function. In addition,
asking patients to inhale at a range of different flow rates may confuse patients on how to
correctly use a DPI. Consequently, patients were not recruited for this study, however,
the efficacy of this audio-based method of estimating DPI inhalation flow profiles has

been presented. The airtight container may have affected inhaler inhalation audio-based

153



features, particularly spectral features. However, recording directly from the surface of
the inhaler and not inside the airtight container, as well as using an amplitude based
feature such as the acoustic envelope would minimise this effect. The airtight container
also ensured accurate measurement of flow rate without the need for sensors within the
inhaler device. Flow sensors placed within the inhaler may have changed the resistance
within the inhaler and would affect flow measurement.

Recordings took place in a designated recording room to reduce background noise in
the audio recordings which may not replicate real life clinical environments. In order to
fully understand the relationship between audio and flow signals, it was essential to
reduce background noise. The microphone in the INCA device was situated very close to
the grill at the Ellipta mouthpiece where the inhalation sound is mostly generated.
Furthermore, the SNR was high (13.9-23 dB) in low to high flow inhalations even with
ambient background noise present in the recording room. This method was also tested on
arange of SNR levels and generated sufficient accuracy in estimating parameters such as
PIFR, IC and T, even within lower SNR levels. This shows the robustness of this flow
estimation method in noisy environments. As would be expected, the average flow
estimation accuracy decreased at lower SNR levels. However, as the microphone is
positioned within the device casing directly beside the inhaler mouthpiece, this should
generate sufficient SNR levels even in real clinical environments. Future research will
test this method in clinical and domestic environments.

Future research should also focus on the automatic detection of Ellipta inhalation
sounds from noisy environments. Once the inhalation sounds are accurately detected, one
can apply the methods presented in this study to accurately assess patient inhaler
inhalation technique. The flow signal was used in this study to segment inhalations to
investigate the relationship between the audio and flow signals. Previous studies have
developed an accurate method of detecting patient inhalation sounds recorded from the
INCA device attached to a Diskus DPI during inhaler use in real clinical and domestic
environments (Holmes et al., 2012; Holmes et al., 2014a). However, there is a clinical
need for further audio-based classification methods to accurately detect inhalations from
Ellipta DPI as well as testing the accuracy of the presented method on estimating low,
medium and high inspiratory flow rates within noisy real-life environments.

This audio-based flow estimation method could be implemented into the clinical
setting by obtaining one recording of an inhaler inhalation during a patient’s consultation

with a healthcare professional. As the patient is trained on their inhaler, an inhalation
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could be recorded using INCA and used to calibrate a model to estimate the inhaler
inhalation flow profile remotely. When the patient returns for a consultation, the patient
may obtain objective feedback on their inhalation technique and can be trained on how to
improve their inhaler technique and their disease control as a result. Monitoring inhalation
flow parameters remotely using acoustics provides a non-invasive, accurate method of
monitoring inhaler user technique and potentially the respiratory health of asthma and
COPD patients.

6.5 Chapter Conclusion

This study presented a method of accurately estimating the flow profile of inhaler
inhalations based on the logarithmic relationship between the acoustic envelope of the
inhalation sound and flow signal. Using only one inhalation recording for model
calibration, an average flow estimation accuracy of over 90% was observed. This method
may be employed to remotely monitor patient inhalation technique and help train patients
to improve their inhaler technique by introducing more personalised treatments in
respiratory medicine. Future research will investigate employing audio-based
classification methods to segment inhalation sounds in noisy clinical and domestic
environments. Other future research will apply the presented flow estimation method to
other DPIs to remotely monitor patient adherence across a range of different inhaler
devices. The clinical impact of this study lies in developing a non-invasive audio-based
method of obtaining pertinent clinical information regarding inhaler inhalation technique.
Furthermore, obtaining real life inhalation flow profiles can be used to test the
development of new drug formulations for DPIs. Therefore, this method may be used to
remotely monitor patient inhalation technique while enhancing the development of future

DPI medication.
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Chapter 7. Development and Validation of
an Audio-Based Algorithm to Objectively
Assess Patient Pressurised Metered Dose
Inhaler User Technique

The studies described in this chapter investigate research questions 18-27 from Chapter
3. The studies reported in Chapter 4-6 primarily focused on the acoustic properties of
inhalation sound events across a range of different inhaler devices and how audio-based
features can extract pertinent clinical information from inhaler inhalation sound events
such as the PIFR and IC. As thoroughly discussed in Chapter 2, there are a number of
specific steps that are critical to ensure maximum drug delivery from pMDlIs, unlike DPIs
which are primarily dependent on the inhalation event. These critical steps include good
coordination between inhalation and actuating the pMDI canister and performing a slow
and steady inhalation (below 90 L/min). There is a lack of methods available to healthcare
professionals to objectively assess patient pMDI user technique in clinical practice. As
the pMDI is the most commonly used inhaler worldwide, there is a clinical need to
develop and validate new audio-based signal processing methods to objectively assess
patient pMDI user technique. Furthermore, there is a need to statistically compare audio-
based methods to subjective checklists in order to investigate the clinical margin of
benefit of implementing audio-based inhaler monitoring systems into clinical practice to
assess patient inhaler user technique.

The pilot study presented in Section 7.1 of this Chapter focuses on analysing the
acoustic properties of pMDI actuation sounds. It also reports an investigation into the use
of time-frequency audio-based features to automatically detect actuation sound events

during pMDI use. The study presented in Section 7.2 of this Chapter focuses on the
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development and validation of an audio-based signal processing algorithm to objectively
assess patient pMDI user technique. The audio-based algorithm is also statistically
compared to clinical checklist assessment.

The studies presented in this chapter have resulted in the following peer-reviewed

publications;

e Taylor T E, Holmes M S, Sulaiman I, Costello R W and Reilly R B 2014 An
acoustic method to automatically detect pressurized metered dose inhaler
actuations. In: Engineering in Medicine and Biology Society (EMBC), 2016 36th
Annual International Conference of the IEEE, Chicago, Illinois, USA.

e Taylor T E, Zigel Y, Egan C, Hughes F, Costello R W and Reilly R B 2018
Objective Assessment of Patient Inhaler User Technique Using an Audio-Based

Classification Approach. Scientific Reports 8 2164.

7.1 Investigating the Use of Time-Frequency Audio-Based
Features to Automatically Detect Pressurised Metered

Dose Inhaler Actuations

7.1.1 Introduction

Poor actuation coordination is a common critical user technique error made by
patients during pMDI use (Sanchis et al., 2016). It involves the patient actuating the pMDI
canister before the onset of inhalation or actuating towards the end of inhalation where
insufficient inspiratory volume would inhibit optimum drug delivery to the lower airways.
There is a need to identify actuations during pMDI use as they refer to the release of
medication from the inhaler. Also, many pMDIs do not have dose counters within the
device and so patients may find it difficult to keep track of medication intake during
treatment (Sander et al., 2006). As previously reported, audio-based methods have the
capability to accurately detect drug preparation sounds that refer to medication release in
other inhalers such as the Diskus DPI (Holmes et al., 2014a). Hence, there is a need to
develop an audio-based method to detect pMDI actuations to monitor the timing of

medication release and the number of doses administered to the patient.
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However, little is known regarding the temporal and spectral properties of actuation
sounds and whether audio-based methods can be employed to automatically detect
actuation sounds. As the timing between inhalation and actuation is critical, fine temporal
resolution is required in order to objectively assess patient user technique. The aim of this
pilot study was to analyse the temporal and spectral properties of pMDI actuation sounds
and to explore the potential for employing audio-based features to automatically and
accurately detect pMDI actuations during inhaler use. The hypothesis of this pilot study
was that time-frequency features of actuation sound events can be employed to

automatically detect the onset of actuation during pMDI use.

7.1.2 Methods

7.1.2.1 Inhaler recording setup

The study employed an Analog Devices ADMP401 MEMS omnidirectional
microphone to record inhaler audio signals (Figure 7.1). The microphone was placed
outside facing inwards, towards the location of the actuation site, at the lower end of the
inhaler casing. The microphone was then connected to a Creative Sound Blaster [Creative
Labs Ireland (Ltd.), Dublin, Ireland] sound card. The sampling rate employed was 44.1
kHz with 16 bits per sample resolution. A 0.5” force sensitive resistor (FSR) was placed
on top of the inhaler canister to obtain a reference signal indicating exactly when the user
actuated the inhaler canister. This reference signal was used to compare the true onset
time of actuation against the detected onset time estimated by the audio-based algorithm.

The FSR was connected as a feedback resistor in a buffer circuit with low resistance

Figure 7.1. pMDI recording setup.
(Left) Top-down view of the recording rig showing FSR on canister. (Right) Side view of
recording setup showing microphone placement.
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(R=120Q) to obtain a linear force-voltage relationship as is in the manufacturer’s
guidelines [SparkFun Electronics, Colorado, USA]. FSR data were recorded at 1 kHz

sampling rate.

7.1.2.2 Participants

Data were obtained from 15 in-patients (six male/nine female, age range 21-84) at
Beaumont Hospital, Dublin, Ireland. All patients recruited were suffering from a chronic
respiratory disease (asthma or COPD) and were current pMDI users. Data were also
obtained from a group of five healthy participants to capture actuation events at different

specific times within inhalation events.

Patient cohort recording protocol

Patients were asked to use a placebo Evohaler pMDI for three separate recordings.
The first two consisted of the patient using the inhaler as they would normally on a daily
basis. The patients were then informed from a healthcare professional of any user
technique errors made and were then asked to use the inhaler a third time. Patient inhaler
user technique was subjectively assessed by a healthcare professional. A total of 44 pMDI
recordings (one recording failure instance) were obtained from the patient cohort. Figure

7.2 shows an example of a patient pMDI audio signal.
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Figure 7.2. Audio signal of a patient using a pMDI.
The actuation is late into the inhalation event highlighting poor actuation coordination.
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Healthy cohort recording protocol

Healthy participants were also recruited for this pilot study to record a range of
specific actuation coordination manoeuvres during inhalation (both correct and incorrect
user technique). Each healthy participant was trained, using a placebo Evohaler pMDI, to
actuate the inhaler at three specific times during inhalation; 1s before inhalation (early
actuation), 0-0.5s into an inhalation (correct actuation) and finally approximately two
thirds into an inhalation (late actuation). For each actuation time, subjects were trained
using a Clement-Clarke In-Check Dial to inhale at PIFR=30 L/min, PIFR=60 L/min and
PIFR> 90 L/min. Each actuation time was recorded three times for each PIFR giving a
total of 135 recordings for five participants. All recordings were visually and aurally
assessed by an independent reviewer to ensure the instructed actuation manoeuvre was

performed.

7.1.2.3 Signal processing

It was hypothesised that the medication plume expelled from the inhaler canister
during actuation creates an onset of high frequency power for a short time period. The
signal processing was divided into two stages. Stage one consisted of time-frequency
analysis of pMDI audio signals. Stage two employed a summation of high frequency

content followed by a peak assessment routine.

Stage One

Wavelet transformations have been previously employed to classify between healthy
subjects and subjects with respiratory diseases (Sello et al., 2008). The continuous
wavelet transform (CWT) was employed to highlight discontinuities in the inhaler audio

signals. The CWT with scaling parameter a and time shift parameter t is given as;

Wi(a,7) = \/ia f_jx(o«p " (t Yt

a (7.2)

where ¢ is the analysing wavelet if it verifies the admissibility condition (Sello et al.,
2008).
The CWT was chosen as it gives high temporal resolution at high frequencies. The

Morlet wavelet, consisting of a sinusoid multiplied by a Gaussian window, was employed
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as it is commonly used and its scale-frequency relationship requires less computation to
define as the peak frequency is equal to the centre frequency of the wavelet. The Morlet

wavelet is given as;

@) = il (eiZthCt _ e—(iZthC)Z/Z)e—tZ/Z
4 (72)

where f_ is the centre frequency of the mother wavelet. Scales 2 to 1.625, corresponding
to approximately 17,916 Hz to 22,050 Hz, in decrements of 0.005 were chosen to view
high frequency content of the audio signal. This represents a total of 76 pseudo

frequencies to utilise for time-frequency analysis of pMDI audio signals.

Stage Two

The second stage of signal processing reduced the dimensionality of the output
wavelet matrix and detected high frequency power peaks that may identify actuation
sound events. Each wavelet coefficient was squared to obtain all positive coefficients. All
squared wavelet coefficients were then summated across all scales at each sample point.
This resulted in an output signal that represented a summation of all high frequency power
across high frequencies. This method is similar to that reported in previously studies (Wei,

2007). The method employed for this study can be represented as;

V() = [Z |wf(a,r)|2] 73

a=aq

where the squared summation of wavelet coefficients from scales a, to m are computed
for all N time points. The CWT of a pMDI audio signal and the high frequency summation
output can be seen in Figure 7.3.

A peak assessment routine was then employed to detect and assess peaks above a
defined threshold of 0.38. This threshold was chosen as empty canister actuations
generated peaks with reduced acoustic power at 0.32+0.01 hence a threshold (8) of 0.38
(>0.32+3c) was employed. It was observed that the actuation sound event was of short
duration, 100-150 ms. Each detected peak in the output signal of the CWT high frequency

power summation was initially flagged as a potential actuation event. Values were taken
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Figure 7.3. The continuous wavelet transform of a pMDI audio signal.
(A) Continuous wavelet transform of the pMDI audio signal presented in Figure 7.2 using
scales 2 to 1.625. (B) Output of high frequency summation with actuation peak at 2.04s.

+56 ms from the maximum point of each peak to observe if the value decreased by a
threshold of 25% before and after the maximum peak point. Figure 7.4 shows a flow chart
of the signal processing employed to detect an actuation sound. An FSR was employed
as a reference time stamp signal to combine with expert visual-aural assessment to label
the onset of actuation events. An adaptive threshold of 80% of the maximum voltage

triggered a logic pulse to time stamp canister actuation.

162



No
Actuation

Peak Above
Threshold 87

Continuous Summation Peak
Wavelet —» of Squared

Transform Coefficients Detection

Peak
Assessment
Routine

No

25%
decrease £
56 ms from
peak?

No
Actuation

Yes

Actuation
Event

Figure 7.4. Flow chart of actuation sound event detection algorithm.

7.1.3 Results

A random selection of 20 pMDI acoustic recordings from the healthy group data was
employed for algorithm training. The developed algorithm was tested on 159 test
recordings obtained from in-hospital patients in a real clinical environment (n=44) and a
cohort of healthy (n=115) participants. A total of 158 actuations were obtained for testing.
Recordings consisted of no actuations (n=6) while others contained multiple actuations
(n=4) as a result from incorrect inhaler user technique.

The algorithm was validated against the reference FSR data and visual-aural
assessment. An actuation was deemed to be correctly identified if the algorithm detected
the actuation within 300 ms of the onset of the FSR pulse. This was to account for the
delay between the canister being actuated (FSR threshold) and the medication plume
generating its maximum acoustic energy which the algorithm detects. Figure 7.5 shows
an example of an early actuation audio signal with the time of actuation marked according
to the audio-based detection algorithm and the corresponding FSR reference signal. The

algorithm outputs the onset time of the actuation within the pMDI audio recording.
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Figure 7.5. Example of a patient pMDI recording highlighting the detected actuation
event.

(Top) pMDI audio signal showing the detected early actuation event (red) at 1.47s followed
by an inhalation event and (bottom) the force sensitive resistor actuation reference signal (0
- no actuation, 1 - actuation event). The clinical reviewer also noted that this patient inhaled
too fast (PIFR>90 L/min) in this particular example. This was based on visual/aural
assessment.

Table 7.1 presents the performance of the actuation detection algorithm in terms of
sensitivity (Sen) of 100%, specificity (Spe) of 99.4% and accuracy (Acc) of 99.7%. Out
of the 158 actuations recorded, all 158 of them were accurately detected with only one

False Positive incident.

Table 7.1. Actuation sound event detection algorithm performance results.

Total no. Total no.
) ) Sen Spe Acc
Recordings Actuations
(%) (%) (%)
159 158 100 99.4 99.7
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7.1.4 Discussion

This pilot study investigated the acoustic properties of pMDI actuation sounds as well
as developing an audio-based algorithm to automatically detect pMDI actuations in real-
life clinical environments. The audio-based algorithm employed time-frequency features
extracted from pMDI audio recordings in order to determine the onset of actuation sounds
during inhaler use. This can give healthcare professionals information as to the number
of doses administered to the patient during treatment. The results demonstrate that the
audio-based features of pMDI audio recordings may be used to automatically identify
actuations during inhaler use. An overall accuracy of 99.7% and a specificity of 99.4%
for all actuation times is a promising result if this method is to be employed in a fully
automated system for monitoring patient pMDI user technique.

If a patient incorrectly inhales too fast (PIFR>90 L/min), it can be quite challenging
for a healthcare professional to accurately determine if the medication was released from
the canister. However, attaching a microphone onto the inhaler may be used to detect
actuation events even within inhalations with very high PIFRs as demonstrated in this
pilot study. It was noted from empirical observations that pMDI actuation sounds are
quite short. The CWT method was employed in this study as this approach generated high
temporal resolution at high frequencies. One of the challenges in this study was detecting
actuations within high PIFRs as it was noted that patients tend to inhale too fast when
using the pMDI. This involves detecting a very short actuation sound within a loud
inhalation sound. Wavelet scales 2 to 1.625 frequencies contain unique acoustic
information of an actuation sound which is not as prominent in inhalations. Such low
scales were examined to separate actuations from inhalation sounds with very high PIFRs.
Inhalation sounds generated some power at high frequencies also, even within the
actuation sound frequency bands of interest. It was for this reason that a summation of all
squared coefficients across all selected scales at each sample point was employed to
distinguish an actuation sound within inhalations containing high frequency.

It was noted upon visual and aural assessment of the patient pMDI audio signals
combined with the actuation event detection that 87% (n=13) of patients had poor
actuation coordination based on the initial two recordings (at least one occurrence of poor
actuation coordination in recordings 1 and 2). However, this reduced to 53% (n=8) after
tuition in the third recording. This demonstrates that an audio-based pMDI monitoring

system may be of clinical benefit to patients and healthcare professionals. It also
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highlights the inability of many patients to control their disease due to persistent inhaler
misuse. It was noted that the most common technique error among patients was early
actuation with 47% (n=7) of patients actuating too early before inhaling. While breath
actuated pMDIs have been reported (Virchow et al., 2008) which release the drug once
the user reaches a PIFR of ~20 L/min, their use is not mainstream. A non-invasive
portable monitoring system for pMDIs may therefore present clinically important
information to patients regarding their own inhaler use. There is a need to further
investigate the use of additional audio-based features to automatically detect inhalation
sounds as well as actuation sounds. It was noted from empirical observations in this study
that patients also tend to inhale too fast during pMDI use. Therefore, there is a need to
develop and audio-based signal processing algorithm that can objectively assess patients’

actuation coordination and inhalation flow rate during pMDI use.

7.2 An Audio-Based Signal Processing Algorithm to
Objectively Assess Patient Pressurised Metered Dose

Inhaler User Technique

7.2.1 Introduction

Two of the most common critical errors patients make while using pMDIs include
poor actuation coordination and inhaling too fast with a PIFR of over 90 L/min (Melani
etal., 2011; Sanchis et al., 2016; Jha et al., 2017; Price et al., 2017). Studies have reported
that 45% of patients have poor actuation coordination while using a pMDI (Sanchis et al.,
2016). Furthermore, it has been reported that 47.2% of patients inhale too fast (PIFR>90
L/min) when using a pMDI (Price et al., 2017).

Patient inhaler user technique is assessed most commonly using checklists based on
visual/aural assessment by a healthcare professional (Batterink et al., 2012; Ozturk et al.,
2015). However, this method of assessment is subjective, it gives equal rating to all errors,
IS prone to overestimate patient performance and cannot be used to monitor how patients
use their inhaler outside of clinical visits (Pritchard and Nicholls, 2015; Sulaiman et al.,
2017). Inhaler training devices have been reported to improve patient inhaler user
technique (Ammari and Chrystyn, 2013; Azouz et al., 2014). Devices such as the In-

Check Flo-Tone [Clement-Clarke International Ltd, Harlow, UK] can give patients an
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audible signal once they generate the required inhalation flow rate and has been reported
to improve patient inhalation technique in the pMDI (Ammari et al., 2017). However,
many training devices, such as the Flo-Tone, cannot objectively monitor both actuation
coordination and inhalation flow rate.

Audio-based methods, using the INCA system, have presented promising
opportunities to remotely monitor patient inhaler adherence (both time of use and user
technique) and quantify drug delivery in DPIs (Holmes et al., 2014a; D'Arcy et al., 2014;
Killane et al., 2016; Sulaiman et al., 2016d; Sulaiman et al., 2016e). This has led to more
clinically accurate measures of DPI use that reflect changes in patients’ health over the
course of treatment (Sulaiman et al., 2015; Sulaiman et al., 2016d). Recent studies have
reported the use of audio-based methods to automatically detect and classify events
associated with pMDI use such as actuation (drug release) and inhalation events (Taylor
et al., 2014; Kikidis et al., 2015; Lalos et al., 2016; Nousias et al., 2016). However, these
studies mostly recruited either small patient cohorts or small cohorts of healthy
participants and did not objectively detect the presence of critical user technique errors
such as poor actuation coordination and inhaling too fast during pMDI use. There may be
challenges, however, in accurately estimating the inhalation flow rate from pMDIs using
audio-methods due to the limited acoustic energy generated in pMDIs during inhalation
(as reported in the studies described in Chapter 4) (Taylor et al., 2016b).

The aim of this study was to develop an audio-based signal processing algorithm to
objectively assess pMDI user technique using patient recordings from the INCA audio
recording device. It was hypothesised that audio-based methods may be employed in
clinical practice to objectively detect the presence of two of the most common critical
errors during pMDI use: poor actuation coordination and inhaling too fast (above 90
L/min). Since the Flo-Tone device can generate an audible signal during pMDI inhalation,
the unique characteristic sound of the device was exploited to automatically classify
between three inhaler sound events (inhalation/actuation/exhalation). Then, from the
detected inhalation sound event, two flow parameters were estimated: PIFR and volume
(IC). The accurate estimation of these parameters would be of significant clinical benefit
to both patients and healthcare professionals by providing more accurate assessment of
patient inhaler user technique.
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7.2.2 Methods

In order to develop an audio-based method to objectively assess patient pMDI user
technique, the approach of this study was divided into three stages. Stage 1 aimed to
develop an audio-based algorithm to automatically detect and classify inhaler sound
events (actuation, inhalation and exhalation sounds) from asthma and COPD patient
pMDI audio recordings. This would allow healthcare professionals to objectively assess
patients’ coordination between actuation and inhalation. Stage 2 aimed to develop an
audio-based model to accurately estimate the PIFR and volume of the detected inhalation
event. This would allow healthcare professionals to objectively assess if patients perform
a "slow" and "deep" inhalation as required. Stage 3 involved combining Stages 1 and 2
(objectively assessing the sequence of inhaler sound events and then estimating PIFR and
volume from the detected inhalation events). A statistical comparison between the
presented objective audio-based method of assessing patient pMDI user technique and

the subjective clinical visual/aural assessment was then performed.

7.2.2.1 Inhaler audio recording setup

In this study, an In-Check Flo-Tone training device was attached to the mouthpiece
of a placebo Evohaler pMDI as recommended by the manufacturer (Figure 7.6B). The
Flo-Tone is an add-on mouthpiece for a pMDI with a reed situated on top that starts to
generate an audible sound when the patient reaches an inspiratory flow rate of 30-60
L/min (Ammari et al., 2017). The sound is harmonic with a fixed fundamental frequency
(pitch) of approximately 540 Hz. The Flo-Tone sound becomes louder as the flow rate of
inhalation increases. The INCA device was attached to the back of the pMDI to record
inhaler audio signals as shown in Figure 7.6B. Audio signals were recorded at 48 kHz

sampling rate with 16 bits per sample resolution.

7.2.2.2 Stage 1: Automatic classification of inhaler sound events

Patient recruitment

In this study, 62 patients (19 male/43 female, age range: 17-82) with asthma (n=30),
COPD (n=27) and both asthma and COPD (n=5) were recruited from both in-patient
wards and out-patient respiratory clinics at Beaumont Hospital, Dublin, Ireland. This
study was approved by the Beaumont Hospital Ethics (Medical Research) Committee

(13/53). Written consent was obtained from each patient.
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Figure 7.6. Inhaler audio recording setup. Evohaler pMDI with the Flo-Tone attached
to the mouthpiece.

(A) pMDI with the INCA audio recording device attached to the back of the inhaler.(B)
pMDI with the INCA device attached to the back of the inhaler with the Flo-Tone attached
to the inhaler mouthpiece. (C) Time domain signal and (E) spectrogram of pMDI audio
recording containing an inhalation (approximately 60 L/min PIFR) and an actuation
event.(D) Time domain signal and (F) spectrogram of pMDI audio recording containing an
inhalation (approximately 60 L/min PIFR) and an actuation event with the Flo-Tone attached
to the inhaler mouthpiece. The intensity levels of pMDI inhalation sounds, with the Flo-Tone
attached to the inhaler mouthpiece, is approximately 62dBA at 60 L/min. However, without
the Flo-Tone attached to the inhaler mouthpiece, the inhalation sounds are much more quiet
(~35dBA at 60 L/min). The inhaler audio signal was obtained from the INCA device and
input to a Creative Sound Blaster external sound card [Creative Labs Ireland (Ltd.), Dublin,
Ireland] which was connected to a data acquisition laptop. Audio signals were sampled at
48 kHz with 16 bits per sample resolution. A toggle switch was wired to the INCA device to
manually activate/deactivate the device for recording audio data. The INCA device uses a
Knowles SPU0414HR5H-SB microelectromechanical systems (MEMS) microphone
[Knowles Acoustics, Illinois, USA] to record audio signals. The device usually records
inhaler audio data at 8 kHz sampling rate with 8 bits per sample resolution (Holmes et al.,
2014a; D'Arcy et al., 2014). However, for this study a higher sampling rate and bit resolution
was implemented.

Power/frequency (dB/Hz)
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Patient recording protocol

All asthma and COPD patients were asked to use the placebo pMDI with the INCA
and Flo-Tone attached for a total of four recordings under the supervision of an expert
clinical reviewer. For the first two recordings, patients were asked to use the inhaler as
they normally would (i.e. patients did not receive any tuition regarding inhaler user
technique from the expert clinical reviewer for the first two recordings). Fifty-seven of
the patients recruited were current or previous pMDI users, while the remaining five had
used other inhaler devices during treatment. The five patients who had not previously
used a pMDI were instructed how to use the inhaler correctly before the first recording
and not before the second recording. Patients were then given feedback on their user
technique before recording three and before recording four. This was to investigate the
effect of tuition from an expert clinical reviewer on patient inhaler user technique. The
feedback given to patients from the expert clinical reviewer was based on visual/aural
assessment using a checklist method. This checklist method was used to replicate current
clinical inhaler user technique assessment. The pMDI user technique checklist that was
employed in this study incorporates both manufacturer’s guidelines for using the pMDI
and the Flo-Tone device and is available in Appendix C (Figure C1). A total of 32 Flo-
Tone devices were employed and were randomly allocated across the 62 patients
recruited. Flo-Tone devices were sterilised after each patient to prevent spread of
infection. Each patient used a different pMDI device to account for variability in the
inhaler sounds across devices.

The audio-based algorithm in Stage 1 to automatically classify inhaler sound events
was composed of two phases: training and testing (a block diagram of the inhaler sound
event classification algorithm is presented in Figure 7.7A). The patient dataset was
divided using a hold-out approach into training set (31 patients) and testing set (31
patients). The training and testing sets were divided in such a way to ensure that patients’
age was not significantly different between training and testing sets to eliminate any bias
(p=0.9). This was done also as the age between the asthma and COPD patient cohorts was
significantly different in this study (asthma age (48+16 years) and COPD age (70£7
years), p<0.001). This also eliminated any bias between the training and testing sets

regarding respiratory disease type.
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Figure 7.7. Overview of audio-based classification of inhaler sound events from
patient audio recording.

(A) Block diagram of the audio-based inhaler sound event classification algorithm. The
audio-based signal processing algorithm is composed of two phases: training and testing.
In the training phase, the digital audio signal undergoes pre-processing which contains a
band pass filter to reduce background noise; manual sound events segmentation to label
the different sound events (actuation/inhalation/exhalation/noise) for the training process;
audio-based feature extraction; and classifier training (sound models estimation). In the
testing phase, the inhaler audio signal undergoes similar pre-processing and feature
extraction, as in the training phase; frame-by-frame sound model matching and
classification. The detected inhalation segments then undergo flow rate and volume
estimation. (B) Example of inhaler sound event classification using patient recording. (B)
(i) Audio time domain signal of asthma patient using a pMDlI, (ii) illustration of a set of
audio-based feature values that are employed to automatically detect and classify inhaler
sound events, (iii) the manually labelled classes within the inhaler audio signal including
(noise-1/exhalation-2/inhalation-3/actuation-4) and (iv) classification result from the
audio-based algorithm.
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Audio signal pre-processing

In both training and testing phases, the inhaler audio signal was band pass filtered
between 140-22,000 Hz to emphasise the relevant inhaler sound events (actuation,
inhalation and exhalation) and reduce background noise. In the training phase, each signal
underwent sound event segmentation (labelling) which consisted of labelling each inhaler
sound event (actuation, inhalation and exhalation) for the training process. This was
performed through an initial automatic sound event segmentation process using a
graphical user interface (GUI) which was over read by two independent reviewers. This
was carried out to label each inhaler sound event for the training process and for the
evaluation of the inhaler sound event classification algorithm in the testing phase. Figure
C2 presents the GUI employed in this study (Appendix C). Inhaler audio signals were
divided into frames of 40 ms duration with 20 ms overlap between adjacent frames giving
a frame rate of 20 ms. The DC offset was removed from each frame.

Feature extraction

Thirty audio-based features from time and spectral domains were extracted from each
frame. The full list of the features is presented in Table C1 (Appendix C). Among the
extracted features included: Twelve mel-frequency cepstral coefficients (MFCCs), 10
linear predictive coding (LPC) coefficients, energy, zero-crossing rate and a high
frequency power (over 15 kHz) feature estimated using the continuous wavelet transform
(as previously described in Section 7.1 of Chapter 7) (Taylor et al., 2014). Since the Flo-
Tone device generates a harmonic sound during inhalation, a harmonic feature was also
extracted. This harmonic feature was calculated as the peak value of the frame's

autocorrelation function, searched in the range of 500-600 Hz.

Inhaler sound classification

In this study, the classification approach was frame-by-frame. A quadratic
discriminant analysis (QDA) classification method was employed to classify each audio
frame. This method was compared later to an artificial neural network (ANN) classifier.
In the training phase, the classifier model was trained (in QDA: the mean vectors and the
covariance matrices (McMenamin and Pessoa, 2015)) from the training feature set of each
of the three inhaler sound classes (actuation, inhalation, and exhalation).
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In the testing phase, each frame was classified individually as one of four sound
classes: actuation, inhalation, exhalation, or noise. Adjacent frames from the same class
were concatenated together as one inhaler sound event segment (actuation, inhalation, or
exhalation). After pre-processing and feature extraction, the testing process (model
matching and sound classification module, Figure 7.7A) was performed in four main
steps: 1) noise estimation, 2) model adaptation, 3) frame-by-frame classification, 4)

formation of sound events by concatenation of adjacent frames.

1) Noise estimation:

Since the audio signals were recorded in different clinical environments, the
background noise was different for each signal. The background noise was estimated

using the feature vectors from the frames containing the lowest (40%) energy values.

2) Model adaptation:

To account for the variability in the sounds across different Flo-Tone devices,
adaptation of the inhalation class model was performed. This was done by initial frame-
by-frame classification by finding the minimum Euclidian distance between a frame
feature vector x and each class model mean vector p, (w = 1, ...,4). This was calculated

as;

w*(X) = arzglrniil [\/(x — )T (x— uw)] (7.4)

where w*(x) is the chosen class for the given frame.

In this approach, the classified inhalation frames were used to adapt the mean vector
of the inhalation class model. This was done by taking the average of the mean vectors of
the inhalation class model and the initial classified inhalation frames. It was found that

this simple process is quite efficient in terms of computation complexity and accuracy.

3) Frame-by-frame classification:

A QDA classification method was employed in Stage 1 to classify each audio frame.
Each frame was assigned to the class determined by a maximum probability score, as

given by;
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w* = argmax l; exp (— % (x—p)'Zt(x— pw)> P(w)l (7.5)

w=1,..4 |\/21|Z,|

where w* is the chosen class of the frame, p,, the mean feature vector of class w, X, is
the covariance matrix of class w, and £ its inverse. The prior probabilities of each class,
P(w) were determined by their frequency in the training dataset. The QDA as a classifier
model was chosen as the feature distribution of actuation, inhalation and exhalation
classes were approximately Gaussian. An example of distribution of features in the
feature space is shown in Figure 7.8A.

Once each frame was classified, a median filter (order of five) was applied to the
resulting classification output to reduce the occurrence of noise (class 1) being classified
as one of the other three inhaler sound classes (class-2 exhalation, class-3 inhalation,

class-4 actuation).

4) Formation of sound events by concatenation of adjacent frames:

Adjacent frames from the same class were concatenated to form an inhaler sound
event (actuation, inhalation, and exhalation). A duration rule was set to a minimum of
five frames (100 ms) per class (for inhalation and exhalation) to reduce false positive

occurrences of inhalation and exhalation sound events.

Feature selection

A sequential forward feature selection approach was employed to select the optimum
set of audio-based features to classify inhaler sound events. This method of feature
selection is commonly used in classification methods (Jain et al., 2000; Bishop, 2006;
Dafna et al., 2013). The criterion used for feature selection was a weighted performance
measure which accounted for the average sensitivity and positive predictive values for
actuation, inhalation and exhalation sound event classification. The weighted

performance measure that was employed for feature selection was calculated as;
J(X) = wA(Sy + P¢) + w! (S + Py) + wE(S§ + PY) (7.6)

sS4, Sk, SE are the sensitivity measures of actuation, inhalation and exhalation sound event

classification for the subset of features X. P2, P}, P are the positive predictive values,
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w4, w!, and wf are the weights assigned to actuation (w4 = 0.2), inhalation (w! = 0.2)
and exhalation (w = 0.1) sensitivity and positive predictive value measures.

Figure 7.8A illustrates a three dimensional projection of a subset of the employed
audio-based feature space highlighting three distinct inhaler sound classes (inhalation,
actuation and exhalation). Figure 7.8B presents the results of the feature selection process.
Similar approaches, including feature selection, were then applied to a feed-forward, three
hidden layer ANN to compare against the QDA classifier model.

7.2.2.3 Stage 2: Audio-based measurement of inhalation flow parameters

pMDI flow estimation participants

An audio-based flow estimation model was developed to accurately estimate pertinent
clinical measures of patient inhalation technique, such as the PIFR and volume, from
inhalation audio signals. Ten healthy participants (six male/four female, age range (21-
29)) were recruited to record a dataset of inhalation audio signals. Baseline spirometry
was performed on all participants according to ATS/ERS standards to confirm all
participants had normal lung function (Miller et al., 2005). Healthy participants were
recruited for this stage of the study only as numerous inhalation recordings were required
from each participant at a wide range of inspiratory flow rates to design and validate the
audio-based flow estimation model. This may not have been feasible with asthma and
COPD patients.

pMDI flow estimation experimental setup

In order to develop audio-based models to estimate inhalation flow parameters from
the pMDI, audio signals and PIFR/volume measurements of inhalations were required.
The top of the pMDI (where the airflow enters the inhaler during inhalation) was fixed
inside an airtight container (Figure C3 in Appendix C). A Pneumotrac 68000
pneumotachograph spirometer [Vitalograph Ltd., Co. Clare, Ireland] was connected to
the airtight container. This ensured that the airflow passed through the spirometer during
inhalation and allowed for objective measurement of PIFR and volume from the pMDI.
This method of measuring PIFR and volume through inhalers has been employed in
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Figure 7.8. Feature projection visualisation and feature selection results.

(A) Feature vector values of three classes (inhalation/actuation/exhalation) in a three
dimensional projected feature space. Feature 1 is LPC1 (ai), Feature 2 is LPC2 (a;) and
Feature 3 is entropy (H). (B) Forward feature selection results highlighting 11 selected
features which generated the highest performance measure (/=80.38%).
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previous audio-based inhaler flow estimation studies (Taylor et al., 2016a; Taylor et al.,
2016b; Holmes et al., 2013c). An illustration of the pMDI flow estimation experimental
setup is shown in Figure C3 (Appendix C).

During inhalation, airflow also passes through the reed of the Flo-Tone which is not
placed inside the airtight container. However, this had minimal effect on the inhalation
PIFR measurements from the spirometer (average inhaler inhalation PIFR measurement
using the spirometer generated an accuracy over 95%). Details of an in-vitro experiment
that compared the PIFR of pMDI inhalations measured at the spirometer and the PIFR
measured at the mouthpiece of the Flo-Tone is described in Appendix C (Figure C4 and
Figure C5 in Appendix C).

pMDI flow estimation recording protocol

Each participant was asked to exhale to full residual capacity away from the inhaler
before sealing their lips tightly around the Flo-Tone mouthpiece. Participants were then
asked to perform an inhalation manoeuvre. Each participant used a different Flo-Tone
device to account for any variability in inhalation sounds across devices and to avoid any
bias in the audio-based flow estimation model. Each participant performed 16 separate
inhalation recordings in total. Participants were first asked to perform four separate
inhalation recordings within the inspiratory flow range of 180-240 L/min. This was
followed by four separate inhalation recordings within each of the following flow ranges;
120-180 L/min, 60-120 L/min and <60 L/min respectively. The PIFR of each inhalation
was checked using the reference PIFR values from the spirometer and was presented on
a screen at the end of each inhalation to give participants feedback on their inspiratory
flow rate. This was used to guide participants towards their target PIFR for each inhalation
recording. The four inspiratory flow ranges were chosen to simulate both correct and
incorrect patient inhalation technique. Recordings took place in a designated recording
room which was not soundproof and did not have any acoustic materials installed to
reduce background noise. However, the signal to noise ratio (SNR) of the recordings was
deemed suitable to investigate the relationship between audio-based features of the Flo-
Tone inhalation signal and PIFR/IC measures (SNR= 9.5 dB for low flow inhalation

recordings, SNR= 15.6 dB for high flow inhalation recordings).
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Flow estimation audio signal processing

Inhalation audio signals were decimated by a factor of four and were then band pass
filtered between 200-5000 Hz. The inhalation audio signals were divided into frames of
50 ms duration with an overlap of 25 ms. A Hanning window was applied to each frame
to reduce spectral leakage. Three audio-based features were extracted from each audio
frame. The energy (E) of the inhalation audio signal was obtained by calculating the root
mean square. The energy feature was calculated using the RMS equation (4.5) previously
employed in Chapter 4 and Chapter 5.

The power of the fundamental frequency (Pr) was then estimated from the PSD of
the inhalation audio signal. The fundamental frequency of Flo-Tone inhalation sounds
may vary across Flo-Tone devices (approximate range of 520-570 Hz). Therefore, an
autocorrelation method was first employed to determine the fundamental frequency of
each inhalation audio signal. The total power of the fundamental frequency and first
harmonic (Pror1) was also estimated from the inhalation PSD estimate. Only fo and f1 were
considered to eliminate the effect of higher frequencies contained within actuation sounds
if the patient were to actuate during inhalation in real life scenarios during inhaler use.

The three audio-based features (E, Pr and Pror1) were extracted from each frame. The
frame with maximum fo power (Pr) was selected from each inhalation audio signal. It
was observed that this frame was unaffected by the presence of actuation sounds in
comparison to the frame of maximum energy (E). Figure C6 (Appendix C) highlights
how selecting the frame of maximum energy in a real life patient pMDI audio recordings

may influence flow rate estimation.

Flow estimation statistical analyses

Data were divided, using a hold-out approach, into a design dataset (five participants,
80 inhalation audio recordings) which was used to develop the audio-based flow-
estimation models and validation dataset (five participants, 76 inhalation audio
recordings) to validate the flow estimation models. Design and validation datasets
contained different participants to eliminate any bias or over-fitting in the flow estimation
models. The relationship between audio-based features and PIFR was first investigated.
Using the design dataset, the relationship between audio-based features and PIFR was
modelled using both linear and power law (logarithmic) regression models (as previously

employed in Chapter 6).
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In order to estimate the volume of inhalations, the PIFR estimation model was applied
to each frame of inhalation audio signals to estimate the inhalation flow profile (flow rate
vs time). The volume was estimated as the area under the curve of the flow profile and
was calculated using trapezoidal numerical integration.

To observe the performance of the flow estimation models within noisy environments
and within the presence of actuation sounds, white Gaussian noise was added to each
inhalation signal from -10 dB to 25 dB in increments of 5 dB. Gaussian white noise was
selected to model the spectral content of an inhaler actuation sound which also consists
of a flat-like broad band spectrum of frequencies (see Figure 7.6). Actuation sounds are
more prominent than background noise in the pMDI audio signals as shown in Figure 7.6
and so may have the most detrimental effect on flow estimation from the inhalation audio
signal. The accuracy of PIFR and volume estimation was assessed at each SNR level

using the following equation;

|F - F| (7.7)
F
where F and F are the estimated and actual flow rate respectively.

Accuracy (%) = 100 —

7.2.2.4 Stage 3: Assessment of patient inhaler user technique

The trained classification and flow estimation models were then applied to the full
patient dataset to assess inhaler user technique. To determine the level of agreement
between the subjective checklist (clinical reviewer checklist) and the objective audio-
based algorithm in assessing patients’ actuation coordination and inhalation PIFR, the
Cohen’s kappa statistic was computed for each critical error for each of the following;
checklist vs manually labelled audio events, checklist vs detected audio events (according
to the algorithm) and manually labelled audio events vs detected audio events. Cohen’s
kappa is measure of agreement between two raters with respect to a dichotomous outcome
while taking into account the prior probability of a specific outcome occurring (Blackman
and Koval, 2000; Redmond and Heneghan, 2006). In order to further investigate the effect
of tuition from the clinical expert reviewer on patients’ inhalation technique, a Wilcoxon
signed rank test was performed comparing the average estimated PIFR and volume of
patients’ inhalations before (recordings 1 and 2) and after tuition (recordings 3 and 4).

Finally, the percentage of patients who had poor actuation coordination or inhaled too

179



fast (PIFR>90 Lmin) on at least one occasion before and after tuition was computed based
on the checklist and the labelled and detected audio events.

7.2.3 Results

A total of 247 inhaler audio recordings were obtained from the 62 asthma and COPD
patients recruited in this study. One patient could only complete three recordings while
all other patients performed four recordings each. The training dataset consisted of 90
inhalation sound events (4,832 frames), 114 actuation sound events (808 frames) and 109
exhalation sound events (4,902 frames). The testing dataset consisted of 104 inhalation
sound events (5,500 frames), 115 actuation sound events (599 frames) and 130 exhalation

sound events (6,824 frames).

7.2.3.1 Stage 1: Automatic classification of inhaler sound events

The forward feature selection process selected 11 features to be employed in the
inhaler sound event classification algorithm. The features included MFCCs, entropy,
Harmonic, Skewness, Kurtosis, and LPCs. The full list of features selected is presented
in Table C1 (Appendix C).

The results of sound event classification using the QDA and ANN classifiers are
presented in Table 7.2. It was observed that the sensitivity and positive predictive values
of inhalation and actuation sound event classification using the QDA was over 90%
(sensitivity of 90% and 92.11% for inhalation and actuation detection respectively,
positive predictive values of 92.13% and 94.59% for inhalation and actuation detection
respectively). Frame-by-frame accuracy for the QDA was 88.2%. The ANN generated
high sensitivity values for, inhalation, actuation and exhalation detection (sensitivity of
85.38%, 91.23% and 84.62% for inhalation, actuation and exhalation detection
respectively). However, the positive predictive values generated from the ANN were
lower compared to the QDA (positive predictive values of 84.09%, 59.09% and 12.82%
for inhalation, actuation and exhalation detection respectively). Frame-by-frame accuracy
for the ANN was 65.56%. Further results from this analysis are presented in Tables C2-
C5 (Appendix C). Figure 7.7B shows an example of a patient pMDI audio signal with

examples of some audio-based features along with the labelled and classified signals.
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Table 7.2. Performance measures of quadratic discriminant analysis and artificial
neural network classification on patient inhaler audio testing dataset.

QDA ANN

Perf M |
erformance Measure Symbo Result (%)  Result (%)

Weighted

performance measure

J 80.22 73.70

Accuracy (frame-by-

Acc 88.2 65.56
frame)
Sensitivity of
] ) ] St 90 85.38
inhalation detection
Positive predictive
value of inhalation p! 92.13 84.09
detection
Sensitivity of actuation
] sS4 92.11 91.23
detection
Positive predictive
value of actuation pA 94.59 59.09
detection
Sensitivity of
) ) SE 40.77 84.62
exhalation detection
Positive predictive
value of exhalation PE 23.77 12.82

detection

7.2.3.2 Stage 2: Audio-based measurement of inhalation flow parameters

A total of 156 inhalation audio recordings were obtained for the flow estimation phase
of this study. One participant could not reach the highest inspiratory flow range; therefore
12 recordings were obtained from this participant. Sixteen recordings were obtained from
all other participants each. All three audio-based features (E, P and Prof) were
statistically significantly correlated with PIFR using both linear and power law models
(p<0.0001). It was observed that Prr generated the strongest statistically significant
correlation with PIFR using a power law model (R?=0.90 p<0.0001). The resulting flow

estimation model using the P power law model is given as;
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log(F) = 0.3183 - log(Pfof) + 7.5061 (7.8)

Table C6 (Appendix C) presents the R? values obtained from the regression models
using each audio-based feature in the linear and power law models. Figure 7.9A shows
the PSD estimates of three inhalation sounds at different flow rates showing the increase
in harmonic power with an increase in PIFR. In addition, Figure 7.9B illustrates the power
law relationship between PIFR and Pror1.

The accuracy measures of PIFR and volume estimation for all three audio-based

features using power law models across a range of SNR levels are presented in Figure

7.10.
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Figure 7.9. The relationship between PIFR and Prof1.

(A) Three PSD estimates of Flo-Tone pMDI inhalation sounds at different inhalation flow
rates. (B) Power law relationship between PIFR and Pt audio-based feature of pMDI Flo-
Tone inhalation sounds (R?=0.90, p<0.0001). The plot consists of the observed Py values
of inhalations (green data points) and the calculated regression line (thick black line).
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Figure 7.10. Audio-based inhaler inhalation flow estimation performance within
different SNR levels.

Average + standard error (shaded region) of (A) PIFR and (B) volume estimation accuracy
for three audio-based features (E, Pt and Ps) using power law regression models across
different SNR levels. (C) PSD estimates and (D) time domain signals of an original inhalation
Flo-Tone pMDI audio recording at 60 L/min along with the same audio signal at SNR= -10
dB.

The harmonic power features (Pt and Pror1) generated high accuracy consistently
compared to the energy (E) feature even within lower SNR levels, particularly below 0
dB. The Pror1 feature generated the highest accuracy across all SNR levels in both PIFR
and volume estimation as shown in Figure 7.10. Figure 7.10 also highlights how energy
based features from the time domain signal may not perform well within low SNR levels
compared to harmonic features. The average (xstandard error) PIFR and volume
estimation accuracy using a power law regression model was 88.2+0.28% and
83.94+0.05% respectively using the Pror: feature across all SNR levels. Accuracy reduced
to 68.26+0.19% for PIFR estimation and 61.83+0.01% for volume estimation using the
Pror1 linear model. The accuracy measures of pMDI flow estimation using linear models

within different SNR levels are presented in Appendix C (Figure C7).
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The Bland Altman plot presented in Figure 7.11 shows high level of agreement
between the audio-based (estimated) and spirometer (reference) PIFR and volume
measures. The reference and estimated values for PIFR and volume were strongly
statistically significantly linearly correlated (R?=0.88 for PIFR and R?=0.90 for volume
p<0.001). The mean bias between the estimated and reference PIFR and volume
measurements was 2.6 L/min and 0.12 L respectively. This highlights the reliability of
using this audio-based method to assess patient inhalation technique in clinical

applications.
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Figure 7.11. Bland Altman plot showing the relationship between the reference and
estimated PIFR and volume measures.
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7.2.3.3 Stage 3: Assessment of patient inhaler user technique

Table 7.3 presents the Cohen’s kappa agreement rating between the checklist, labelled
audio and detected audio (algorithm). All Cohen’s kappa statistics (k) were statistically
significant (p<0.0001). Both the labelled and detected audio (algorithm) analyses
generated moderate agreement with the checklist method for actuation coordination
assessment (moderate agreement being defined as 0.4<x<0.6 (Blackman and Koval,
2000)). Both the labelled and detected audio analyses generated fair agreement with the
checklist method for assessing PIFR (fair agreement being defined as 0.2<k< 0.4
(Blackman and Koval, 2000)). The labelled and detected analyses audio generated
substantial to almost perfect agreement with each other for both actuation coordination
and PIFR assessment (substantial to almost perfect agreement being defined as 0.6<x<1
(Blackman and Koval, 2000)).

It was also observed, using the audio-based algorithm, that the average PIFR and
volume of patient pMDI inhalations significantly decreased after tuition (PIFR: p=0.001,
volume: p=0.002). Details of the Wilcoxon signed rank test results comparing the average
PIFR and volume before and after tuition are given in Appendix C (Table C7 and Table
C8).

According to the checklist assessment, 90% of patients had poor actuation
coordination before tuition and this reduced to 84% after tuition. According to the audio-

based algorithm, 85% of patients had poor actuation coordination before tuition and this

Table 7.3. Cohen’s kappa statistic (k) measuring level of agreement between the inhaler
user technique checklist, labelled inhaler audio events and detected inhaler audio events
according to the audio-based algorithm.

Assessment Comparison

Labelled
Checklistvs.  Checklist )
Audio vs.
Labelled vs. Detected
) ) Detected
Audio Audio )
Audio
. Poor
o 2 .
& 5 Actuation 0.49 0.40 0.68
D
= S Coordination
o g
T E Inhaling Too
5 S J 0.36 0.38 0.83
~ Fast

185



only reduced to 82% after tuition. Regarding PIFR, it was observed using the checklist,
that 79% of patients had inhaled too fast before tuition and this reduced to 56% after
tuition. However, according to the audio-based algorithm, 89% of patients had inhaled
too fast before tuition and this only reduced to 84% after tuition. Full table of results
including the labelled audio data is available in the Appendix C (Table C9). Figure 7.12
presents an example of a patient’s pMDI audio recordings before and after receiving
tuition from the clinical reviewer. It is evident that the audio-based method can highlight

how patient inhalation technique improves after receiving tuition.
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Figure 7.12. Example of patient inhaler audio signals before and after tuition regarding
user technique from a clinical reviewer.

Classification event labels are as previously described in Figure 7.7 (1 — noise, 2- exhalation,
3 — inhalation, 4 - actuation). The audio time domain signal and classification label result
for one patient (A) before and (B) after receiving tuition regarding user technique from the
clinical reviewer. (C) Inhalation audio signal of panel (A) with its corresponding estimated
flow signal. (D) Inhalation audio signal of panel (B) with its corresponding estimated flow
signal. It is evident from the estimated inhalation flow signal in panel (C) that the patient
inhaled too fast (approximately 200 L/min). After tuition, it is evident from the estimated
inhalation flow signal presented in (D) that the patient decreased their PIFR (just under 90
L/min) which would consequently increase drug deposition in the lower airways.
Additionally, it can be observed in (D) that the patient first generates the Flo-Tone sound
before actuating the inhaler which is recommended according to the checklist. It is also
evident that the actuation sound events that are present within both the inhalation audio
signals in (C) and (D) do not affect the estimated inhalation flow signals.

186



7.2.4 Discussion

In this study, an audio-based method to objectively assess patient pMDI user
technique has been presented. This method accurately detected the presence of two of the
most common critical pMDI user technique errors; poor actuation coordination and
inhaling too fast (PIFR>90 L/min). The method was trained and tested using inhaler audio
recordings obtained from patients with chronic respiratory diseases in real life clinical
environments. By attaching a Flo-Tone device to the mouthpiece of a pMDI, it enhanced
the inhalation audio signal by generating a harmonic sound which could be used to
accurately detect inhalation events as well as estimate the PIFR and volume of patient
inhalations.

The QDA method detected actuation and inhalation sound events with high levels of
sensitivity and positive predictive values (sensitivity of 90% and 92.11% for inhalation
and actuation detection respectively, positive predictive values of 92.13% and 94.59% for
inhalation and actuation detection respectively); this generated a total (frame-by-frame)
accuracy of 88.2%. An ANN approach was also compared to the QDA method in this
study. It was observed that the ANN generated high sensitivity values of inhalation and
actuation (sensitivity of 85.38% and 91.23% for inhalation and actuation detection
respectively), however, at the cost of positive predictive values (positive predictive values
of 84.09% and 59.09% for inhalation and actuation detection respectively); this generated
a total (frame-by-frame) accuracy of 65.56%. The QDA method offers a more accurate
and less computationally complex method of detecting inhaler sound events. The audio-
based flow estimation model estimated PIFR and volume of inhaler inhalations with an
accuracy of 88.2+0.28% and 83.94+0.05% respectively across a range of SNR levels.
This suggests that the estimation of inhalation PIFR and volume using the presented
audio-based methods is unaffected by loud background noise or actuation sounds.

Using this audio-based method, it was observed that 97% (60/62 patients) of patients
made at least one critical error before tuition and 89% (55/62 patients) of patients still
made at least one critical error after tuition. This coincides with the literature that has
reported that patients are more likely to make critical errors when using the pMDI as
opposed to any other inhaler (Batterink et al., 2012; Sanchis et al., 2016). It was also
observed that 82% of patients had poor actuation coordination and 84% of patients

inhaled too fast (PIFR>90 L/min) even after tuition (according to the algorithm) (further
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details are presented in Table C9 in Appendix C). This is an alarming sign of the
prevalence of poor inhaler adherence in respiratory medicine.

The fair to moderate agreement (according to the Cohen’s kappa statistic) between
the subjective visual checklist assessment and the objective audio-based algorithm (k=0.4
for actuation coordination assessment and «=0.38 for PIFR assessment) highlights the
potential inaccuracy of checklist methods in assessing patient inhaler user technique.
Although the Flo-Tone can give healthcare professionals and patients an audible signal
during inhalation, it can still be challenging to determine at exactly what flow rate the
patient inhales at during inhaler use. Therefore, there is an urgent clinical need to
introduce objective measures of inhalation technique into clinical practice to improve the
clinical efficacy of treatment in respiratory medicine.

All of the patients recruited in this study had no previous experience with using the
Flo-Tone device which could have affected their inhaler user technique during recording.
Each patient was allowed to inhale through the Flo-Tone to hear the reed sound before
recordings took place (without feedback on their user technique). Therefore, the effect of
the application of Flo-Tone should have been minimal as they were instructed to use the
inhaler as normal. Although the inhalation and actuation detection sensitivity was over
90% for the QDA model, the sensitivity for classifying exhalation sound events was
moderate (40.77%). The main reason for this was that many patients either did not exhale
to full residual capacity prior to inhalation or they exhaled at a distance from the recording
device after inhalation. Thus, making it challenging to determine the duration of patients’
breath holding after inhalation. Future research will further investigate methods to
improve the detection of exhalation events during inhaler use. There is a consensus in the
literature, however, that there is a lack of objective evidence that reports the long term
clinical benefit of breath holding after inhalation during inhaler use. It is difficult to
quantify the clinical benefit of the breath hold event during pMDI use as there are many
critical events that significantly affect the delivered dose to the patient (Levy et al., 2016).
Two of the most significant events are the coordination between actuation and inhalation
and the flow rate of inhalation which the presented audio-based algorithm can accurately
and objectively assess. The shaking of the inhaler may be important also depending on
the medication formulation (Melani et al., 2011; Hatley et al., 2017); however, this may
be easily detectable in future audio-based monitoring systems through the use of an

additional gyroscope sensor for example.
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The analysis of critical inhaler user technique errors occurred within a very short time
frame of approximately 15-20 minutes per patient. Therefore, a significant improvement
in inhaler user technique may not have been achieved by some patients in such a short
time frame. However, currently most patients only receive subjective feedback on their
user technique during clinical consultation. This study highlights the need for repetitive
objective feedback not just at clinical consultation but also remotely during the course of
treatment in order for patients to receive maximum clinical benefit from their inhaler
medication.

Some patients who have poor actuation coordination may be instructed to use a
spacer or valve holding chamber (VHC) when using a pMDI. This can remove the
challenge of actuation coordination and increase drug delivery to the lungs (Roche and
Dekhuijzen, 2016). The audio-based method presented in this study was not tested on
recordings of inhaler use with spacers or VHCs. Future research will investigate the
performance of this audio-based method on assessing inhaler user technique with the use
of spacers and VHCs. This method could, however, highlight those who have poor
actuation coordination and may assist healthcare professionals in advising patients to use
spacers or VHCs. Furthermore, this method was tested on patients who closed their lips
around the mouthpiece (as recommended by the manufacturer of the Evohaler and the
manufacturer of the Flo-Tone device). If patients position the pMDI at a distance from
their mouth during inhalation, this may affect the sensitivity of the audio-based method.
In addition, as this study solely focused on the Evohaler placebo pMDI, it may be of
interest to test this method on other pMDI medications that generate lower/higher velocity
actuation plumes. By using the presented audio-based approach in future research, it may
be possible to detect other sound events such as sounds associated with patients who may
struggle to actuate the pMDI canister due to inadequate hand strength. This may assist
healthcare professionals in selecting a more suitable inhaler for these specific patients if
required.

The application of the Flo-Tone increases the sound intensity of an inhalation event.
This enhancement of inhalation sounds serves as an advantage for audio-based
algorithmic development but may not be ideal in certain environments. Future audio-
based studies may employ an ultrasonic acoustic device that generates inaudible harmonic
sounds that may be used to assess inhalation technique. However, the effect of giving the
patient audible feedback regarding their inhalation flow rate would be removed in this

case.
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Although the audio-based method detected that 84% of patients inhaled too fast
(PIFR>90 L/min) even after tuition from an expert clinical reviewer, there was a
statistically significant decrease in PIFR after tuition (p=0.001). This shows the positive
clinical effect of tuition on inhalation technique. Interestingly, there was also a
statistically significant decrease in inhalation volume after tuition (p=0.002). Patients are
instructed to inhale to full capacity volume when using their inhaler, hence, there should
be no significant decrease in inhalation volume regardless of the patient’s PIFR. Patients
decreasing their inhalation volume during inhaler use is another user technique error that
needs to be monitored in clinical practice. Inhalation volume was not included in the
Cohen’s kappa analysis to determine if patient’s inhaler inhalation volume was sufficient
as baseline lung volume capacity values were not obtained from patients prior to
recording. This would have required additional spirometry lung function tests which were
not available for this study given the limited time available with each patient.

The algorithm presented in this study has value for future studies for the remote
monitoring of patient inhaler use and to quantify the clinical effects of specific user
technique errors. Moreover, providing patients with objective feedback regarding their
adherence to inhaler medication using this audio-based method could significantly
improve their clinical outcomes from treatment. It could also help healthcare
professionals differentiate if respiratory health improvement during treatment is due to
changes in medication or an improvement in user technique. New objective measures of
patient user technique may help healthcare professionals further investigate the clinical
effects of co-morbidities such as cognitive impairment on patients’ adherence to inhaler
use (Baird et al., 2017; Moran et al., 2017). Improving patient inhaler user technique,
using audio-based methods, could improve the efficacy of inhaler medication, assist
healthcare professionals to select suitable inhalers for patients and improve patient

clinical outcomes in respiratory medicine.

7.3 Chapter Conclusion

One of the main goals in treating chronic respiratory diseases is ensuring that patients
receive the required doses of medication over the course of treatment. This has proven to
be quite a challenge in respiratory medicine as many patients do not use their inhaler with
the correct user technique. The studies described in this Chapter presented a novel audio-
based method which can accurately assess how patients use a pMDI, the most commonly
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used inhaler worldwide. By attaching a Flo-Tone device to the mouthpiece of a pMDI, it
greatly enhanced inhalation audio signals. The audio-based method detected critical
inhaler events such as inhalations and actuations. Moreover, the algorithm accurately
estimated the PIFR and volume of inhalations during inhaler use. This information can
be used to objectively determine the presence of critical user technique errors which may
limit the amount of drug delivered to the patient. According to the audio-based algorithm,
many patients have poor actuation coordination and also inhale too fast (PIFR>90 L/min)
when using a pMDI. The audio-based method provided a more clinically accurate
assessment of patient inhaler user technique than checklist-based assessment. The studies
described in this Chapter highlight the potential for audio-based inhaler monitoring
systems to objectively monitor patient inhaler user technique and enhance the clinical

efficacy of inhaler medication in the treatment of chronic respiratory diseases.
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Chapter 8. General Discussion

8.1 Thesis Summary

Monitoring inhaler adherence is most effective when it is objectively measured and does
not rely on subjective estimations from the patient or healthcare professional (Bender et
al., 1997). The studies detailed in this thesis aimed to develop audio-based signal
processing methods to objectively assess patient inhaler user technique. Audio-based
inhaler monitoring systems show promising opportunities to objectively monitor inhaler
temporal (when) and user technique (how) adherence, inhaler drug delivery and patients’
respiratory health non-invasively. The novelty of this thesis lies in developing audio
signal processing methods that can detect the sequence of inhaler sound events and also
estimate the PIFR and IC of inhaler inhalations. These methods can therefore obtain
pertinent clinical information regarding the efficacy of patient inhaler use. Remote
monitoring of inhaler use on a day-to-day basis can assist healthcare professionals in
assessing patients’ respiratory condition over time, identifying poor adherers and those at
risk of adverse clinical outcomes. Along with intuitive feedback, such audio-based
systems can assist health professionals in selecting suitable inhalers, therapy and dosage,
leading to more personalised inhaler therapy and enhancing the clinical outcomes of
treatment.

In order to significantly improve audio-based methods of monitoring patient inhaler
adherence, a number of studies were carried out as described in Chapters 4-7. Previous
audio-based analysis of patient inhaler use primarily focused on the Diskus inhaler
(Holmes et al., 2014a). Furthermore, the data acquisition device used in previous studies
to record inhaler audio signals was the INCA device. As the sampling rate and bit
resolution of INCA audio recordings are relatively low (8 kHz sampling rate with 8 bits

per sample resolution) this resulted in lower quality of audio signals. Therefore, the
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studies performed in this thesis aimed to provide objective measures of inhaler user
technique by extracting a range of audio-based features from audio recordings of the
pMDI and other DPIs using higher quality audio recordings (44.1 - 48 kHz sampling rate,
16 bits per sample resolution). The methods presented in this thesis provided more
scientific depth to the existing literature on audio-based inhaler monitoring systems. This
was achieved by extracting a number of temporal and spectral audio-based features from
inhaler audio signals recorded using microphones attached and distant to a range of
inhaler devices. All thesis aims were examined by the studies and are further outlined

within this General Discussion Chapter.

8.2 Main Findings of the Thesis

The studies detailed in this thesis demonstrate that audio-based signal processing
methods can provide objective measures of patient inhaler user technique. This finding
was established from carrying out a number of studies that probed different aspects of
inhaler user technique and investigated the use of audio-based based methods in analysing
events crucial for successful inhaler use. The importance of the research findings and the
lessons learnt from this research will now be critically discussed in relation to the research
questions previously posed in Chapter 3. Interpretation of the main findings will also be
discussed in the light of the previous literature as detailed in Chapter 2.

Non-contact methods may be employed to objectively measure peak inspiratory flow
rate in a range of different inhaler devices (research questions 1-2)

As previously discussed in Chapter 2, the inhalation event is the most critical event
during inhaler use. Drug delivery from inhalers is directly dependent on the PIFR of
inhalation. Although previous studies have reported the use of audio-based methods to
estimate PIFR in the Diskus using the INCA device, there was a need to investigate the
correlation between PIFR and inhalation audio-based features in other DPIs and pMDls.
The results reported in the study described in Section 4.1.3 of Chapter 4 provide evidence
to suggest that non-contact audio-based methods (using a microphone distant to the
inhaler device) can be employed to estimate PIFR in a range of inhaler devices,
particularly DPIs (Diskus and Turbuhaler) (Taylor et al., 2016b). For the first time, it was
reported that spectral features, such as the median frequency of the inhalation audio signal
(Fso), are strongly significantly linearly correlated with PIFR (R?=0.85, p<0.001 for the
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Diskus). Therefore, non-contact audio-based methods, which may be employed in a
wearable smart device, may offer healthcare professionals objective measures of

inhalation technique.

The position of peak frequencies of the power spectral density of inhaler inhalation
sounds remain unchanged regardless of flow rate at an intra-subject level (research
questions 3-4)

The study presented in Section 4.1 Chapter 4 highlighted an interesting acoustic
property of inhaler inhalation sounds in that the position of the peak frequencies of the
PSD of inhalation sounds remain unchanged regardless of flow rate at an intra-subject
level. This property was observed in the Diskus DPI, Turbuhaler DPI and the Evohaler
pMDI. Although the profile of the PSD remains consistent, the quartile frequencies (F2s,
Fso and F7s) linearly increase with flow rate making the higher frequencies of the
spectrum becoming more emphasised. Interestingly, the coefficient of variation for
spectral features across flow rates was approximately 20%. These properties of inhaler
inhalation sounds are important to note for future algorithmic development in audio-based
inhaler monitoring. The repeatability of the inhalation PSD at an intra-subject level in
Chapter 4 was observed over a short time period. However, this finding offers a baseline
to monitor changes in the PSD of inhalations sounds longitudinally. It has yet to be
reported whether changes in the PSD of inhaler inhalation sounds over the course of

treatment highlight physiological changes in respiratory function.

Audio-based features of inhaler inhalation sounds vary across inhaler devices
(research questions 5-6)

It is evident from the results reported in Sections 4.1.3 and 4.2.3 of Chapter 4 that
audio-based features of inhalation sounds are significantly different across inhaler
devices. The ANOVA analysis which statistically compared inhalation audio-based
features across inhaler devices supported this finding (p<0.001). The mechanical design
and airflow resistance of inhaler devices directly influences audio-based features of
inhalation sounds. This is evident from the differences observed in audio-based features
of inhalation sounds presented in Figure 4.2 and Figure 4.6. It was also noted that the user
may have some influence on inhalation audio-based features also. Therefore, a
generalised audio-based inhaler monitoring system (which accounts for a range of inhaler

devices) should not be recommended as each inhaler device has specific acoustic
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properties that will significantly influence the automatic classification of inhaler sounds
and the estimation of inhalation flow rate.

The turbulent energy generated within the inhaler device during an inhalation event
has a direct influence on the performance of audio-based methods to estimate PIFR. It is
evident that as pMDIs have very low airflow resistance, they generate minimal turbulent
energy and hence minimal acoustic energy during inhalations at the clinically effective
flow range (<90 L/min). This may result in much lower SNR levels being observed
compared to DPI inhalation sounds. This poses a significant challenge if audio-based

systems are to be implemented into clinical applications to monitor pMDI user technique.

Complexity features such as the Shannon entropy may be used to estimate the peak
inspiratory flow rate of inhaler inhalations (research question 7)

For the first time, the relationship between PIFR and the Shannon entropy of inhaler
inhalation sounds was investigated. It was observed in Section 5.1.3 of Chapter 5 that the
Shannon entropy is strongly significantly linearly correlated with PIFR (R?=0.82
p<0.001). It may therefore be employed to estimate PIFR in future audio-based inhaler
monitoring systems. The Shannon entropy generated the strongest correlation with PIFR
compared to spectral and power/amplitude based features. It is a temporal feature that is
energy independent; however, it is related to amplitude through the logarithm of the
amplitude range of the time domain audio signal (Yadollahi and Moussavi, 2007). As the
inhaler audio recordings were obtained in real clinical settings, it may suggest that
complexity-based features, such as the Shannon entropy, may be less susceptible to
background noise. It was reported that spectral features were significantly different across

users therefore may not be suitable to estimate flow rate using generalised models.

Non-contact inhaler inhalation sounds generate less variability than tracheal sounds
(research questions 8-10)

It was observed in Section 5.1.3 of Chapter 5 that there may exist some variability in
non-contact audio-based features of inhaler inhalation sounds across users (Taylor et al.,
2016a). The PSD of inhalations was significantly influenced by the user which may
suggest that spectral features may not be suitable to estimate inhalation flow rate using a
generalised approach. The fact that the microphone was placed distant to the inhaler and
was not physically attached to the inhaler (like the INCA device), may have introduced

more of an influence from the user’s human breath sound. Also, the position of the

195



microphone may have been more sensitive to the user’s mouth seal around the inhaler
mouthpiece which may explain some of the variability observed in the non-contact
recordings. However, it was clearly evident that inhalation sounds recorded using non-
contact methods generated much less variability than sounds recorded using a tracheal
microphone. The results from the studies presented in Section 4.2 of Chapter 4 and
Section 5.1 of Chapter 5 suggest that tracheal contact microphones are not suitable for
monitoring inhaler inhalations longitudinally as they are significantly influenced by the

user more so than non-contact methods.

Changes in dry powder inhaler inhalation audio-based features may highlight the
onset of an asthma exacerbation and the positive response to inhaler medication
(research questions 11-12)

It is unknown whether asthma patient’s inhaler PIFR changes over the course of
treatment and whether these changes relate to clinical outcomes. According to the
literature, PIFR significantly changes in COPD patients during the acute and recovery
phase of an exacerbation (Broeders et al., 2004). The PIFR of DPI inhalations may be of
interest to monitor changes in lung function as DPIs require a forced inhalation
manoeuvre to administer the medication to the patient. Therefore, if the PIFR was to
change significantly over time, this may highlight that the patient cannot generate
sufficient inspiratory force due to the onset of an adverse event such as an asthma attack.

In order to investigate the relationship between changes in inhalation audio-based
features, PIFR and lung function, eight patients undertook a bronchial challenge test to
induce an asthma exacerbation (study described Section 5.2 of Chapter 5 (McCartan et
al., 2016)). Patients performed inhalations at each stage of the BCT. It was observed that
both audio-based features and PIFR of Diskus DPI inhalations decreased with lung
function (FEV1) during an induced exacerbation. Although more data from a larger
patient cohort is required to confirm these findings, the preliminary results show
promising opportunities for audio-based inhaler monitoring systems to detect changes in
lung function before the onset of an exacerbation. Interestingly, after patients were
administered a bronchodilator, the audio-based features and PIFR of inhalations increased
showing the positive response to inhaler medication. These findings were not observed
in patients who were not responsive to the BCT (FEV1 did not decrease by 20% of
baseline). Hence, the discriminant and predictive validity of audio-based monitoring tools

show their potential for the prediction of clinical outcomes.
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The acoustic envelope (amplitude envelope) of inhalation sounds may be employed
to estimate the inhalation flow profile from the Ellipta dry powder inhaler using
only one inhalation recording for calibration (research questions 13-17)

The study presented in Chapter 6 presented a novel audio-based method of estimating
the DPI inhalation flow profile using the amplitude envelope of the inhalation audio signal
(Taylor et al., 2018a). This study was also the first study to successfully investigate the
relationship between inhalation audio-based features and flow rate in the Ellipta DPI. As
discussed in Chapter 2, the inhalation flow profile can provide pertinent clinical
information regarding inhalation technique in DPIs including the PIFR, IC and the
inhalation ramp time (Dorosz et al., 2016). Moreover, the inhalation flow profile is known
to change according to disease type and severity (Hamilton et al., 2015). Therefore, it was
of interest to investigate the use of audio-based features to estimate the inhalation flow
profile. The results presented in Section 6.3 of Chapter 6 demonstrated that the amplitude
envelope of the inhalation audio signal is strongly statistically significantly correlated
with corresponding inhalation flow signal through a logarithmic relationship (power law)
(R?>0.97 p<0.0001 across low, medium and high flow rates). The method was trained
and tested across a wide range of inspiratory flow rates generating an average flow
estimation accuracy of over 90%. Interestingly, the power law flow estimation model
relationship outperformed the linear model by over 10% in terms of flow estimation
accuracy. This finding agrees with the results of Chapter 4 and Chapter 5 in that amplitude
and power audio-based features generate stronger correlations with flow rate in the log
domain as opposed to the linear domain. This also agrees with the literature in audio-
based flow estimation (Reyes et al., 2014; Reljin et al., 2015; Taylor et al., 2016b; Taylor
et al., 2016a).

Furthermore, this novel audio-based method only requires one inhalation recording at
any flow inspiratory flow rate to calibrate an accurate model to estimate inhalation flow
profile. This offers an alternative method of developing audio-based flow estimation
models for future clinical applications. The inhalation recording required to calibrate the
flow estimation may be obtained during clinical consultation and would not require
repeated inhalation manoeuvres from the patient which poses a significant clinical
advantage if this method is to be introduced into clinical practice. The PIFR, IC and ramp
time estimation accuracy was above 80% even at an SNR of 0 dB highlighting sufficient

reliability if this were to be implemented into real clinical applications.
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Time-frequency audio-based features can be employed to automatically detect
pressurised metered dose inhaler actuations during inhaler use (research question
18)

The study described in Section 7.1 of Chapter 7 investigated the use of time-frequency
features to detect pMDI actuations (Taylor et al., 2014). It was observed that pMDI
actuation sounds contain unique acoustic properties which can differentiate them from
other inhaler sound events such as inhalations or exhalations. Actuations are quite short
in duration (100-150 ms) and contain acoustic power at high frequencies (over 15 kHz).
The CWT was employed to compute a summation of high frequency power in order to
automatically detect actuation sounds during inhaler use. The CWT offers high temporal
resolution at high frequencies which suited this analysis. An audio-based algorithm was
developed and tested on a cohort of pMDI audio recordings from patients and healthy
participants. The algorithm generated an accuracy of 99.7% highlighting that the CWT
based feature may be employed to monitor medication usage from pMDls.

An audio-based algorithm was developed and validated to detect pressurised
metered dose inhaler sound events with high levels of accuracy and sensitivity
(research questions 19-23)

It was discussed in Section 2.8 of Chapter 2 that recent studies (that were published
after Section 7.1 of Chapter 7) have employed audio-based methods to automatically
detect pMDI sound events such as actuations and inhalations (Lalos et al., 2016; Kikidis
et al., 2015). However these studies only recruited very small cohorts of healthy
participants and did not estimate PIFR or IC from pMDI inhalations. Moreover, these
studies did not analyse actuations during inhalation events but rather actuation sounds
when the pMDI was actuated into open air. This does not provide healthcare professionals
with the information required to make informed clinical decisions on patient user
technique adherence.

The study described in Section 7.2 of Chapter 7 developed and validated an audio-
based algorithm to objectively detect pMDI sound events including actuations,
inhalations and exhalations (Taylor et al., 2018c). The study employed a QDA method to
classify each inhaler sound event in order to assess patient user technique. Using a set of
11 selected audio-based features (which included MFCC, entropy, harmonic and LPC
features), the method was tested on 124 pMDI audio recordings from 31 asthma and

COPD patients. The method generated a total accuracy of 88.2% and could detect both

198



inhalation and actuation sound events with a sensitivity and positive predicative value of
over 90%. This suggested that the enhanced pMDI inhalation audio signal from the Flo-
Tone device improves the detection of pMDI inhalation sounds. Interestingly, the 11
and 12" MFCCs were selected during the feature selection process. This may suggest that
these MFCCs contain information regarding the pitch of the harmonic Flo-Tone
inhalation sound. The CWT time-frequency feature described in Section 7.1 of Chapter 7
was not selected during the feature selection process. This is most likely due to this feature
only focusing on higher frequencies (>15 kHz). Although it is suitable for actuation sound
event detection, it may not generate high performance measures for detecting inhalation
sounds. It was also observed that the ANN method did not generate positive predictive
values to the same level as the QDA. However, future research will test different designs
of ANNSs to improve these performance measures. The study showed that, for the first
time, audio-based methods can provide healthcare professionals with pertinent
information regarding pMDI user technique. More specifically, the algorithm can
accurately detect the sequence of pMDI sound events and also estimate inhalation flow
rate from the detected inhalation sounds events. This study posed as a major step forward
in audio-based inhaler monitoring systems as the pMDI is the most commonly used

inhaler worldwide.

The acoustic properties of the Flo-Tone device greatly enhance audio-based
estimation of peak inspiratory flow rate and volume of pressurised metered dose
inhaler inhalations (research questions 24-25)

It was reported in Chapter 4 that pMDI inhalation sounds generate minimal acoustic
energy in comparison to DPI inhalation sounds. This makes it challenging to objectively
estimate PIFR in pMDIs. In the study described in Section 7.2 of Chapter 7, an audio-
based flow estimation model was developed to estimate the PIFR and IC of sounds
generated during pMDI inhalation. A Flo-Tone device was attached to the mouthpiece of
a pMDlI in order to increase the intensity of the sound generated during inhalation without
affecting the pMDI resistance. The Flo-Tone starts to generate an audible harmonic signal
when the patient generates an inspiratory flow rate of 40-60 L/min. The sound has a fixed
fundamental frequency of approximately 540 Hz. It was observed that the Prr audio-
based feature (summation of power of the fundamental frequency and first harmonic) of
the Flo-Tone inhalation sound generated a strong statistically significant correlation with
PIFR through a power law relationship (R?=0.90, p<0.0001). The PIFR and IC estimation
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using the Pror1 feature was observed to be highly consistent across a range of SNR levels
(PIFR and IC accuracy greater than 80% at SNR= -10 dB). This provides evidence to
suggest that this audio-based method of estimating PIFR and IC is less susceptible to
noise even within noisy clinical environments. Furthermore, as actuation sounds generate
power at high frequencies (much higher than the first harmonic of the Flo-Tone), Profvis a
reliable feature to accurately estimate PIFR and IC even when an actuation occurs within
an inhalation event which is to be expected during real patient inhaler use. This novel
method of objectively assessing patients’ PIFR and IC during pMDI use may help to
significantly improve how patients are trained to use their inhaler.

Many asthma and COPD patients do not use pressurised metered dose inhalers with
correct user correct technique (research questions 26-27)

Section 2.1 of Chapter 2 discussed the prevalence of poor user technique adherence,
particularly amongst pMDI users. The pMDI is commonly used to deliver quick relief
rescue medication. It has been reported that 33% of COPD patients and 26% of asthma
patients use their rescue inhaler three or more times a day (Melani et al., 2011). Therefore,
it is imperative that patients know how to use the pMDI correctly. The literature suggested
that many patients do not use pMDIs with correct user technique. However, many of these
studies reported in the literature relied on subjective checklists to assess patient user
technique. Using the audio-based algorithm described in Section 7.2 of Chapter 7, 62
asthma and COPD patients were assessed before and after receiving tuition on their
inhaler user technique from an expert clinical reviewer. The study assessed patients on
two of the most common pMDI critical user technique errors; poor actuation coordination
and inhaling too fast (PIFR>90 L/min). It was observed that 82% of patients had poor
actuation coordination and 84% of patients inhaled too fast even after tuition. According
to the audio-based algorithm, 89% (55/62 patients) of patients still made at least one
critical error after tuition. This shows that there is an urgent clinical need for objective
measures of pMDI user technique in the treatment of chronic respiratory diseases. If
patients cannot receive objective feedback on their inhaler technique, this will lead to

persistently poor adherence and potentially severe clinical outcomes.
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Audio-based methods provide a more clinically accurate assessment of patient
inhaler user technique compared to subjective checklists (research questions 26-27)

The audio-based algorithm employed to assess patient pMDI user technique described
in Section 7.2 of Chapter 7 was statistically compared to a checklist based on aural/visual
assessment from an expert clinical reviewer. The Cohen’s kappa analysis reported only
fair to moderate agreement between the checklist method and audio-based algorithm in
assessing patients’ actuation coordination and inhalation flow rate in the pMDI. This
provides evidence to suggest that there needs to be a change in how patient inhaler user
technique is assessed. This study highlighted how checklist method assessment can over
estimate patients’ user technique. This agrees with previous literature discussed in
Chapter 2. It can be challenging for healthcare professionals to assess if patients
performed correct user technique, particularly with the pMDI as there are a number of
critical steps that may occur simultaneously during inhaler use. According to Fink and
Rubin (2005), the management of chronic respiratory disease is 10% medication and 90%
education (Fink and Rubin, 2005). However, if the education being given to patients is
not well informed, this can have detrimental clinical consequences. Opinions on patient
user technique are subjective and may vary across different healthcare professionals,
hence, there is a need for a new standard objective method, such as the audio-based

method described in Section 7.2 of Chapter 7, to assess patient user technique.

Audible feedback and tuition from healthcare professionals may improve patient
inhaler inhalation technique (research questions 26-27)

Another advantage of using the Flo-Tone device in the study described in Section 7.2
of Chapter 7 was that it could give patients an audible signal once they reached the
clinically optimum PIFR (40-60 L/min). However, the device does not indicate when the
patient inhales too fast as it only becomes louder with increasing flow rate. Although 84%
of the 62 patients recruited inhaled too fast with a PIFR of over 90 L/min after receiving
tuition, it was observed that there was a statistically significant decrease in PIFR
(according to the audio-based algorithm) after patients received tuition on their user
technique (p=0.001). This may be due to the tuition from the clinical reviewer or the
audible feedback from the Flo-Tone device. It is likely that it is a mixture of both.
Additionally, the clinical reviewer was trained on the sound generated from the Flo-Tone

at clinically optimal flow rates, hence, the device may have improved both the patients’
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and clinical reviewer’s knowledge of inhalation flow rate in the pMDI. Real time
feedback from sensor-based technologies such as audio-based systems on user technique
may be of significant clinical benefit to both patients and healthcare professionals as a
result. However, real time feedback should be implemented into audio-based inhaler
monitoring systems with an element of caution as patients may attempt to take multiple
doses of medication if they consistently receive negative feedback regarding their inhaler
user technique. Further research is required to investigate whether real time feedback
from audio-based inhaler monitoring systems improves user technique and patient clinical

outcomes longitudinally.

8.3 Limitations of Research

Exhalation sound event detection remains challenging

Exhalations can vary both in spectral and temporal domains across and within
patients. Additionally, patients are instructed to always exhale away from the inhaler
device. As a result, the patient usually exhales at a distance away from the inhaler and
also in a direction away from the inhaler, making it challenging to interpret exhalation
sounds. It was observed in the study described in Section 7.2 of Chapter 7 that many
patients exhaled with a low flow rate on many occasions. Although this is clinically
acceptable, exhalation sounds are commonly interpreted as background noise as a result,
even to an expert reviewer of inhaler audio recordings. This makes it challenging to
quantify the duration of a patient’s breath hold. There are currently no other inhaler
monitoring systems available, other than INCA, to assess exhalations during inhaler use.

Future research will aim to improve audio-based exhalation detection during inhaler use.

Healthy participant cohorts were recruited for certain studies

The studies described in Chapter 4, Chapter 6 and a subsection of the study described
in Section 7.2 of Chapter 7 recruited cohorts of healthy participants. This was necessary
for each of these studies to investigate the acoustic properties of inhalation sounds and
the relationship between audio-based features and flow rate. This is because a number of
inhalation recordings were required from each participant. This may not have been
possible with patients suffering from chronic respiratory diseases. Moreover, there were
no other studies in the literature that analysed the specific acoustic properties of inhalation
sounds that were reported in this thesis. Additionally, instructing patients to inhale at a
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wide range of inspiratory flow rates through different inhaler devices is not recommended
as it may confuse the patient as to how they should use their inhaler. The specific studies
obtained sufficient audio data to demonstrate the applicability of employing audio-signal

processing methods to assess inhalation technique in both DPIs and pMDls.

Limitations due to the airtight container

In certain studies in this thesis, inhalers were placed inside airtight containers and
connected to a spirometer. This was done to objectively measure PIFR through the inhaler
device. The airtight container may have influenced some audio-based features of inhaler
inhalation sounds, particularly spectral features. Although the specific values of the
audio-based features may be affected due to the airtight container, this method still
provided sufficient information regarding the acoustic properties of inhaler inhalation
sounds. Power and amplitude based features using the airtight container setup have been
previously validated using a flow sensor within inhaler devices (Seheult et al., 2014b).
Furthermore, some of the spectral properties reported in this thesis have been validated
without the use of the airtight container. Figure 8.1 demonstrates the PSD of inhalation
sounds recorded using a microphone attached to inhaler devices (Ellipta DPI and
Evohaler pMDI) without the airtight container (Taylor et al., 2018Db). It is evident that the
higher frequencies become more emphasised with increasing flow rate, indicating that
there exists a relationship between PIFR and quartile frequencies (as reported in the study
described in Chapter 4).

— lowFlow — lLowFlow
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-50 High Flow -50 l—— High Flow
- \

Powerl/frequency (dB/Hz)

0 5 10 15 20 0
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5 10 15 20
Frequency (kHz)

Figure 8.1. Power spectral density estimates of inhalation sounds at low, medium and
high flow rates in (A) Ellipta DPI and (B) Evohaler pMDI.

203



The INCA device was designed specifically for the Diskus and not for pressurised
metered dose inhalers or other dry powder inhalers

The studies described in Chapter 6 and Section 7.2 of Chapter 7 employed the INCA
device to record inhaler audio signals from the Ellipta DPI and Evohaler pMDI. The
INCA device was designed specifically for the Diskus DPI and so may not be used for
recording Ellipta DPI or pMDI audio signals in future clinical applications. However, as
INCA was the only inhaler-based monitoring system available at the time the studies were
performed, it was decided to use the device to record inhaler audio signals. The audio
signal was obtained from the INCA device and resampled to 48 kHz sampling rate with
16 bits per sample resolution for each study. Therefore, the lower quality INCA audio
signals were not used and so did not influence the analysis. The acoustic response of the
INCA device casing may have also influenced the audio analysis. As the INCA
microphone is situated inside of the device casing, it represented possible future
attachable inhaler audio device designs. Research is currently ongoing at the Trinity
Centre for Bioengineering, Trinity College Dublin, to design and validate new enhanced

inhaler audio recording devices which will be further discussed in Section 8.5.

Other limitations associated with audio-based inhaler monitoring systems

Patients use their inhalers in many different environments inside and outside of the
clinic; therefore, inhaler audio recordings may contain some level of noise. Audio-based
noise reduction methods should be considered when developing audio analysis algorithms
for inhalers. It is challenging to develop a single model for all possible noise events. For
this reason, a noise model was developed for each inhaler audio recording in the study
described in Section 7.2 of Chapter 7. The audio data obtained in this study contained
high levels of background noise but the method could still generate a high level of
performance.

Accurate estimation of inhalation flow parameters (such as PIFR and IC) may be
influenced by the inhaler design and the microphone location, particularly with pMDIs.
DPIs with greater airflow resistance generate louder audio signals compared to pMDIs
for example; therefore the location of the microphone is important. It is evident from
Figure 8.2 that the attachable microphone setup increases the intensity of inhalation audio
signals in pMDls (Taylor et al., 2018b). However, the pMDI inhalation signal generates

less acoustic energy than the DPI inhalation. As discussed in the study described in
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Section 7.2 of Chapter 7, the addition of a Flo-Tone device to the pMDI greatly enhances
the inhalation audio signal.

Audio-based inhaler monitoring systems are currently being validated in on-going
clinical trials, however, they need to be integrated into existing clinical management
systems with sufficient reimbursement in place before this technology is implemented
into current clinical work flows worldwide. Certain clinical applications may have an
issue with privacy when using audio-based monitoring systems. In terms of patient
privacy when using audio-based systems, the audio quality of ambient sounds, such as
background conversation, is poor and difficult to interpret. Generally, audio-based
analysis algorithms focus on specific inhaler events and frequency bands. This process
naturally de-identifies the individual from the recorded data. Health data is private and

users should be reminded on consent forms that audio data is recorded.
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Figure 8.2. Typical examples of inhaler audio signals using attachable and non-contact
microphone setups.

Left) pMDI, Right) DPI. The audio signals for each inhaler were recorded simultaneously
using a digital audio recorder [ZOOM, H4n, Japan]. (A) and (C) present an audio recording
time domain signal and spectrogram respectively from an attachable microphone (Knowles
SPUO0414HR5H-SB microelectromechanical systems). (B) and (D) present the same
recording time domain signal and spectrogram respectively from a distant microphone (the
internal ZOOM microphone). The sampling rate of all audio channels was 44.1 kHz (16
bits/sample, linear PCM).

205



8.4 Clinical Impact of Research

The audio-based signal processing methods presented in this research provide the
opportunity to objectively monitor patient inhaler user technique adherence. The
objective measures provided by these methods offer unbiased, clinically accurate
assessment in comparison to the patient self-reports and checklists that are currently being
used in clinical practice to assess inhaler user technique. The objective quantification of
inhaler adherence, presented in the form of intuitive longitudinal feedback, and in
conjunction with the monitoring of physiological, psychological, lifestyle, and
environmental factors, could provide a comprehensive picture of patient disease control.
It may assist healthcare professionals in initiating dialogue with the patient about health-
related behavioural issues, co-morbidities such as cognitive impairment and in
establishing new personalised strategies for behavioural changes.

Furthermore, objective inhaler adherence measures could improve the clinical
assessment of chronic respiratory diseases. COPD is usually diagnosed using spirometry
lung function tests, but it has been reported that such measurements may not provide
sufficient information regarding the response to bronchodilator medication due to the
irreversible pathophysiology of the disease (Celli, 2000). As it has been previously
reported that COPD patients’ inhaler PIFR changes according to respiratory function,
audio-based measures of PIFR may provide additional physiological data to make a more
informed clinical diagnosis of respiratory disease. Providing healthcare professionals
with objective adherence measures can improve the efficacy of treatment and help
personalise treatment to the patient also. Patients can be educated on user technique errors
they may often make and learn how to improve their user technique accordingly.
Moreover, there is an ongoing discussion in the literature regarding the clinical benefits
of stepping down patients from combination medication therapies in asthma (Koskela et
al., 2016). This aims to remove cases of over medicating patients particularly with well
controlled asthma. Recommended methods to validate inhaler medication changes are
through spirometry and subjective questionnaires (Koskela et al., 2016). However, audio-
based inhaler adherence measures could also provide pertinent information regarding the
effects of changing inhaler medication over the course of treatment for asthma patients.
Reducing the medication dosage for patients who do not need combination therapies or

large doses of single medications may significantly reduce medical costs also as a result.
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As mentioned in Chapter 2, the patient’s ability to use an inhaler device is critical in
treating asthma and COPD. The audio-based methods presented in this thesis can
highlight critical errors associated with inhaler use and be used to select a suitable inhaler
for patients. This may improve patient’s confidence towards their inhaler medication and
inherently improve adherence and the treatment of chronic respiratory diseases as a result.
Objective longitudinal monitoring of user inhaler technique by means of audio-based
systems would finally provide the opportunity to carry out patient-interaction trials for
the development of new inhaler designs and build user inhaler inhalation profiles for the
development of new medication formulations. Audio-based inhaler monitoring methods
represent a critical means of assessing adherence and drug delivery in other pulmonary
and respiratory-related diseases as well as in diseases that may involve inhalation therapy
(e.g. Parkinson’s disease, Type I and II diabetes) (Luinstra et al., 2015; Selam, 2003;
Pittas et al., 2015).

8.5 Future Research Directions

The algorithm will see you now.... Development of new audio-based inhaler
monitoring systems and their implementation into clinical infrastructure

The Trinity Centre for Bioengineering, Trinity College Dublin, Ireland are currently
designing, developing and validating new audio-based inhaler monitoring systems. The
systems will be used in biomedical engineering and clinical research to develop new
audio-based signal processing algorithms to objectively assess patient adherence using
the Ellipta DPI and pMDI devices. The prototype inhaler audio acquisition devices are
presented in Figure 8.3 (Taylor et al., 2018b). Each device will consist of the same
microphone used in the INCA device (Knowles SPU0414HR5H-SB
microelectromechanical systems), however audio will be recorded onto the device at 44.1
kHz with 16 bits per sample resolution (in comparison to 8 kHz sampling rate and 8 bits
per sample resolution in the INCA device). The location of the microphone for each of
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Figure 8.3. Current and future inhaler audio recording devices.

(A) Inhaler Compliance Assessment [INCA, Vitalograph LTD, Co. Clare, Ireland] device
attached to a Diskus DPI. (B) An original prototype audio acquisition device [Trinity Centre
for Bioengineering, Trinity College Dublin, Ireland] attached to an Ellipta DPI. (C) An
original prototype audio acquisition device [Trinity Centre for Bioengineering, Trinity
College Dublin, Ireland] attached to a pMDI. (D) lllustration of attachable and distant
microphones recording setup to select the optimum microphone location for new inhaler
audio acquisition devices.

the Ellipta and pMDI audio recording devices will be selected through a series of audio
analysis tests. These audio analysis tests will involve recording the different inhaler
mechanical sounds (actuation, drug preparation etc.), inhalation sounds at different flow
rates and exhalation sounds into and at a distance from each inhaler and extracting
pertinent features to characterise each sound. The microphone will be attached to different
locations on the inhalers using the setup presented in Figure 8.3D to select the optimum
microphone location (Taylor et al., 2018b).

The performance of other parametric and non-parametric machine learning
algorithms (linear discriminant analysis, support vector machines, random forest etc.) in
automatically detecting critical inhaler events will be investigated to further enhance
clinical assessment of patient inhaler use. Furthermore, employing normalised audio-
based features may improve the use of spectral features to estimate inhalation flow rate.
As reported in this thesis, quartile frequency features are strongly correlated with flow
rate and may be used to estimate inhalation flow rate. However, the spectral features of
inhalation sounds may vary across users. Therefore, their performance may decrease in
generalised modelling approaches. Using spectral ratio features or perhaps normalised
quartile frequency features (changes in quartile features over time) may further improve

flow rate estimation with these new monitoring systems.
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Future research will investigate if these automatic assessment algorithms can achieve
similar performance in detecting pMDI events as the algorithm presented in Section 7.2
of Chapter 7. Furthermore, research will be carried out to objectively quantify drug
delivery from the pMDI and Ellipta inhalers using the newly developed audio-based
systems. Combining these new inhaler audio recording devices with other types of
sensors may provide additional information such as patient respiratory rate, inhaler
orientation and patient location during inhaler use which may assist in understanding
pathological and environmental triggers associated with chronic respiratory disease (Su
etal., 2017; Braido et al., 2016b; Estrada et al., 2015).

Implementing these new algorithms into clinical frameworks will require
sophisticated planning. The technology and clinical data collection/interpretation
algorithms are in place for audio-based systems to be in use at a national level within 2-
3 years. The interpretation of the data from such systems and the integration into hospital
electronic patient records databases may require a longer time scale. It is an interesting
time to be involved in the development of smart technologies for health monitoring. As
these sensor-based technologies, whether it be audio or other sensors, continue to enhance
algorithmic clinical assessment, it will be interesting to see how these automated methods
coincide with human clinical diagnosis and assessment. Will automatic assessment
algorithms eventually remove human input from clinical diagnosis? An example of a
newly developed personalised adherence report for patients using previous INCA
research data is presented in Figure 8.4 (Taylor et al., 2018b). These type of intuitive
reports can highlight poor adherence and assist in improving respiratory disease

treatment.
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Figure 8.4. Monthly INCA patient adherence summary reports that have been used in
clinical practice.

(A) Number of doses taken by the patient over the previous month. The orange horizontal
line represents the target number of doses per day according to the prescribed medication.
(B) Summary of temporal adherence with each data point representing a dose. A green data
point represents correct user technique, orange represents a technique error and red
represents a missed dose. (C) Example of an audio recording of the patient inhaling at an
insufficient PIFR (<35 L/min). Panel (C) is not usually part of the monthly patient adherence
summary reports but was added here to demonstrate the audio signal of the most common
technique error over the course of the previous month. (D) Summary timeline with specific
information regarding technique errors, missed doses and extra doses over the course of the
previous month. As can be seen, this patient had poor temporal and user technique
adherence. The audio analysis algorithms detected that the patient persistently could not
generate a sufficient PIFR while using the Diskus DPI. According to this report, insufficient
PIFR was recorded in 35% of this patient’s inhaler audio recordings over the month. Patient
data were obtained in an observational study that was approved by the Beaumont Hospital
Research Ethics Committee in Ireland (09/58).

Get it off your chest: Estimating pertinent inhalation flow parameters using other
forms of physiological signals such as respiratory inductance plethysmography

The limitations to using the airtight container setup to objectively measure the PIFR
of inhaler inhalations have been previously discussed. Another possible method of
estimating inhalation flow parameters could be through the use of chest and abdominal
RIP analysis methods. It was previously discussed in Section 2.9 of Chapter 2 that RIP
may provide useful physiological information regarding thoracoabdominal movement;

however, they require specific calibration methods. It has yet to be reported, however, if
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there exists a significant correlation between PIFR of inhaler inhalations and features of
RIP chest and abdominal respiratory signals. If inhaler PIFR could be estimated using
RIP methods this could remove the need for an airtight container or any flow sensors
embedded into the inhaler device. It would also allow for inhaler audio recording without
any possible influence from the airtight container or internal flow sensors on the inhaler
audio signals. Thus, extracting specific features from the RIP signal could possibly be
employed to calibrate audio-based flow estimation models for inhalers. Figure D1
(Appendix D) shows an example of a chest RIP signal from a healthy participant along
with the corresponding flow and audio signals of inhalations through an Ellipta DPI. RIP
and flow signals were recorded using a BioRadio physiological data acquisition device
[Great Lakes NeuroTechnologies, Ohio, USA]. It can be observed that the negative slope
of the RIP chest signal may be related to the PIFR of inhaler inhalations. However, further
investigation is required to quantify the relationship between audio-based features, PIFR
and RIP features, particularly with patients suffering from asthma and COPD.

Eye know you can do better than that!: Developing new objective measures of
patient inspiratory effort during dry powder inhaler use

It was thoroughly discussed throughout this thesis that many patients cannot generate
the sufficient inspiratory effort to reach the optimum PIFR when using a DPI. Although
audio-based methods can objectively measure inhaler PIFR, they cannot measure how
much physical effort patients put in to their inhalation. This makes it challenging to
determine whether any observed changes in PIFR over time are related to impaired lung
function or due to a lack of inspiratory effort from the patient. There are limited methods
to measure inspiratory effort in patients with chronic respiratory disease. A study by
Zénon et al. (2014) reported that increases in physical effort (as measured using a hand
dynamometer) elicits an increase in pupil size (Zénon et al., 2014). It may be of interest
to investigate changes in pupil size during an inhaler inhalation. A pilot study will be
performed to analyse pupillometry signals during inhalation from a cohort of healthy
participants (n=20). The hypothesis is that there is a significant change in pupillometry-
based features (e.g. pupil size and rate of change of pupil size) when the participant
inhales with maximum effort as opposed to moderate effort. Each participant will perform
inhalations at moderate and maximum inspiratory effort through two simulated inhaler
resistances; low and medium. As the PIFR of inhalation will change according to inhaler

airflow resistance, this approach aims to determine whether changes in pupillometry
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features are associated with inspiratory flow rate or effort. Electrocardiography and RIP
data will also be recorded from participants during the experiment. Figure D2 (Appendix
D) presents preliminary data consisting of pupillometry signals (recorded from The Eye
Tribe eye tracking device [The Eye Tribe, Denmark]) during moderate and maximal
inspiratory effort inhalations through a medium resistance channel (Ellipta DPI). It can
be observed that the average pupil size of the maximal effort signals is greater than the
average of the moderate effort pupil size signals. However, more data is required to
determine this relationship more quantitatively. This method may translate to a wearable
headset with eye tracking technology embedded to be used in clinical consultations to
objectively determine patient inspiratory effort. Combing this type of physiological data
with audio-based assessment of inhaler user technique may provide a more
comprehensive assessment of patient inhaler use.

Additionally, recent studies have reported that respiratory muscle mechanomyogram
can be used to measure inspiratory effort and can give an estimate of the efficiency of the
mechanical activation of inspiratory muscles (Sarlabous et al., 2017). It may be of interest
to investigate the applicability of employing these methods to measure inspiratory effort

during inhaler use.

It’s not what you say, it’s how you say it: Using audio-based features of speech for
the objective evaluation of interpersonal communication between patients and
healthcare professionals and its role in predicting patient adherence
Communication style and patient-clinician relationships are critical for adherence and
optimal delivery of intervention (Cleland et al., 2007; Butler et al., 2013; van Boven et
al., 2016). However, communication strategies may not be standardised across healthcare
professionals. Communication training is therefore crucial for optimising health
professionals’ communication skills (Kelley et al., 2014). Studies have reported the use
of audio-based features of speech to objectively measure interpersonal communication
levels (De Looze et al., 2014). Extracting the fundamental frequency (fo), intensity and
articulation rate of speech audio signals can capture prosodic accommodation between
two speakers (De Looze et al., 2014). It may be of interest to investigate the correlation
of these objective measures of communication between healthcare professionals and
patients and patient adherence. This could assist in improving communication between
healthcare professionals and patients and optimising clinical consultations to improve

patient inhaler adherence. Furthermore, objective measures of interpersonal
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communication levels could be employed with audio-based measures of adherence to
predict patient adherence over the course of treatment.

8.6 Final Conclusion

The research questions posed in Chapter 3 have been answered during the course of
several studies. The main findings of this thesis indicate that the developed audio-based
signal processing methods can be employed to objectively assess patients’ inhaler user
technique in both pMDIs and DPIs. The audio-based methods developed in this thesis can
provide objective information regarding the sequence of inhaler events and also the flow
rate of inhalation. This creates the opportunity for healthcare professionals to make more
informed clinical decisions regarding patient inhaler adherence and the efficacy of inhaler
medication during treatment. Moreover, providing objective feedback to patients, using
the presented audio-based methods, may improve their inhaler user technique. The
conclusions drawn from the experimental results described in this thesis are informative
with regards to topics of recent debate in the clinical literature on inhaler adherence, build
on recent biomedical engineering studies in the research area of audio-based inhaler
monitoring systems and have a number of clinical implications. Directions for future
research are proposed which may extend on the audio-based signal processing methods
described in this thesis.
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Appendix A: Chapter 4 Supplementary Material
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Figure Al. Power spectral density estimates of inhaler inhalations through different
inhaler devices.

The PSD estimates present 10 inhaler inhalations from one participant at 40-50 L/min for
(A) Diskus DPI, (B) Turbuhaler DPI and at 150-200 L/min for (C) Evohaler pMDI
demonstrating high repeatability.
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Appendix B: Chapter 6 Supplementary Material

Table B1. Average peak inspiratory flow rate values from inhalation flow profiles for
each participant.

Participant No. PIFR - High PIFR — Medium PIER — Low
(L/min) (L/min) (L/min)
1 79 64 i
2 107 66 4o
: 132 54 44
4 134 60 23
£ 102 66 43
6 97 53 2
U 134 53 -
8 100 62 43
2 70 55 s
10 123 52 -
L 113 58 .
12 115 61 10
e 142 61 -
14 129 64 s
= 126 65 m
16 83 63 -
17 87 9 .
18 88 . .
s 112 62 -
20 N/A 57 i
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Table B2. Average inspiratory capacity values from inhalation flow profiles for each

participant.

Participant No. IC — High (L) IC — Medium (L) IC-Low (L)
1 1.90 1.28 0.94
2 2.33 1.19 0.96
3 2.86 1.98 2.07
4 3.09 1.31 0.84
5 2.61 1.73 1.40
6 2.64 1.61 1.01
7 2.53 1.57 1.11
8 2.16 1.88 1.48
9 2.68 1.98 1.45
10 3.95 2.98 2.48
11 2.36 1.20 0.92
12 3.73 2.07 1.45
13 4.02 1.18 0.71
14 3.27 2.03 1.28
15 4.09 2.84 2.28
16 1.82 1.25 0.95
17 2.47 1.75 1.80
18 2.36 1.81 0.87
19 2.57 1.88 1.20
20 N/A 1.84 1.45
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Table B3. Average ramp time values from inhalation flow profiles for each participant.

Participant No. Tr —High (ms) Tr — Medium (ms) Tr — Low (ms)
1 304 306 390
2 223 155 146
3 134 251 240
4 188 175 245
5 409 344 336
6 563 770 464
7 168 244 317
8 329 314 214
9 485 239 241
10 335 470 390
11 270 195 171
12 232 373 280
13 164 176 341
14 254 299 243
15 315 376 562
16 577 347 436
17 193 258 302
18 597 361 400
19 286 407 448
20 N/A 281 285
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Appendix C: Chapter 7 Supplementary Material

Recl Rec2 Rec3

Checklist
Y/N Y/N YIN

Does the patient hold the inhaler upright, with their
thumb on the base and their index/middle finger on the
top of the canister, and the inhaler facing towards
them?

Does the patient exhale sufficiently (breathe out as far
as comfortable) prior to inhalation?

Does the patient place their teeth around the Flo-Tone,
without biting the mouthpiece, and close their lips
around it correctly?

Does the patient inhale through their mouth?

Does the patient inhale at an appropriate flow rate
suitable for metered dose inhalers? (Is the whistle too
loud or not heard at all?)

When hearing the Flo-Tone, does the patient press
down on the canister to release the aerosol?

Does the patient continue to inhale steadily, slowly and
deeply after they actuate the inhaler? (Does the Flo-
Tone still generate a sound after the canister is
pressed?)

After a full inhalation, does the patient hold their
breath? (up to 10 seconds)

Does the patient exhale after holding their breath?

Figure C1. Inhaler user technique checklist used for patient pMDI recordings.

Rec4

Y/N
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Figure C2. Graphical user interface for labelling inhaler audio frames.

The graphical user interface (GUI) allows each inhaler audio signal to be manually labelled
for the training process and for the evaluation of the inhaler sound event classification
algorithm in the testing phase. Once an audio signal is loaded into the GUI, the audio time
domain signal as well as the spectrogram of the audio signal are displayed. From here, each
sound event can be manually labelled. Additionally, each labelled sound event can be played
to assist the labelling process. The labelled signal (pink) is also shown. Once the labelling
process is complete, the user can save a segmentation text file which contains the labelling
information of sound events for the corresponding audio signal.
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Table C1. Audio-based feature set employed for inhaler sound event classification.

No. of Selected
# Feature name Feature symbol
features Features
1 Energy 1 E -
2 Pitch 1 fo -
g8 Zero crossing rate 1 Z -
4 Harmonic 1 p *
5 Shannon entropy 1 H *
Linear predictive coding
10 ai-aio *a1,a2
coef.
7 Skewness 1 Sk *
8 Kurtosis 1 K *
9 Wavelet power 1 \ -
Mel-frequency cepstral *C1, C3, Cg, C11,
12 C1-C12
coef. C12

* Selected

- Not Selected
Comparison between quadratic discriminant analysis with artificial neural
network:

A feed forward artificial neural network (ANN) with three hidden layers was
compared to the quadratic discriminant analysis (QDA) method described in this study.
The ANN performance measures generated using 11 selected features from the QDA
feature selection process are presented in comparison to the QDA results in Table C2 and
Table C3. In order to assess whether the selected features were biased only to the QDA,
a sequential forward feature selection process was also performed with the ANN. It was
observed that the ANN feature selection selected eight optimum features which included:
E, Z, fo, Co, C22, C30, a1, and as. The performance measure results generated from the
training and testing datasets using the eight ANN selected features with QDA and ANN

classification methods are presented in Table C4 and Table C5.
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Table C2. Performance measures of quadratic discriminant analysis and artificial
neural network classification methods on training dataset using 11 selected features
from quadratic discriminant analysis feature selection.

Performance Measure

Weighted performance

measure
Accuracy (frame-by-frame)

Sensitivity of inhalation
detection
Positive predictive value of
inhalation detection
Sensitivity of actuation
detection
Positive predictive value of
actuation detection
Sensitivity of exhalation
detection
Positive predictive value of

exhalation detection

Symbol

Acc

SI

PI

SA

SE

PE

QDA

Result (%)

80.38

90.88

82.93

92.73

98.25

90.32

48.62

26.77

ANN

Result (%)

65.28

52.74

82.93

79.69

95.61

36.95

52.29

10.16
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Table C3. Performance measures of quadratic discriminant analysis and artificial
neural network classification methods on testing dataset using 11 selected features from
quadratic discriminant analysis feature selection.

Performance Measure

Weighted performance

measure
Accuracy (frame-by-frame)

Sensitivity of inhalation
detection
Positive predictive value of
inhalation detection
Sensitivity of actuation
detection
Positive predictive value of
actuation detection
Sensitivity of exhalation
detection
Positive predictive value of
exhalation detection

Symbol

Acc

SI

PI

SE

PE

QDA

Result (%)

80.22

88.20

90

92.13

92.11

94.59

40.77

23.77

ANN

Result (%)

64.51

52.98

83.08

66.26

91.23

48.6

54.62

12.18
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Table C4. Performance measures of quadratic discriminant analysis and artificial
neural network classification methods on training dataset using eight selected features

from artificial neural network feature selection.

Performance Measure

Weighted performance

measure
Accuracy (frame-by-frame)

Sensitivity of inhalation
detection
Positive predictive value of
inhalation detection
Sensitivity of actuation
detection
Positive predictive value of
actuation detection
Sensitivity of exhalation
detection
Positive predictive value of

exhalation detection

Symbol

Acc

SI

PI

SA

SE

PE

QDA

Result (%)

67.07

90.81

87.81

54.27

99.12

82.48

10.09

13.25

ANN

Result (%)

74.17

65.50

86.18

92.17

93.86

49.30

87.16

11.54
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Table C5. Performance measures of quadratic discriminant analysis and
artificial neural network classification methods on testing dataset using eight
selected features from artificial neural network feature selection.

Performance Measure

Weighted performance

measure
Accuracy (frame-by-frame)

Sensitivity of inhalation
detection
Positive predictive value of
inhalation detection
Sensitivity of actuation
detection
Positive predictive value of
actuation detection
Sensitivity of exhalation
detection
Positive predictive value of

exhalation detection

Symbol

Acc

SI

PI

SA

PA

SE

PE

QDA

Result (%)

71.02

88.64

90.77

58.42

98.25

91.06

13.85

19.36

ANN

Result (%)

73.70

65.56

85.38

84.09

91.23

59.09

84.62

12.82
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Figure C3. pMDI audio-based flow estimation experimental setup.

Blue arrows indicate the airflow during the inhalation recordings. Airflow passes through
the spirometer to measure peak inspiratory flow rate (PIFR) and volume during inhalation.
Airflow also passes through the reed on the Flo-Tone which was accounted for in the in-vitro
experiment described in the next section of Appendix C.

Comparing the peak inspiratory flow rate measurements at the spirometer and the
Flo-Tone mouthpiece:
Methods:

In order to ensure that the flow measurements obtained from the spirometer
represented the true flow measurements of the participant’s inhalation (and not influenced
by the additional airflow at the Flo-Tone reed aperture), an in-vitro experiment was
performed relating the PIFR recorded from the spirometer to the PIFR recorded from the
mouthpiece of the Flo-Tone. This was performed by connecting the Flo-Tone mouthpiece
to a high capacity vacuum pump [HCP4, Copley Scientific] and Critical Flow Controller
(air valve) [TPK 2000, Copley Scientific]. The flow pump simulated inhalations through
the device at 10 flow rates between 20-100 L/min, which covers the clinically relevant
inspiratory flow rates for pMDIs (the flow pump setup was calibrated up to 100 L/min
also so it was not recommended to exceed 100 L/min). The setup for this in-vitro
experiment is shown in Figure C4. The PIFR recorded from the spirometer was compared

to that of the reading on the vacuum pump.
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Figure C4. Inhaler flow measurement setup comparing difference in measured PIFR
between the spirometer and inhaler mouthpiece.

Result:

It was observed that the difference between the PIFR measurements obtained from
the spirometer and the vacuum pump was almost negligible (4.65+2.54% error (mean +
SD)). There was a highly statistically significant linear relationship between the PIFR
measured at the spirometer and at the mouthpiece (vacuum pump) (R?=0.99, p<0.0001).
This linear relationship is presented in Figure C5. Therefore, this indicated that the flow
measurements obtained from the pneumotachograph spirometer were reliable

measurements of flow through the Flo-Tone mouthpiece.
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Figure C5. Linear relationship between flow rate measured at the inhaler mouthpiece
(pump) and the spirometer (R?=0.99, p<0.0001). Equal line is also plotted (grey).
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Figure C6. Example of a patient pMDI inhalation audio signal.

An example of a patient actuating the inhaler to release medication during inhalation at
approximately 0.6 s into an inhalation (placebo inhalers were used in this study so no active
medication was administered). (A) Audio time domain signal of pMDI inhalation audio
signal. (B) Energy of each frame. (C) Power of the fundamental frequency for each frame. It
is evident that selecting the frame of maximum energy may be influenced by the actuation
occurring at 0.6 s in the audio signal.

Table C6. R? values describing the relationship between Flo-Tone inhalation audio-
based features and PIFR in the pressurised metered dose inhaler. All R? values were
highly statistically significant (p<0.0001).

Flow Estimation

E Pro Prof1

Model
Linear Model 0.87 0.88 0.62
Power Law Model 0.87 0.87 0.90
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Figure C7. Audio-based pMDI inhalation flow estimation performance within different
SNR levels using linear models.

Average + standard error (shaded region) of (A) PIFR and (B) IC estimation accuracy for
three audio-based features (E, Pro and Pror) using power law regression models across
different SNR levels.

Wilcoxon signed rank test analysis comparing inhaler PIFR and volume before and
after tuition:

If a patient did not inhale before tuition or did not inhale after tuition they were discarded
from this statistical analysis as at least one inhalation was needed to compare before and
after tuition. This was the case for 16 patients where they did not inhale either before or
after tuition. A further four patients were removed from this analysis across labelled and
detected audio data due to the presence of outliers in the PIFR and IC values according

to Grubbs’ outlier test (p<0.05).

Table C7. Wilcoxon signed rank test results comparing median difference in PIFR
between before and after tuition.

) ] ) Wilcoxon
Audio Dataset  No. patients Median o p-value
Statistic
Labelled 41 36.69 669 0.002
Detected 42 39.53 709 0.001
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Table C8. Wilcoxon signed rank test results comparing median difference in inhalation
volume between before and after tuition.

) ) ) Wilcoxon
Audio Dataset  No. patients Median o p-value
Statistic
Labelled 41 0.22 594.5 0.034
Detected 42 0.39 696.5 0.002

Table C9. Percentage (%) of patients who made critical user technique errors (poor
actuation coordination and inhaling too fast) before and after tuition.

Critical User Technique Error

Poor ) )
) Poor Inhaling Inhaling
Actuation )
o Actuation Too Fast Too Fast
Coordination o
Coordination (before (after
(before . o -
. (after tuition) tuition) tuition)
tuition)
Checklist
(Clinical 90 84 79 56
é reviewer)
é Labelled
< Audio 82 79 87 81
= (GuI)
£
= Detected
= Audio 85 82 89 84

(Algorithm)



Appendix D: Chapter 8 Supplementary Material
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Figure D1. Physiological signals obtained during Ellipta DPI inhalations with
increasing flow rate.

(A) Audio signals of inhaler inhalations. Inhalation audio signals were sampled at 44.1 kHz
at 16 bits per sample resolution using a ZOOM recorder [ZOOM, H4n, Japan]. (B)
Inhalation flow signal of inhaler inhalations recorded using a spirometer connected to a
BioRadio acquisition system [Great Lakes NeuroTechnologies, Ohio, USA]. (C) Respiratory
inductance plethysmography (RIP) signal obtained from the chest of a healthy participant
during inhaler inhalations using an RIP belt connected to a BioRadio acquisition system. In
order to simultaneously record the signals, the Ellipta DPI was placed inside a closed custom
built acoustic chamber which was fitted with sound proof material to reduce background
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noise (opened in the picture just for illustrative purposes). The spirometer was connected to
the inhaler mouthpiece to measure the inhalation flow signal. A mouthpiece was fitted to an
aperture in the acoustic chamber to allow the participant to perform inhalations as they wore
the RIP belt around the chest. Flow and RIP signals were sampled at 250 Hz. It can be
observed that the negative slope of the RIP signal corresponds to the peak flow rate of each
inhalation. Hence, this could be a feature employed to estimate PIFR from chest RIP signals
in future studies.
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Figure D2. Using pupillometry methods to develop new objective measures of
inspiratory effort during dry powder inhaler use.

(A) and (B) present the recording setup for the pupillometry pilot study. Pupil size,
electrocardiography (ECG), RIP and flow rate signals are recorded during inhalation using
the BioRadio device. Participants are instructed to focus, with minimal blinking, on a visual
que presented on a screen. Participants are then given a visual cue to inhale at a specific
inspiratory effort (moderate or maximal). (C) Four pupillometry signals for each of moderate
(blue) and maximal (red) inspiratory effort from one participant inhaling through a medium
resistance channel using the In-Check Dial. The In-Check Dial device simulates the medium
resistance of an Ellipta DPI. The average of the four moderate (thick blue) and maximal
(thick red) inspiratory effort pupillometry signals are also presented. The black marker is the
time at which the visual cue was presented to the participant instructing them to inhale. A
median filter of order 7 was used to remove eye blinks.
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